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ABSTRACT

In this work we provide an approach for simulating and op-
timizing the emergency supply in a run-up to a mass event.
For a given set of hospitals, transport vehicles and injured
suffering from common injuries, our algorithm simulates the
workload of provided transport and medication capacities,
e.g., doctors. In addition to standard methods, our algo-
rithm considers how a patient’s individual waiting time until
medication impacts the corresponding course of disease. We
use Simulated Annealing with transition probabilities favor-
ing a balanced workload of vehicles and doctors as optimiza-
tion strategy. We show that using this strategy speeds up
convergence and leads to better results compared to Greedy
and standard Simulated Annealing with an underlying equal
transition probability. Finally, we briefly discuss how dif-
ferent initialization strategies affect the performance of the
provided algorithm.
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1. INTRODUCTION

In recent years, the number and frequency of major events
such as concerts, demonstrations and sport events have con-
siderably increased. Additionally the average number of at-
tendees is still growing (e.g., the audience of football games
[9] or rock concerts). Apparently, the high number of at-
tendants carries a tremendous risk. Apart from the danger
of terrorist attacks, factors that at first glance appear triv-
ial can cause mass panic with many injured people. Today,
units involved in the treatment of injured such as police,
fire brigade or doctors are frequently pushed to their lim-
its (e.g., Love Parade disaster in 2010 with 21 victims [19],
mass panic in the Heysel Arena [2] in 1985 with 39 victims
and earthquake in Turkey in 1999 with 12000 victims [21]).
Clearly, the preparation and planning of safety measures for
mass events has gained in importance. In order to medicate
all casualties as good and quickly as possible, the transport
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Figure 1: Care of injured and crowd at music event.
The high number of injured and difficult access to
them poses new challenges for involved units.

and waiting times have to be minimized. In addition, the
casualties need medical care by qualified personnel. One
key factor of safety measures is the allocation of transport
vehicles as well as capacities in hospitals. A determination
of adequate demands before a specific mass event is non-
trivial, and often the allocated capacities turn out to be not
sufficient. The reasons for these deficits are twofold. First,
organizers aim at a high profit. Thereby, they risk a poor
treatment in case of unlikely accidents. Legal restrictions
and simulations can help to address this problem. Second,
the assignment of casualties to transport vehicles and hospi-
tals is not optimized these days leading to an overall unbal-
anced workload. Nowadays, the selection of a hospital per
injured is usually taken ad-hoc, sometimes even after the
transport has already been started. For that purpose, the
injured are categorized into injury groups. Patients with
severe injury will be preferred. However, discussions with
the chief officers of a health department at the city council
have motivated the need for a more detailed classification.
Often, a longer waiting time will affect the patients’ state of
health leading to a falsified prioritization. To improve the
process, we propose the definition and consideration of func-
tions over time for all injuries reflecting the corresponding
course of disease (cf. section 3.1 for a detailed explanation
of the groups and functions). The first main contribution
of the paper is a new approach to efficiently simulate and
optimize the emergency supply in a run-up to a mass event.
The simulation tool optimizes the assignment of casualties
to transport vehicles and physicians in hospitals considering
the total waiting time until medication. Note that casu-
alties are assigned only to those physicians who are able to
medicate the specific type of injury. We apply Simulated An-
nealing along the line of Job Shop Scheduling problems (JSS)
with transition probabilities favoring a balanced workload of



vehicles and doctors as optimization strategy. Subsequently,
the results can be both used for identification of bottlenecks
in patient care and construction of rough assignment plans.
The second main contribution is the introduction of func-
tions reflecting the course of disease for each injury. These
functions prove to be a crucial factor during the optimiza-
tion process. The third main contribution is an evaluation
of our method simulating a practical example in the con-
text of a football match at the arena of Frankfurt/Main
during the FIFA soccer world cup 2006 in Germany. For
the given example, we compare our method with a Greedy
assignment strategy as applied nowadays and classic Simu-
lated Annealing. The last contribution is a discussion how
different initialization and transition probabilities effect the
performance of Simulated Annealing. The remainder of this
work is structured as follows. In Section 2 we will review re-
lated work. Section 3 first introduces the technique of triage
and subsequently explains the concept of penalty functions.
Thereafter the sources of data are described which we have
used for our simulations. The transformation into a math-
ematical model and optimization algorithms are introduced
in Section 4. Section 5 contains results of our empirical sim-
ulation. Section 6 concludes the paper and discusses future
research.

