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Abstract 
Redeployment refers to a dynamic relocation of available ambulances to compensate for the loss 
in coverage due to busy vehicles. Undisciplined repositioning can result in a conflict with 
personnel interests and induce unnecessary fatigue. This paper provides a linear binary 
formulation to deal with maximizing coverage while restricting provider workloads. 
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Introduction 
 
Adequately increasing service coverage is one of the main challenges for emergency medical 
service (EMS) managers. Ambulance redeployment is one strategy to potentially help to increase 
coverage when some ambulances become unavailable. However, relocating may not always be 
possible and/or practical due to EMS professionals’ workload restrictions. Excess repositioning 
movements can yield undesirable fatigue and back pain for providers. Hence, the EMS 
dispatcher is faced with two main issues with respect to redeployment decisions; when relocation 
should occur and what ambulance(s) should move.  

The current study presents a linear binary model for dynamically relocating idle available 
ambulances assuming that the closest ambulance will be dispatched to an incoming call. 
Workload considerations imposed with regard to dynamic redeployment are handled with a 
constraint in the mathematical formulation. The model is essentially a location problem to 
dynamically assign possible available ambulances to potential stations considering staff 
workload to maximize coverage.  

Location and relocation of ambulances in the EMS literature has been approached in 
three main streams: static, dynamic and stochastic approaches.  These three categories are 
elaborated in a review article (Brotcorne et al. 2003). Static models can be mostly applied at the 
planning stage since they disregard the stochastic and dynamic nature of real-time operations. 



The Maximal Covering Location Problem (MCLP) is one of the earliest static models (Church, 
R.L. and ReVelle 1974). In this paper we build upon an MCLP formulation to decide on 
relocation movements as well as available vehicles’ final locations while taking personnel 
workload into consideration in a real-time decision making process. To the best of our 
knowledge, the latest extension of the MCLP, the dynamic MCLP (DMCLP), has been proposed 
by Zarandi et al. (2013). The DMCLP deals with an MCLP formulation considering T periods to 
help managers to make daily or hourly plans and handle demand fluctuations. Formulation of 
large-scale DMCLP is addressed by a simulated annealing algorithm to propose solutions for 
more than one period. However, owing to the metaheuristic nature of their approach, there are 
some errors compared to the optimal solution. Our proposed work differs from the DMCLP in 
the problem definition and dynamic approach. The current study proposes a real-time model that 
can be run anytime decision making is needed. 

Since real-time relocation decisions can be supported in practice by GPS technology and 
recent advances in computing systems, dynamic and real-time approaches have received 
increasing attention in recent literature. To approach ambulance redeployment dynamically, an 
approximate dynamic programming formulation has been developed to address complexity of 
large state space and maximize the number of calls served within a given threshold (Maxwell et 
al. 2009). Also Rajagopalan et al. (2008) utilize a tabu search algorithm to minimize the number 
of necessary ambulances in a dynamic environment with a required number of available 
ambulances. Results are verified by calculating ambulance busy probabilities and via a 
simulation model using a real data set. Gendreau et al. (2005) provide an integer linear 
formulation to handle dynamic repositioning of ambulances to maximize expected covered 
demand. They consider a fixed number of stations to be relocated as a constraint to induce 
disciplined redeployment movements. One of recent probabilistic model that deals with EMS 
repositioning applies a two-dimensional Markov chain model to analyze the performance of a 
compliance table policy (Alanis et al. 2013). Alanis et al. (2013) also mention that redeployment 
strategies can conflict with providers’ concerns, due to increasing the required time for personnel 
to spend in their ambulances, and may result in fatigue and back pains.    

The present paper will simultaneously handle real-time repositioning decisions and 
dynamic personnel workload requirements to reach a balanced and practical strategy. The 
remainder of the paper is organized as follows: in the next section we describe the general 
dynamics of an EMS system, possible states and also corresponding possible events can cause 
the system state change. The mathematical formulation, related parameters and decision 
variables will be discussed afterwards. A numerical study to show the efficiency and ability of 
the model will be provided in a computational results section. Finally, comments on the model 
validation, its performance and future possible studies will be presented. 
 
