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An adaptive approach to the dynamic vehicle dispatching problem
with an application to emer gency medical services

Abstract

When there is an incident, emergency service must be provided at the scene as quickly as
possible with minimum delay. In many cities, there is a statutory obligation for the ambulance
service to arrive within a certain limit of time. A current practice of such dispatching is on a
First-Come-First-Served basis. As a result, patients with critical illness who call later may
have to wait whilst less serious cases are taken to hospital first. In this research, we show that
sending the nearest ambulance to the newly arrived request is not efficient under limited
resources, given that patients are prioritized. The problem is formulated as a real-time
dispatching model which is solvable by an adaptive dynamic programming approach. The
results demonstrate that the overall system efficiency can be improved with increasing the
system capacity and reducing the delay.

Keyword: Ambulance location and relocation; Dynamic vehicle dispatching; Dynamic
programming; Emergency service; Historical information; Triage of patients



INTRODUCTION AND BACKGROUND

In emergency situations, a high priority must be placed on saving life. When there is an
incident, emergency services, comprising police, fire fighters and ambulance services, must
be provided at the scene as quickly as possible. This paper concerns ambulance dispatching.
In many cities, there is a statutory obligation for the ambulance service to arrive on scene
within a certain time limit. For example, the United States Emergency Medical Services Act
requires that in urban areas 95% of requests should be reached within 10 minutes, while those
in rural areas should be served within 30 minutes (see Bal and Lin, 1993). In United
Kingdom, the target set by the London Ambulance Services for immediate life-threatening
calsis 8 minutes (Thakore et al., 2002). In Japan, average time of ambulance arrival on siteis
about 6 minutes. To help meet these targets, ambulance location, allocation and relocation
models are necessary. In general, location models determine the server or facility locations
where the ambulances are dispatched from; allocation models decide which vehicle to be
dispatched for a specific call; and relocation models reposition idle vehicles to cover areas
which are unprotected.

Ambulance location and relocation models were studied since 1970’s, and can be broadly
classified into deterministic models and probabilistic models (Brotcorne et al., 2003; Galvao
et al., 2005). Deterministic models are usually used in the planning stage. An early model of
this type is the location set covering model due to Toregas et al. (1971), with the objective of
minimizing the number of ambulances needed to cover al demand points. Their model
considers a set of demand points and a set of potentia vehicle locations. Each demand point
represents a geographic area to which service must be provided, and it is to decide the
minimum number of locations that can cover all demand points within a specified distance
and hence response time. A shortcoming of the model is that it ignores the unavailability of
the ambulances when one is dispatched for a request. To rectify this limitation, Church and
ReVelle (1974) suggested an alternative approach. In their maximum covering location model,
the objective is to maximize the sum of demand covered. Since the number of ambulances is
limited, the model may alow some of the demand points not to be covered. To guarantee a
better service with limited resources, Gendreau et al. (1997) suggested a double standard
model. While all demand in the area concerned should be reachable within an acceptable time
or distance, a certain proportion of the area must be reachable within a higher standard. In
contrast, probabilistic models are used at the operational level. Parameters, for example travel
times, the locations of patients, the demand for and the availability of ambulances, are treated
as random variables. One of the first probabilistic models for ambulance location is due to
Daskin (1983), who maximized the expected coverage of the ambulances, each of which has a
probability of being unavailable to answer a call. ReVelle and Hogan (1989) maximized the
demand covered with a given probability.

With the designed positions and dimension of the vehicle fleets, such ambulance or
emergency management system is usually operated with a decision support tool, having two
sub-problems: an allocation problem and a redeployment problem (Gendreau et al., 2001).
The alocation problem, which is sometimes referred to as the dispatch problem, considers



which ambulance to send to a patient or request. In the literature, heuristic rules are normally
used for the dispatching decision. Assuming all incoming requests are urgent and of the same
priority, an intuitive decision would be to send the nearest or quickest ambulance to the
requests without any delay. Less urgent calls may be held manually or serviced subject to
longer maximum waiting. To help meet the targets of adequate coverage and minimum
service, aredeployment problem is employed to rel ocate the ambulances when idle.

MODEL FORMULATION AND SPECIFICATION

On the supply side of the emergency medical services, we assume that in the planning stage
the set of vehicle locations or medical centres have aready been identified, and there are a
limited number of ambulances associated with each of these medical centres. When a call is
received, the EMS dispatching centre decides which ambulance or ambulances from which
locations to assign to the call (we do not differentiate between the ambulances from a station
or skills of medical crew). Once an ambulance is dispatched for atask it is not available until
it finishes the task and returns to the centre. There is aso a schedule of working hours for the
medical crew. Therefore, the number of available ambulances varies over time. The vehicles
may also be redeployed to another centre for improving the backup coverage.