2. RELATED WORK

Public security has gained a lot of interest in recent years.
[15] use genetic algorithms and a vehicle assignment heuris-
tic to solve a logistics model for delivery of critical items
in a disaster relief operation. The public funded research
projects SOGRO [17] (Instant rescue at big accident with
masses of casualties) or SOKNOS [18] (Service-Oriented Ar-
chitectures Supporting Networks of Public Security) address
the optimized care of injured in disasters. While SOGRO fo-
cuses on techniques to shorten the first chaotic phase imme-
diately after a major incident and before assignment of ca-
sualties to transport vehicles and hospitals, SOKNOS mainly
deals with the adaptation of service oriented architectures,
semantics and human adapted workplaces in public secu-
rity. Information processing is also a major topic within
SoKNOS, but especially with a focus on visualization. Sev-
eral works deal with the special case of optimization and
scheduling techniques in emergency and disaster scenarios.
Most of them are special cases of network flow problems
and none of them can be transformed into (coupled) Job
Shop Scheduling problems as our problem [1, 3]. Simulated
Annealing (SA) is an optimization heuristic first applied in
thermodynamics [7] and later on several other combinato-
rial problems. [5] compute an approximately optimal solu-
tion to the traveling salesman problem. [20] gives a detailed
overview of SA applications in general whereas [14] focus on
OR problems in particular. The Job Shop Scheduling prob-
lem (JSS) was firstly presented by Graham [11] in 1966. For
the special case of two machines and an arbitrary number
of jobs this problem can efficiently be solved with Johnson’s
algorithm [13]. Garey [10] provided a proof in 1976 that JSS
is NP-complete for more than two machines. For this gen-
eral case many different approximation techniques for JSS
have been suggested. These can roughly be divided into
priority dispatch rules, bottleneck based heuristics, artificial
intelligence, local search methods and meta-heuristics, see
[12]. Simulated Annealing also belongs to the last group of
local search methods. Van Laarhoven et al. were the first
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ones who applied this technique on JSS [22]. There exist
several works about emergency logistics planning in com-
mon. For example [24] have developed a time-space network
model with the objective of minimizing the length of time
needed for emergency repair, subject to related operating
constraints. This leads to an integer network flow prob-
lem with side constraints and the authors have developed a
heuristic algorithm to solve it. [3] deal with the problem of
assigning units to tasks, but in a more general context. They
have constructed a real-time decision support system which
uses optimization methods, simulation and the judgement
of the decision maker. Ozdamar has extensively studied
emergency logistics planning. In his first study about emer-
gency logistics he has developed a hierarchical multi-criteria
methodology for helicopter planning during a disaster relief
operation in [1]. Some years later he has focused on the
problem of dispatching commodities to distribution centres
in emergency situations. The used mathematical model is
a hybrid of a multi-commodity network flow problem and a
vehicle routing problem. The authors solved it by coupling
the sub-models with relaxed arc capacity constraints using
Lagrangian relaxation.

Another work that deals with a vehicle assignment prob-
lem as we do is [16]. The authors present an approximate
dynamic programming approach for making ambulance re-
deployment decisions in an emergency medical service sys-
tem. However, while their primary decision variable is the
place where idle ambulances should be redeployed to, in our
scenario idle ambulances return back to disaster area by de-
fault.

Beyond that we are not aware of approaches similar to our
that improve care of the injured in disasters through a map-
ping to Job Shop Scheduling problems. Thus, we have devel-
oped our own optimization framework to solve this problem.
It will be introduced in detail in the next sections.

3. EXPERIMENTAL SETUP

In Section 1 we explain that a more sophisticated optimiza-
tion of resources during an emergency is reasonable. In ad-
dition, we motivate that a classification into triage groups as
used today is often not sufficient. An introduction of func-
tions that reflect the course of injury was found useful in
consultation with the chief officers of the health department
at Frankfurt city council. Section 3.1 first summarizes the
triage groups and how they are applied nowadays for cate-
gorization of injured. Next, we introduce 23 functions that
will be considered while optimizing. In Section 3.2 we de-
scribe the training and test data sets used for evaluation of
our method (cf. Section 4).