System states and events 
 
In this section we describe the dynamics of an EMS system.  Consider an EMS systems 
operating with a fixed number of vehicles during a specific time window, T.  At some time point 
t, the system state can be defined by the status of idle and busy ambulances. An idle vehicle’s 
status includes accumulated busy time of the vehicle personnel and also the current vehicle 
location at time t. A busy ambulance’s status consists of its expected remaining service time, its 
current location and the accumulated busy time of the ambulance staff at time t.  The 
accumulated busy time of an ambulance is made up of the total time, since the beginning of the 



horizon, that the ambulance has spent either in service or travelling.  The ambulance may travel 
for several reasons: to respond to a call, to transport patients, and to relocate. While we keep 
track of accumulated busy time, our decisions only directly impact this time through relocation 
moves. Incidents that cause the system status change are called events. Possible events include a 
call arrival, service completion of a busy ambulance, and relocation movements. In this study, 
we consider a system that is monitored in real-time; that is, the system status is known 
continuously.  We assume that when a call arrives the closest available vehicle is sent.  Then 
whenever the system status changes, the dispatcher must decide whether to relocate vehicles in 
response to this change.  The relocation decisions are handled via a mathematical model 
formulation.  Details about the computational time and handling of several events occurring in 
quick succession are discussed below. 

Figure 1 depicts system status and events along the time axis. Let line (A) show the 
moment when the dispatcher is willing to decide whether relocation should occur or not and if so 
what are the best movement/s. Hence, (A) can be any event mentioned above that causes a 
change in system, for instance, suppose a call has just arrived at (A). First, the closest available 
ambulance is sent and the system status is updated.  Then, a relocation decision will be made.  
Suppose the time to make the decision by applying the mathematical model is   this time is 
small, but not zero. The run-time of the model should not be more than average chute time of 
ambulances in practice. If no other events occur during , then the dispatcher will relocate 
ambulances according to the model recommendations and the system status is updated. 

 

 
Figure 1- System status and possible events 

 
On the other hand, during time  two other types of events,  and	 , could occur. Let 

denote the event that a busy ambulance becomes available. In this case, the system status will 
be updated and relocation decision will be made again, i.e. the system will be back to (A). Let  
denote the event that a new call arrives in the system. If this event occurs, system status should 
be modified and relocation decision model should be rerun. Again, the system is reset back to 
(A). 



Next, let line (C) show the moment at which the relocation decision is made (the model 
has run and a recommendation is made). Repositioning movements will be accomplished in 
time	 . Similarly, two events  and	  might occur during this time. Event  occurs when a 
busy ambulance completes its service and is ready to be back to a station. In this case, the final 
destination of ambulances on the road due to relocation could be assumed as current status and 
relocation decision will be made for the ambulance that just released from the service and all 
other available ambulances (like returning to (A) where ambulance on the move are assumed to 
have reached their location). Let  denote the event that a new call arrives. System status 
update in this case could be postponed until relocation movement completion and closest 
ambulance will be dispatched for the call. Finally, let relocation movements be completed at 
moment (E), then and we can consider the dynamic process returning to line (A).   

 
Mathematical formulation 
 
This section presents a linear binary formulation to maximize the coverage by possibly 
repositioning available ambulances at time t. Model parameters and decision variables notations 
are described in Table 1. The following mathematical model avoids same successive 
redeployments, round trips between two stations and long trips for relocation movement. Also it 
will restrict unnecessary and unacceptable workload for personnel and consequently avoid 
fatigue/backache and decreased efficiency of EMS providers due to relocation trips. 
 

Table 1- Summary of notations 
Global Parameters 

N Total number of ambulances in the system 
n Number of available ambulances 
D Set of demand zones 
V Set of ID numbers of Idle ambulances 
W Set of waiting sites/potential stations 
T Total hours of a shift 

 Set of stations that cover zone i 
 Set of potential stations not violating maximum travel time for relocation from site j 

γ Maximum allowed workload of each ambulance in a shift 
 Travel time from Wj to Wk    

Dynamic Parameters 
T Current time in the shift, (0, )t T  

 Proportional demand of demand zone i D  
 Binary parameter, 1  if a vehicle is currently located at Wj , 0 otherwise 

 Maximum allowed accumulated busy time of each ambulance at time Tt   
 Accumulated busy time of vehicle v at the moment of decision making 
 Binary parameter, 1 if vehicle Vv is	located	in	 Wj  

Decision Variables 
 Binary variable, 1 if ambulance moves from Wj to Wk  , 0 otherwise 

 Binary variable, 1 if i D  is covered after relocation decision, 0 otherwise 
 Binary variable, 1 if vehicle is located at Wj after relocation, 0 otherwise 



 
At any point in time, we know the current system status.  Thus in Table 1 below, the 

parameters represent the state of the system at time t, just before the model is run.  The objective 
function seeks to maximize coverage of demand zones in equation (1). Constraint (2) updates the 
location of ambulances in stations after the relocation decision is made. Constraint (3) implies 
that demand zone 	 ∈ 	is covered only if at least one ambulance is moved from any station to a 
station in  or an ambulance was already located in  and did not move after repositioning 
decision.  
 