The requests for medical services arrive over a day. Typicaly, a cal arrives at the EMS
dispatching centre, and the status of the patient is evaluated and prioritized for their level of
severity. This triage process is different between countries or authorities. A typical procedure
IS to categorize the calls into three levels (Gendreau et al., 2001; Andersson and Varbrand,
2006); urgent and life-threatening calls, less urgent calls which are not life-threatening, and
non-urgent calls. A priority-based dispatch system responds urgent cals immediately,
meeting the coverage target as set out by law. Less urgent calls and non-urgent calls can be
treated with alooser response-time restriction, being revised periodically in practice.

Variabledefinitions

The dynamic problem is considered in a discrete time fashion over the discrete time instants
t:{O,L...,T}, where T is the length of planning horizon and O specifies the current stage.

Assume a set of locations i e | where ambulances are dispatched from and a set of potential
demand zones j € J . A task (task and call for service will be used interchangeably) ae A,

located in j, € J, calls to the EMS dispatching centre requesting a service at atime t. We
can further partition the set of tasks by their time of calling, as A € A. In the notation of

Dynamic Programming, t is the stage and i is the state of the system. Let

T = the number of periodsin the planning horizon

t = discrete time instant, witht ={0,1,...,T}

I = the set of locations where ambulances are dispatched from, indexed by i
A = the set of tasks over the planning horizon, indexed by a

J = the set of potential demand zones, indexed by |,

A

= the set of taskswhich arrive at timet, with U A = A
teT



The decision variables of the model are the flows of vehicles to tasks and vehicle
repositioning to another location or idling in the same location. Movement of vehicles
involves a cost, and rewards are received if atask is served by a vehicle. New resources of
vehicles may become available over time with the work schedule of the day. For each i,k e | ,

ae A andteT, wedefine

Xt = thenumber of ambulances from location i assigned to task a at time t

Yie = thenumber of empty ambulances from location i repositioned to location k at timet
Tiaa = theservicetime for an ambulance fromi serving task a at timet

Ty« = thetravel time for an ambulance travelling from location i to location k at timet

Cy = thereward for assigning avehicle fromi to servicing atask a at time't

di« =thecostsof relocating avehicle fromitok at timet

Ri = the number of new ambulances becoming available at location i at time t (i.e.

schedule of workforce)

The vaue of x takes a binary form of {0,1} since we assume that only one vehicle is

needed for each task. This can be relaxed by allowing atask to call for more than one vehicle,
and in that case al vehicles must be originating from a same location. Otherwise we can
model the task as a number of sub-tasks of one vehicle.

A deter ministic mode

Firstly we will present a deterministic dynamic model which incorporates both current and
future demands. All demands in the first (i.e. the current) period are known, and that all
demands in future time periods are forecast. While the locations of ambulances are associated
with a set of medical centres, it is difficult to model the exact location of each forecast
demand. For modelling purpose, the potential locations of forecast demand are aggregated
into zones. The assignment of ambulances to requests and the reposition of ambulances to
other locations can be captured by an assignment model as follows

max iZ{ zciatxiatzdiktyikt] 1)

t=0iel | ac A kel
subject to
( D Xt + zyiktJ( ina,t—‘riat + zyki,trkt}_ Ri,iel,teT (2)
aeA kel aeA kel
> %a <1, ac A, teT 3
iel
Xat: Vi =20 i,kel, ae A, teT 4)

The above model is specified in a simultaneous form. The objective function Eg. (1) is to
maximize the overall benefit or rewards of the job assignment minus costs of vehicle
repositioning with a policy (xiat, yikt) over the planning time horizon. Eq. (2) defines the
conservation of vehicles during each time instant, where the number of assigned and rel ocated



vehicles in each location should be equal to total available resources, including newly
available vehicles and aso those which completed their tasks or relocated from the previous
time periods. It is assumed that a vehicle, once it has finished its task, returns to the centre
from which it is dispatched. Eq. (3) guarantees each task will not be serviced more than once,
and Eq. (4) is the non-negativity constraint of the control variables. The model aso alows a
cal to be rgjected if it isin alower priority and the number of available ambulances is low.
Since our am is to determine the assignment policy a t = 0, as the demand for t >0 is
forecast, alarge T would produce a good enough approximation on arolling horizon basis. An
example with a horizon of threeisillustrated in Fig. 1.

Each of the calls is associated with a priority or level of urgency. From the point of view of
the dispatcher, the prioritization of calls can be weighted with the parameter ¢, , which
defines the reward for assigning a vehicle from i for servicing atask a at timet. A typical am
of a digpatching centre is to minimize the overall delay to all calls, and therefore an intuitive
definition of the reward is areward for handling a task related to its priority minus a function
of thedelay fromito j,.