3.1 Triage Groups and Penalty Functions

If nowadays a high number of casualties have to be med-
icated at once, the injured are first divided into different
categories (triage categories) to ensure an adequate supply.
Patients with a higher priority are served first. These groups
differ only slightly from country to country. [23] give a de-
tailed overview about those differences. For the purpose of
this paper, we use the definition of [6]:

T1: Urgent vital thread, e.g., respiratory insufficiency with
asphyxia, massive (external) bleeding, heavy shock, serious
thorax or abdomen trauma, face and/or respiratory system



burnings, tension pneumothorax.
— immediate treatment necessary

T2: Seriously injured, e.g., craniocerebral injury, serious eye
and/or face injury, instable luxation, exposed fracture/joint.
— postponed treatment urgency, supervision

T3: Slightly injured, e.g., uncomplicated fracture, reposi-
tionable luxation, contusion, distortion, graze.
— posterior treatment (ambulant, if applicable)

T4: Without any viability chance, dying, e.g., open cranio-
cerebral injury with cerebral mass discharge, severest and
extended burnings.

— supervising, death awaiting treatment, terminal care

Often, a longer waiting time will affect the patients’ state of
health because the severity of many injuries depends on the
therapy time. A tension pneumothorax, for example, is non-
hazardous as far as treated immediately. But already after a
short period of time without treatment, a tension pneumoth-
orax can get life-threatening. Note that applying the con-
cept of triage categories as described above fixes a priority
for each casualty not considering the waiting time. There-
fore assignment switches are not allowed and often leading
to a falsified prioritization.

Tension pneumothorax

Craniocerebral injury
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Figure 2: Example pictures and functions illustrat-
ing the course of disease in time

To improve the process, our optimization method consid-
ers functions (penalty functions) over time for all injuries
describing the corresponding course of injury. The penalty
functions f, assign a penalty value to each injury y € Y (set
of injuries) depending on the waiting time ¢ until medica-
tion. Figure 2 illustrates the course of injury for a tension
pneumothorax (left figure) and a craniocerebral injury (right
figure). Obviously, these two diseases have a different ini-
tial priority and course. A long waiting time thus has a
different impact. In case of pneumothorax, the damage for
quick treatment is very low, but increases exponentially in
time. Indeed the waiting time for a craniocerebral injury
also influences the damage, but has nowhere the effect as
for a tension pneumothorax. Overall, we define 23 different
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sample functions for injuries such as luxation, craniocerebral
injury, bleeding or serious dermal burn. These differ both
in their initial priority (¢ = 0) and in the positive functional
course (e.g., f(x) = In(x + 1), f(z) = 22, f(z) = " — 1,
f(z) = V/x). Clearly, a longer waiting time causes a higher
penalty value for all functions. For later evaluation, we as-
sign those 23 functions to the triage groups as defined before
considering the value for ¢ = 0 similar to initial priorities.
11 out of 23 functions are assigned to T1, 6 to T2 and the
remaining 6 to T3. We do not consider T4 since those sub-
jects do not have an impact on the overall result. We once
more point out that an introduction of such functions is use-
ful and feasible after consultation with experts. The chosen
functions are, however, elected exemplary to show the power
of our approach and need to be adapted by experts in real-
istic future scenarios.

3.2 Training and Test Data

This section introduces the training and test data that will
later be used to show the feasibility of our method for opti-
mization of emergency supply for mass events (cf. Sections
4 and 5). The factors affecting the optimization problem
are manifold. Following values have to be specified both for
training and for testing the algorithm: number of casualties
and corresponding injuries, duration for medication for each
casualty, number of hospitals including number and type of
physicians, number of vehicles and a matrix specifying the
transportation time between the place of catastrophe and
the hospitals. Since we design our algorithm to work in
arbitrary settings, the training will consider artificial data
that is randomly drawn. For testing, we evaluate a disaster
during a football game in Frankfurt, Germany.

3.2.1 Training Data

For training the parameters of Simulated Annealing (cf. Sec-
tion 4), we have generated 50 instances of a random training
set as follows. For each of the factors mentioned above (e.g.,
number of casualties, injuries), we randomly draw a value
from a uniform distribution within reasonable intervals, see
table 1. Because the training set is generated randomly
and has a representative amount of training instances, the
method should generalize to many problems in this domain.
A consideration of all combinations over the factors is not
realistic. The number of degrees of freedom is certainly too
high. Later, we will see that a higher number of instances
will not lead to improved results (cf. Section 5.2.2). Thus, a
set of 50 different training instances is sufficient.

variable left bound | right bound
number of casualties 200 1600
medication duration 5 minutes 2 hours
initial priority 10 1000

number of hospitals 3 20

number of beds 100 1000

number of physicians 50 500

number of vehicles 5 25

vehicle capacity 1 4

journey length to hospital | 5 minutes 40 minutes

Table 1:

input variables in the training set

Interval bounds for randomly generated




100% (1000 casualties)

T1 T2 T3 T4

20% 40% 20% 20%
(200 casualties)[(400 casualties)|(200 casualties)|(200 casualties),

Table 2: Distribution of 1000 casualties to triage
groups.