MCLPW: 
Maximize 
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In constraint (4) at most one ambulance can move to each station. Also from each station 

at most one ambulance can be relocated to another station through constraint (5). Constraint (6) 
avoids relocation movement from location  to any location  in case no ambulance was already 
located at . Restriction over workload of each ambulance at time  is considered dynamically in 
constraint (7). Acucumulated busy time of each ambulance including total previous service time, 
travel time and relocation time plus relocation decision made at time  should not exceed a 
specific amount . This parameter will be computed dynamically according to equation (12): 
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Each time the decision maker runs the model,  needs to be computed. This parameter is 

controling workload of personnel dynamically. Finally round trip is avoided through constraint 



(8). Constraints (9), (10) and (11) determine decision variables to be binary. Solving the model 
and different cases will be discussed in the next section.  
 
Computational results 
 
The maximal coverage model with workload restriction (MCLPW) presented in the previous 
section was coded in CPLEX 12.4 with MATLAB and run on an Intel Core i5 processor at 2.83 
GHz and 8GB of RAM. Model performance is evaluated in this study in two steps. As mentioned 
previously, ignoring the workload constraint, the proposed model is conceptually the same as the 
Maximal Covering Location Problem (MCLP). However, decision variables in the model of this 
study constitute repositioning movements and ambulance locations update after relocation 
decisions. Therefore in the first step, results of the proposed model ignoring workload restriction 
will be compared with MCLP results. In the second step we evaluate the original proposed model 
through both a toy case and using a real data set from an EMS agency. 

Having omitted constraint (7), in the first step, it is expected to have the same result as 
the MCLP. The toy case, shown in Figure 2, includes six demand zones and six potential waiting 
sites. There are two available ambulances located in zones two and zone six in the moment of 
running the model. Proportional demand and also covering zones of each zone are shown in 
Figure 2. The optimal solution of both models (MCLP and MCLPW) yield 100% coverage by 
locating two ambulances at zone two and zone five. Repositioning should occur form zone one to 
zone two and from zone six to zone five according to our model. 
 

 
Figure 2- Toy case: six demand zones/potential stations and two available ambulances 

 
Table 2- Travel time between zones in minutes for scenario one 

- 1 2 3 4 5 6 
1 0 3 9 4 7 10
2 3 0 10 8 4 7 
3 9 10 0 12 8 7 
4 4 8 12 0 6 10
5 7 4 8 6 0 5 
6 10 7 7 10 5 0 

 
In step 2, the original proposed model (MCLPW) will be evaluated over the toy case with 

different scenarios. There are some other assumptions required to be considered for this step. It is 
assumed that shift includes 12 hours ( 12T ) and personnel are not willing to work more than 



10 hours )10(  per shift. Travel times for relocation movement and patient transferring to 
hospital and also service on the scene will be considered as work for providers. Furthermore 
average service time for an ambulance at each hour could be between zero and 54.78 minutes. 
Two scenarios are assumed for the Toy case in this step. Scenario one supposes the model is 
running at first hour of the shift )1( t . According to equation (12), upper bound of constraint (7),
 , is 50 minutes. Also accumulated busy time of ambulance in zone one and zone six are 50 
minutes and zero respectively. Assumed travel time between zones is demonstrated in Table 2. 
Given these parameters, it is not expected to have redeployment from zone one because 
accumulated busy has already reached the upper bound of constraint (7). MCLPW will provide 

65r  equals one which means that the ambulance initially located in zone six is the only 

ambulance which should be relocated. Also maximal coverage will decrease to 0.98. The second 
scenario assumes t equals 2 so  is 100. Accumulated busy time of both ambulances is assumed 
to be 54.78 minutes. Travel time between zones is shown in Table 3. In this case since travel 
time between zone five and six will exceed the allowed upper bound, the proposed model will 
result in 15r and 62r equal one. Therefore our model found other possible relocation movements to 

keep maximum coverage one. 
 

Table 3- Travel time between zones in minutes for scenario two 
- 1 2 3 4 5 6 
1 0 3 9 4 7 10
2 3 0 10 8 4 7 
3 9 10 0 12 8 7 
4 4 8 12 0 6 10
5 7 4 8 6 0 46
6 10 7 7 10 46 0 

 
Next, both steps will be done for a real data set obtained from Mecklenburg County, 

Charlotte, North Carolina. It is a region that covers almost 540 square miles with a 2004 
population of 801,137 (Rajagopalan et al. 2008). As shown in Figure 3, the county is assumed to 
be gridded to 168 demand zones. Each zone is 4 square miles )22(  . Demand zones with 
proportional demand less than 0.0001 are ignored and in total 150 demand zones are considered. 
EMS of this county received about 50,000 calls in 2004. Actual road map travel time is 
considered as the distance measure. Ambulances and call locations in one year are depicted in 
Figures 4 and 5, respectively. Also it is assumed that a demand zone is covered if at least one 
vehicle is located within 8 minutes of the zone’s centroid. Table 4 summarizes parameters after 
data analysis of actual calls in 2004. Model performance will be interpreted based on these 
parameters.   