I:I Available ambulance O New request

§ Relocated ambulance @ Held request

—> Assigning avehiclefora  --- Holding atask (non-urgent
task call)

-> Relocating a vehicle

Figure 1. A dynamic ambulance allocation and relocation model
Let
da  =thepriority of task a, g, = {1,2,3}
Mo, = thereward for handling atask of priority g,
hy  =thetravel timefrom locationi to location j, to servetask a at timet, converted into
the unit of reward. We have
Cat =fg, —Nat, 1€, @A, teT (5)

Alternatively the model can be formulated as a recursive form, which will facilitate the
analysis later on. Let S; be the total number of vehicles to be available in location i at time't

from al sources, and we have



St=Ri+ { Z Nat-riy T Z Yii t-7¢ J (6)

acA kel

Define J to be the expected cost of a dispatching policy. The model can be specified
recursively as follows

I (8)= max > Zciatxiat_Zdiktyikt:|+‘Jt+1(S(+l) (7)
Xiat Yikt jc| | ac A kel

subject to
[inat"'zyikt =S, i€l (8)
acA kel
inatﬁl’aept 9
iel
Xigt:) Vie 20 1, kel , ae A (10)

where S ={S;,iel}.

A stochastic model

A stochastic model is also introduced to handle uncertainties in forecast demand. Randomness
in the demand is introduced as probabilistic locations of a call arriving in the future. The
framework takes the recursive form so that the recourse function can be approximated in
various ways in the solution algorithm. Please refer to Wong et al. (2007) for the details.

SOLUTION METHODOLOGY

A possible approach in solving dynamic programming model is to calculate the recourse
function explicitly for each state. However, computational complexity of the presented model

IS O((I -S)TJT), and solving the model in practice is computational intractable. Algorithms

for an approximate solution are usually used. An agorithm using the gradient approximation
developed aboveis presented as follows.

Step 0. Set a maximum number of iterations N, Set 2;°=0 and z;°=0. Setn=1
andt=0.

Step 1. Forward pass. For the current n and t, solve the alocation and relocation
problem:

J(s)= max Z! D CiatXiar — Z(dikt - zks,’trl_ll)}’ikt (11)

Xiat Yikt | | ac A kel
subject to
[inatJrZYiktj—St,iE' (12)
acA kel



D X <1, a€ A (13)

iel

Xiat’yiKtZOi’kEI ,aEAt (14)
Step 2. Once the x; and y; in Step 1 isdetermined, update S.;; if t<T,thent=t
+landgobackto Step 1. If t =T, go to Step 3.
Step 3. Backward calculation of gradients. For the current n and t, we update Z?’”

with 23" = C(S,,¢;)-C(S,¢,), where C(S,, ¢) is the maximum total rewards

of vehlcle assignment, for given vehicle repositioning from the previous
iteration and S; for the current iteration. We can obtain left or right gradient at

the point of solution with ¢; and ¢, settings, which are vectors in the form of
c={c,i e1}. If there are no vehicles repositioned to location i at time t-1, i.e.

Z Ykit-1=0, 22" stands for the additional benefit of having an extra vehicle

kel
inlocation i at timet, and we have ¢, = (0,...,1,...,0) with 1 for the ith element
and 0 otherwise, and ¢, =(0,...,0). If > y,i1 >0, 23" is computed as the

kel
negative consequences of removing a repositioned vehicle, by letting
¢ =(0,...,0) and ¢, =(0,...,~1,...,0) with -1 for the ith element and O

otherwise. C(S,¢) is obtained by solving the maximization problem:

= maxz zciatxiat (15)
Xiat jel acA
subject to
D Xat <Si+G,iel (16)
acA
D Xt <1, a€ A (17)
iel
X 201i€el ,aeh (18)
Step 4. Smoothing. Set 29" = a"27" + ( )z,f’” -
Step 5. Ift>0,thent=t-1and go back to Step 3.
Step 6. Terminateif n = N; otherwise set n=n+ 1 and go to Step 1.
In Step 3 above, we can see that the value of 2,? " will be large when the certain region or

whole of the system is busy in the next time period. However, Z? " is not larger than the

maximum setting of G in any case, because an actual call is moreimportant than a predicted
one of the same priority in the future. On the other hand, if the system is not busy and there

are plenty of vehicles idle, the value of 2?” is diminishing. Step 4 adopts a stepsize

smoothing function ¢ "in smoothing the approximation. It is a quantity between 0 and 1, and



Is referred to as the smoothing constant. A typical choice of the stepsize is 1/n, a declining
function with the iteration number.