3.2.2  Test Data

For testing, we use the arena disaster scenario at the foot-
ball world cup 2006 as described in [8]. The number of
casualties is fixed to 1000. The distribution between dif-
ferent triage groups (T1 to T4) has been assumed as 20%-—
40%-20%-20% as illustrated in Table 2. This leads to 400
casualties assigned to triage group T2 and 200 casualties
to all remaining groups. Altogether, 800 casualties (ignore
T4) with a significant chance for viability have to be served
and considered in the optimization problem. In Section 3.1,
we explore the affiliation between the 23 injuries and the
triage groups. We are thus able to draw injuries for the ca-
sualties for each group randomly, leading to 800 casualties
distributed to T1-T3 as specified by [8]. To obtain realistic
values for the number of hospitals including the number and
type of physicians and the number of available vehicles, we
have collected data from 20 quality reports from different
hospitals [4] around Frankfurt/Main, Germany. Finally, we
estimate the transportation time matrix between the arena
and the hospitals using a route planning tool. The medica-
tion duration for the randomly generated casualty test set
is chosen in the same range as for the training set (between
5 minutes and 2 hours).

4. ALGORITHMS FOR OPTIMIZATION

In this section, we first define formally the optimization
problem (cf. section 4.1). Then we describe two different
algorithms that we apply to address the problem (cf. sec-
tion 4.2).

4.1 Optimization Problem and Criteria

Figure 3 illustrates the previously described optimization
problem including relationships between involved entities.
Intuitively, our aim is to find an optimal assignment between
casualties and transport vehicles and physicians such that all
casualties can be medicated as good and quickly as possible
with respect to their individual injuries. In the following we
formally introduce the involved factors. Furthermore, we
define the optimization function, which calculates the total
damage over all patients. Clearly, the goal is to minimize
this function.

Let V, P and H be a set of vehicles, physicians and hospi-
tals, respectively. Furthermore let M be a set of assignment
tuples (¢, 1), where ¢ maps each casualty € X to a physi-
cian p € P and ¥ maps each casualty to a vehicle v € V,
respectively. We define following optimization function:

Fim Y fulw(@), (1)

zeX
with

w : X = Rxo, w(z) :=~v(z) + 6(z) + e(x), Ve € X
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The function first considers the total waiting time w(z) until
medication for casualty x. Subsequently, this waiting time
serves as a parameter for the penalty function f, describing
the course of injury for the injury that casualty = € X is
suffering from. The overall damage is the sum over all ca-
sualties’ single damage f,(w(x)). The waiting time itself in
turn is the sum of:

o v : X = Ry : Waiting time until transport

e 0 : X = Rxo : Transport duration for each casualty

e ¢ : X = R>p : Medication waiting time in hospital

The objective is to find an optimal mapping of casualties to
physicians and vehicles. Note that (p,1) € M only assigns
casualties to physicians and vehicles, but does not define an
order of treatment. Therefore, we additionally define the
functions (ordp)pep, (ordy)vev with

ordy, 1 @ ' (p) = {L2,....l¢ (0|}
ordy 1 7 v) = {12, [0 (v)]}

The functions define for all physicians p and vehicles v a se-
quence of treatment for patients that are either assigned to
the specific doctor (¢~ '(p)) or vehicle (¢»~'(v)). The map-
pings (¢, 1) and orderings (ordp)pep and (ordy).cv should
be chosen such that they minimize F' and coevally satisfy
the following two conditions:

e C1: The total number of medicated casualties A(h) in
a hospital does not exceed its number of available beds
B(h) for all hospitals h € H.

e C2: A casualty z is assigned to a qualified physician
o(x): p(z) € m(u(x)), Vo € X, with classification func-
tion ¢ : X — Y mapping a casualty to an injury and
m : Y — P(P) assigning injuries to the set of qualified
doctors.

Note that the ordering sequences (ordp)pep and (ordy)vev
are bijective, since each casualty has exactly one position
in assigned transport and medication queue. It can be eas-
ily seen that in the worst case (each physician p € P can
medicate each type of injury and number of available beds
is greater than total number of casualties in each hospital)
there are |P|™ - |V|" different combinations of feasible maps
¢ and v and at most n! - n! possible bijective orderings for
each (p,1) € M. Thus, altogether we obtain O(n") differ-
ent combinations. In addition, the optimization problem is
non-linear since the objective function is non-linear: Obvi-
ously equation (1) can contain non-linear penalty functions
f» and thus using linear optimization algorithms like Sim-
plex or interior point for solving our optimization problem
is impossible. Therefore we have decided to use Greedy and
Simulated Annealing as optimization techniques which are
completely independent from the objective function charac-
teristics.