 
Table 4- Information after data analysis 
Call arrival rate 5.56/hour 

Interarrival time of each call 10.79/minutes 
Average Service time 54.78 minutes 

Service rate 1.02/hour 
Shift 12 hours 

Mean chute time 48.6 seconds 



 

 
Figure 3- Mecklenburg County gridded to 168 demand zones 

 

Figure 4- Ambulance locations served in 
Mecklenburg County in one year 

Figure 5- Locations of calls received during one 
year in Mecklenburg County 

 
The first step compares the MCLP’s and MCLPW’s performance ignoring constraint (7) 

over the real data set. It is assumed there are 17 ambulances available in the moment of decision 
making and their initial locations are known. Also it is supposed that there is at most one 
ambulance in each station. Optimal coverage and final location of ambulances results from both 
models are the same in this case as well. Table 5 demonstrates the comparison results for two 
instances and the real data set. We have compared performance of both models using some other 
cases as well. It can be claimed that ignoring workload constraint, the proposed model yields the 
same final vehicle locations as the MCLP. However our model is providing more information 
regarding to repositioning movement ( ijr ) that can be applied to control workload of personnel in 

the system. 
 

Table 5- Comparison between proposed model performance ignoring constraint (7) and MCLP  
Instance Proposed model coverage MCLP coverage Run time(sec) of presented model 
Toy case 1 1 0.111814 

Real data set 0.5925 0.5925 0.623822 
  



 
Figure 6- Relocation movements from initial random location for 17 available ambulances resulted from 

running the proposed model with workload constraint at second hour of the shift 
 
Finally in step 2, the original proposed model will be applied for real data set. It is 

assumed that model is needed to be run at the second hour of the shift )2( t . The number of 
available ambulances is 17. Accumulated busy time for each ambulance is randomly generated 
between zero and 54.78 minutes. Also it is supposed that ambulances are randomly located in the 
centroid of 17 demand zones. Assumptions regarding to  and T are the same as for the toy case. 
The maximum coverage result from the MCLPW model considering workload constraint is 
0.5925. According to Table 5, this result is exactly as same as step one result. In our 
computational experiments, the proposed model has been run for several trials considering and 
ignoring constraint (7). The MCLPW model is able to achieve optimal coverage in all trials, even 
with workload constraints.  This is because, as long as there are several ambulances that have not 
reached their workload limit, there are many relocation moves that can achieve the same end 
result. However, it is interesting to note that relocation movements are different and for some 
trials less number of repositioning moves resulted from the model run considering constraint (7). 
Figure 6 illustrates one trial run result with the above assumptions. In this figure simple dots 
shows stations/demand zones centers. Circles show the initial locations of 17 available 
ambulances that are randomly generated. Asterisks demonstrate final optimal location resulting 
from the proposed model in the trial. Red lines illustrate relocation moves from initial locations 
to final ones. The blue line shows the geographical border of state. The solution to the problem 
that considers the workload constraint generally results in fewer moves than the solution without 
workload constraint but tends to achieve the same coverage. Average run time for several trial 
runs of the real data set is 0.61 seconds. Considering workload constraint did not affect run time. 
This is a good result, as short run times are crucial for real-time decision making process. 



Conclusion  
 
This study developed a real-time model to relocate available ambulances of an EMS agency and 
maximize the coverage. The proposed model includes several constraints to reflect reality as 
much as possible. The new maximal coverage model can avoid long trips and round trips. Also it 
controls personnel workload dynamically. At time t a dispatcher runs the model due to an event 
resulting in a system state change in order to decide whether relocation should occur or not and if 
so what are the best moves. The proposed model is evaluated in two steps. 

The efficiency of the model has been illustrated through several examples. According to 
Table 4, the average chute time in the real data set is about to 48 seconds, well under the model 
run times of 0.61 seconds obtained when using the real data set. This implies that the dispatcher 
can run the model several times whenever a new event occurs in the system yielding a system 
state change. As ongoing work, we will be simulating the dynamic process over a real-data set to 
evaluate the model performance in more detail. Patient priorities, different types of ambulances 
or combining this model with different dispatching strategies are other possible future studies.  
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