EXPERIMENTAL RESULTS

To demonstrate the relative performance of the proposed methodology, a ssmulation model is
setup to test against different scenarios. We will test the model against deterministic aswell as
stochastic settings of the problem. To capture the spatial manner of the ambulance dispatching,
a network is created, in which nine potential demand zones and four medical centres are
located in the network. Once thereis acall to the dispatching centre, the dispatcher will assign
ambulances from one of the medical centres for the call (or reject it). Travel time on each of
the links is assumed to be one unit (5 minutes here), and therefore all potential locations are
covered by a quickest response of 5 minutes. The corners are subject to less (but acceptable)
coverage than those on the boundary or in the centre of the network. For the details of the
setting of the problem, please see Wong et al. (2007).

Deterministicruns

We first perform experiments on deterministic datasets. The dispatcher solves the whole
period problem using forecast demand which is assumed to be deterministic. The gradients
used in the adaptive algorithm are estimated from 50 training iterations. To eliminate the
variation due to randomness, the evaluation of the solution in this section is computed from an
average of 20 runs. Fig. 2 shows the total reward received in a simulation period against
different demand intensity for myopic and adaptive strategies. Since the optimal solution is
unknown to us, the reward is expressed as a percentage against the maximum possible reward
received if no requests are rejected. The maximum possible reward is about linear to the
number of requests. Both myopic and adaptive strategies reach 100%, i.e., the optimal
solution, a a number of calls of 50. As the number of requests increases, the system is
overloaded and not able to take up al the calls, and therefore the percentage of gain decreases,
in which the rate of drop for the myopic strategy is steeper than that for the adaptive strategy.
The adaptive strategy outperforms the myopic one by improving the overal efficiency. It is
shown in Fig. 3 that the adaptive agorithm can consistently service more calls compared to
myopic. Thisis probably due to the relocation of ambulances, which can save the travel times
in the future operations. Table 2 displays the quality of services for Urgent calls, represented
by a target of waiting period for the both strategies tested. We can roughly estimate the
capacity of the medical system as 320 calls, which is an overestimation of 40 vehicles each
taking maximum 8 tasks in 4 hours without idling. At the demand level of 300, 96.5% and
98.8% of Urgent calls can be reached within 5 minutes and 10 minutes respectively with the
adaptive strategy. These percentages are 80.9% and 96.1% with the myopic a gorithm. When
the demand is increased to 600, with the adaptive strategy the percentage for urgent calls
dropped dlightly to 92.9% and 97.9%, in contrast to the heavy decline to 56.1% and 66.7% for
the myopic one. This confirms the purpose of our dynamic model that suggests holding
resources for future critical instances, without sacrificing too much the benefit of the current
events.
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Table 2. Target of waiting period of 5 minutes and 10 minutes for Urgent calls: Deterministic

cases
Number of Myopic, Myopic, Adaptive, Adaptive, 10

cdls 5 mins 10 mins 5 mins mins

50 100 100 100 100
100 97.5 975 97.5 97.5
150 92.2 94.0 95.3 97.1
200 83.7 93.3 95.5 98.7
250 83.1 94.9 95.8 98.9
300 80.9 9.1 96.5 98.8
350 78.1 93.6 94.4 99.4
400 72.7 89.8 93.7 99.6
450 68.2 85.5 93.3 99.0
500 63.2 75.5 92.3 98.5
550 58.3 717 93.1 98.4
600 56.1 66.7 92.9 97.9
650 52.4 61.6 92.2 97.8
700 49.4 58.3 924 98.0

Stochastic Runs

We have also performed the numerical tests for Stochastic Runs in which there is uncertainty
in the demand forecast. The sets of future tasks are given in probability and therefore
unknown to the dispatcher at the time of making decisions. Due to the limit of spaces, the
details on the the capability of the model in stochastic environment is discussed in Wong et al.

(2007).

CONCLUSIONSAND SELF EVALUATION

Prioritization of requests is becoming a standard procedure in practice, and this paper is one
of the first in trying to incorporate this component into the ambulance dispatch problem. In



the near-capacity situation, it is suggested that keeping or relocating vehicles to strategic
locations could benefit the demand in the future. We formulate the problem with the objective
of maximizing the reward gained for serving a request, showed as equivalent to minimizing
the total delay incurred. The problem is formulated in a dynamic programming context, which
suffers from the “curse of dimensionality” in applications of practical size. We propose a
dynamic adaptive algorithm for solving the problem, approximating the gradient of the
recursive subproblem in a linear form. Deterministic and stochastic settings of the problem
are experimented with.Our model provides a guideline for accepting or not a current call with
the computation of values of resources currently and in the future. Of course, rejected calls
which are lower in priority would be kept track of by the operators for possible upgrading if
needed. This model is particular useful in near-capacity conditions of dispatching, in which
the tactical locations of medical centres and fleet of ambulances are aready fixed.
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