4.2 Optimization Algorithms
Two different algorithms are used to address the introduced
optimization problem. Greedy is the algorithm that is used
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Figure 3: Interrelations between involved entities in emergency supply for mass events.

Core entities are

casualties (X) with injury Y mapped to a vehicle and a doctor, that in turn belongs to a specific hospital. The
optimization is performed subject to waiting waiting time w, doctors’ qualifications and hospitals’ capacity [

today. The casualties are classified into triage groups con-
sidering the injury. Subsequently, patients in poor condition
are preferred. Once more, the triage groups only consider
the initial priority of the patients’ health. In addition, Sim-
ulated Annealing takes the course of disease into account,
as illustrated in section 3.1. The following sections give a
short introduction to the algorithms.

4.2.1 Greedy

Greedy takes the following steps for optimizing the moti-
vated problem:

In the first step casualties are sorted descending by their
initial priority value (casualties with highest initial priority
first). The initial priority is given by the correlated penalty
function. Second, the algorithm maps the current patient to
the most readily available vehicle. After that, the patient is
taken to the hospital where it is treated fastest. Note that
the hospital must not be fully loaded (C1) and needs qual-
ified and available doctors who can treat the patient (C2).
The resulting mapping and ordering can be used straight-
forward to calculate the resulting value for our optimization
function defined by Equation (1).

4.2.2  Simulated Annealing

Simulated Annealing is a common technique for minimiza-
tion of functions whose exact analytical characteristics are
unknown due to high complexity. Each step of the Simu-
lated Annealing algorithm replaces the current solution by
a random nearby solution, chosen with a probability that
depends both on the difference between the corresponding
function values and also on a global parameter T (called the
temperature), that is gradually decreased (degression coeffi-
cient) during the process. The dependency is such that the
current solution changes almost randomly when T is large,
but increasingly downhill as T' goes to zero. The allowance
for uphill moves saves the method from becoming stuck at
local optima. In our setting a solution S is an arbitrary as-
signment of casualties to vehicles and physicians. A nearby
solution is one with the same assignments except that one
casualty is assigned to a different vehicle and/or physician
or another queuing position. The performance of Simulated
Annealing is carried mainly by the initial temperature T,
the degression coefficient and the number of runs for each
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temperature. Section 5.1 will summarize how to train ad-
equate values for those parameters. Two factors have high
impact on an efficient calculation of a good approximation
to the global optimum. First, a good initialization is crucial
for a fast convergence. Second, a sophisticated generation
of nearby solutions will strongly effect the speed of conver-
gence.

Initialization. In this section, we will introduce two dif-
ferent ways for initializing Simulated Annealing. First, the
assignment can be randomly. In each step one arbitrary
casualty is chosen and a vehicle as well as a physician is
assigned to this casualty, such that constraints C1 and C2
are satisfied. If a casualty is assigned to a vehicle (physi-
cian) that already transports (medicates) other casualties,
the new casualty is enqueued at the end of the transport
(medication) list of this vehicle (physician). Second, the
assignment can be done applying Greedy. Obviously, a ran-
dom initialization will often not lead to good assignments to
start the algorithm. In our specific scenario, we expect an
optimal solution that does not differ to a high degree from
assignments calculated by Greedy (cf. 4.2.1). Intuitively,
an initialization by Greedy should therefore allow for faster
convergence since the algorithm starts closer to the optimal
solution. Random initialization can be done in linear time
with respect to number of casualties (that is O(n)), whereas
Greedy initialization needs O(n?) steps. This difference does
not have an impact on computation time for small number
of casualties (e.g., n < 100). For a size of n = 800 casualties
as predefined in our example scenario [8] a random initial-
ization on a centrino processor runs less than one second and
a Greedy-Initialization takes about 5 seconds. Since this ad-
ditional effort on computation time seems to be reasonable,
Greedy is the prefered choice for initialization.

Generation of Nearby Solutions. As mentioned before, a
good generation of nearby solutions will strongly effect the
algorithm’s speed of convergence. The current solution S of
the algorithm can be defined as a quadruple

(907 wv (OTdP)PEPv (OTdU)UEV)



with mapping of casualties to vehicles and doctors (¢, ) €

M and the corresponding orders (ordp)pep € Oy and (ordy )vev

€ Oy. A nearby solution is one with the same assignments
except that one casualty is assigned to a different vehicle
and/or physician or another queuing position. In this pa-
per, we use two approaches to generate nearby solutions.
The first approach choses nearby solutions with equal prob-
ability, namely one divided by the total number of nearby
solutions (random transition). The second approach is based
on following observations:

e A reassignation of casualties with higher damage will
conjecturally have a greater effect on the global opti-
mization function F' and thus speed up convergence of
Simulated Annealing. Therefore we define the prob-
ability for reassigning x € X in a specific Simulated
Annealing step by the ratio of her current damage
fz(w(z)) and the overall damage F(S) for the cur-
rent solution S. Remember w as the function for wait-
ing time and f, as the function for the corresponding
course of disease for casualty x.

_ fa(w())
F9= "5y

e The probabilities for assignment of a chosen casualty
x to a specific vehicle result from similar considera-
tions. It seems plausible that an assignment of x to
a vehicle v € V with low workload will improve the
optimization. In order to estimate the workload of a
specific vehicle v, we sum up the damage of all pa-
tients v~ *(v) that are assigned to the specific vehicle
(negative term of the numerator). By substracting this
damage from the overall damage F(S), we obtain an
anti-proportional dependancy leading to low values if
the vehicle is fully loaded. Finally, we normalize by the
sum of the corresponding numerators for all vehicles.

F(S) = Xsep—1(0) fo(w(z))
> sev(F(S) — Zzed)_l(f)) fo(w(2)))

e Similarly, we define probabilities for the reassignment
of the chosen casualty x to qualified doctors. Once
more, an assignment of x to a physisian p with low
workload will probably improve the optimization. Let
P, = w((z)) be the set of physisians that are qualified
to medicate the injury of x.

D, =Y Y falw@)

PEPy Gex—1(p)

P(v) = (2)

gives the overall damage of all casualties & that are
assigned to qualified doctors for x’s injury. The prob-
ability for assigning a casualty x to a physision p is
calculated as follows:

0 if p€P,
Da=Y e p—1(p) fo(w(@)

2p(Da— iew—l(zaepw)fw(w(i))) if pE P

P(plx)—{

If p ¢ P, an assignment of z to p is not feasible be-
cause physisian p has not the necessary qualification.
If p has the qualification, the probability is high in case
of a low workload for p. Once more, the negative term
of the numerator specifies the damage of all casualties
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that are mapped to the specific physician. By sub-
stracting this value from the overall damage of patients
medicated by qualified physisians, the numerator will
be higher for doctors with a low workload. The de-
nominator normalizes the specific values by summing
up the corresponding values for all qualified physisians
peE P

5. EXPERIMENTS AND RESULTS

In the following we make two different experiments to eval-
uate the presented methods. The first experiment compares
Greedy with Simulated Annealing. As initialization for Sim-
ulated Annealing we use the Greedy results. To calculate
nearby solutions, we use the strategy that takes into ac-
count the workload of doctors and vehicles. The second ex-
periment discussed how different parameters influence the
performance of Simulated Annealing.

5.1 Training and Testing

Greedy (cf. Section 4.2.1) requires no training phase. We
can apply the algorithm directly to find a solution for the
test data described in Section 3.2.2.

We apply Simulated Annealing with Greedy initialization
and transition probablitlies considering the vehicles’ and ph-
ysisians’ workload. Section 4.2.2 explains Simulated Anneal-
ing in detail.

5.1.1 Training

The performance of Simulated Annealing depends strongly
on the choice of initial temperature, coefficient of scale, and
number of runs for each temperature. In order to find ade-
quate parameters for our scenario, we continuously generate
1000 different parameter triples randomly and calculate for
each triple and each instance of the training data (cf. Sec-
tion 3.2.1) an assignment of casualties to vehicles and hos-
pitals with Simulated Annealing. The triple leading to the
minimum standardized average damage is saved and used
later in the test. Note that results for different number of
casualties cannot directly be compared. Therefore, we nor-
malize with respect to number of casualties. In Section 5.2.2,
we will show that 100 triples are already sufficient because
a consideration of up to 1000 does not significantly improve
the results. The procedure of generating and evaluating new
triples is stopped as soon as no significant improvement can
be observed.

5.1.2 Testing

In the test phase, we apply Simulated Annealing to the test
data from Section 3.2.2 using the parameter triple trained
in the previous section.

5.1.3 Results

The Greedy solution can be improved significantly by an
additional optimization with Simulated Annealing. Figure 4
illustrates the performance (F') of both algorithms over time
(mind the logarithmic scale of the F-axis). Greedy elapses
after 5 seconds. Already after additional 1-2 seconds of com-
putation, Simulated Annealing converges thereby decreasing
the optimization value significantly by over 99% in compari-
son to Greedy (compare values in Table 4). The main reason
for this result is the fact that Greedy only considers initial



technique F after init F finally | number of iterations | elapsed time
Random Complete 1877888798004211200.00 | 187370.598831 15080 3 seconds
Systematic Complete 16225142.25 | 53306.985539 183551 40 seconds
Hybrid I 1877888798004211200.00 | 52913.271735 165388 37 seconds
Hybrid 11 16225142.25 | 61652.378285 237088 40 seconds

Table 3: Optimization results on test set for all four configuration of SA

Greedy vs Simulated Annealing

Greedy

LSimuIated Annealing

5 10 15
elapsed time in seconds

20

log objective function value (log F)
0.0e+00 5.0e+06 1.0e+07 1.5e+07 2.0e+07

o

Figure 4: Overall damage over time when applying
Greedy and Simulated Annealing on test set.

priorities of casualties when computing an assignment to
transport vehicles and physicians. The temporal course of
disease that is influenced by the waiting time until medica-
tion is completely neglected.

technique F finally | elapsed time
Greedy 16225142.251736 | 5 seconds
Simulated Annealing 53306.985539 | 7 seconds

Table 4: Optimization results when applying Greedy
and Simulated Annealing on the test data set.

Simulated Annealing, in contrast, takes the course of disease
into account. Although the time with the second approach
is higher, Simulated Annealing achieves excellent results in
less than 10 seconds (passable time frame for scheduling).
As shown later, the good performance results mainly from
the sophisticated generation of nearby solutions.

5.2 Discussion of Simulated Annealing

The following discussion of Simulated Annealing is twofold.
First, we will compare four optimization strategies based on
Simulated Annealing for assignment of casualties to vehicles
and physicians (cf. Section 5.2.1). Second, we will discuss
how the number of parameter triples during training and
the number of training instances influence the performance
of Simulated Annealing (cf. Section 5.2.2).

5.2.1 Initialization and Transition Matrix
In Section 4.2.2 we introduce Simulated Annealing. In this
section, we discuss the effect of two kinds of initializations

131

(random and Greedy) and two ways for generate nearby so-
lutions (random and considering workload, cf. Section 4.2.2).
The training and testing are similar to the description in Sec-
tion 5.1. In the following, we compare the performance of
the following configurations of Simulated Annealing on the
test and training data:

1. Random initialization/Random transition
(“Random Complete”)

2. Greedy initialization/Workload-aware transition
(“Systematic Complete”)

3. Random initialization/Workload-aware transition
(“Hybrid I7)

4. Greedy initialization/Random transition
(“Hybrid 117)

To evaluate performance of the four SA configurations in
our scenario we first apply SA on the training instances.
The results are shown in Figure 5. The average damage
with respect to number of training instances is displayed on
the ordinate axis.

~
o~
+
= 3 Hybrid |
o~ Random
‘c-u‘ E_ Complete
E‘ -
g Hybrid II
o+
w g
£5
E i
R Systematic
Eq Complete
o
+_
2 T T T T T
0 50 100 150 200 250

number of training instances

Figure 5: Average damage F for varying number of
training instances and fixed optimal parameters.

On average Systematic Complete performs best on all train-
ing instances, as indicated by the low average damage. One
can derive from three larger steps in the red curve that a
random initialization in Hybrid I results in very bad opti-
mization value for three training cases. Note that for the cor-
responding instances, the algorithm gets stuck in a bad local
minimum leading to a high damage thereby escalating the
average damage (cf. Figure 5). The same issue also applies



to Random Complete due to a random initialization. Hy-
brid II is both error-prone to difficult training instances and
additionally achieves worse average results than Systematic
Complete. An evaluation of these difficult instances shows
that they are caused by a full workload of a specific doctor
without alternatives. This fact clearly leads to high over-
all damage. Although such cases are exceptional they are
nevertheless important and have to be taken into account.
A visual inspection of the four curves emphasizes that Sys-
tematic Complete is much more robust (lower leaps). Since
we aim for a method that is general enough to apply to as
many settings as possible (and an unbalanced distribution
of injured to doctors is realistic for disasters), Systematic
Complete is the most robust choice. This choice is rein-
forced by the algorithms’ runtime. Table 5 summarizes the
average computation times for all four configurations. Ob-
viously, the configurations considering the sophisticated and
workload-aware search strategy converge much faster in less
than half the time. Because of the Greedy initialization,
Systematic Complete is even 3 seconds faster than Hybrid I
on average. It seems that Systematic Complete, caused by
the Greedy initialization and the sophisticated generation
of nearby solutions, both starts closer to the optimum and
converges faster.

technique average computation time

Random Complete 34.4113 seconds

Systematic Complete | 10.0409 seconds

Hybrid I 13.5718 seconds

= W DN =

Hybrid 11 26.0926 seconds

Table 5: Average optimization time till convergence
on training set for all four configurations.

Initialization by Greedy takes 2.3 seconds on average while
a random initialization is computed in less than one second
(see Table 6). Due to the virtues of a Greedy initialization
in combination with a workload-aware searching strategy a
total computation time of less than 15 seconds is realistic
and sufficient.

technique average computation time
random initialization | 0.215 seconds
Greedy initialization | 2.34965 seconds

Table 6: Average computation times for random and
Greedy initialization.

The results were additionally validated on the test set (see
Table 3). The overall damage after initialization is best for
Systematic Complete and Hybrid II, as one can expect be-
cause of the Greedy initialization. The algorithms consider-
ing the workload-aware transitions significantly outperform
the remaining. Additionally, the runtime till convergence is
lower for methods considering the sophisticated generation
of nearby solutions (Random Complete is not considered be-
cause of poor results). Although Hybrid II performs slightly
better than Systematic Complete both for duration and the
optimization result on that specific test instance, we have
shown before that Systematic Complete is much more ro-
bust and therefore first choice.
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5.2.2  Important Factors while Training SA

In this section we investigate the changes of the average
damage when increasing the number of parameter triples
and training instances. Therefore we have chosen 50 differ-
ent training instances and 1000 parameter triples in total for
training of Simulated Annealing so far. Figure 6 shows the
performance measured by the average damage of Systematic
Complete with respect to the number of generated parame-
ter triples. We can see that the average damage converges
quickly already after 10 generated parameter triples. Hence,
we just need to test a few different parameter triples to find
a good one that performs well on all 50 training instances.

Systematic Complete

minimum F average
5000 5500 6000 6500 7000

0 10 20 30 40 50
number of parameter triples

Figure 6: F-average for Systematic Complete over
number of parameter triples for training.

F average
60 70 80 90 100 110 120

0 10 20 30 40 50
number of training instances

Figure 7: F-average for Systematic Complete over
number of training instances.

Figure 7 shows the average damage on the test set with re-
spect to number of randomly generated training instances.
For each number of generated training instances the cur-
rently optimal parameter triple is applied on the test set
and the resulting damage is displayed on the ordinate axis
in Figure 7. Similar to Figure 6 we can see only minor
changes of the average damage for more than 10 instances.
Thus, 50 training instances are sufficient as representative
set for finding a parameter triple that performs well on an
arbitrary test instance.



6. CONCLUSION

In this work we provide an approach based on Simulated
Annealing for simulating and optimizing the emergency sup-
ply in a run-up to a mass event. For a given set of hospi-
tals, transport vehicles and injured suffering from common
injuries, our algorithm simulates the workload of provided
transport and medication capacities. In addition to stan-
dard Greedy methods, our algorithm considers how a pa-
tient’s individual waiting time until medication impacts the
corresponding course of disease by definition of penalty func-
tions. The simulation results can subsequently be used to
adjust the capacities. We adapt the transition probabili-
ties favoring a balanced workload of vehicles and doctors
as optimization strategy. We show that using this strategy
speeds up convergence and leads to better results of up to
99% compared to Greedy and 50% to standard Simulated
Annealing with an underlying equal transition probability.
We briefly discuss that initialization using Greedy clearly
outperforms a random initialization, because with Greedy
the SA iterations start from an initial state that is much
more close to the optimum than for random initialization.
Finally, we evaluate the performance of Simulated Annealing
in different settings. The combination of a Greedy initial-
ization and workload adapted transition probabilities turns
out to be the most robust setting on many training instances
whereas other settings that involve random initialization
and/or equally distributed transition probabilities perform
worse especially on “extreme” training instances.

For future research we will try to find more realistic penalty
functions in cooperation with medical expert staff. Further-
more we are going to try out other training strategies and
optimization techniques like genetic approaches. Another
issue will be to find an appropriate relaxation of our as-
signment problem that provides us a lower bound for global
damage. This would allow for a better performance evalua-
tion and comparison of different optimization techniques.
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