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Abstract
After use in operating blocs, medical devices (MY sent to the sterilization service.

The sterilization process is composed of variogpstin the washing step, after pre-
disinfection, different sets of MD, used for di#et surgical operations, may be washed
together without exceeding washer capacity. leisegally not allowed to split MD sets
among several washers. In this paper, we modeldshing step as a batch scheduling
problem, where MD sets are denoted as jobs havifegeht sizes and different release dates,
but equal processing times for the washing. Thehimgssteps of sterilization services
generally constitute a bottleneck for the entiegibzation process and long pre-disinfection
times may corrode MD. Hence, the decisions forlbatcthe MD sets and launching washing
cycles are crucial in order to minimize the waittimge of MD in the washing step. First, we
provide a MILP model for the minimization of mearfalisinfection excess time and then a

g-constraint modedior the minimization of a second criterion whictthe number of washing



cycles. Afterwards, two heuristics are developed experimented on the instances inspired
from a real case.

Keywords. Hospital sterilization service, batch schedulimixed integer linear
programming, heuristics

1. Introduction

Hospital sterilization services aim at minimizirigiafectious risks due to the use of
medical devices in surgical operations. Medicalicks/can be described as instruments used
by surgeons. Sterilization is primordial for thght against nosocomial infection, and thus,
the reuse of medical devices is ensured thanKkeetsterilization. The medical devices are
firstly used in operating blocs, then sterilizeyed and finally reused in some other surgical
operations. Therefore, it is more appropriate im@shese instruments as reusable medical
devices (or RMD). After each use, sterilization rquiees the desired hygiene level of RMD
for other uses in operating blocs. However, theeesame other medical devices for only one
use.

Beside the sterilization concern, like all othectsrs, hospitals face financial
difficulties in their services, logistics or purdiag activities. Hence, it is possible to work on
some decision and optimization problems for allatpents of hospitals; the sterilization
department may be one of them.

All RMD foreseen for a surgical operation must texiized. Sterilization process is
regulated by some quality standards (see AFNORSRfa0 French quality standards of
RMD sterilization). The sterilization is a cyclicqeess (Fig.1), which is composed of several
steps. Starting from the use in operating blocs[Ravke sent to the sterilization service and
pass the following steps: pre-disinfection, rinsamgl washing, verification, packing,

sterilization, storage and reuse in operating blocs
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Figure 1. Sterilization Cycle

After use for a surgical operation, RMD are dinggtlit in a substance, which enables
pre-disinfection, and are transferred to the statilon service. There, they are firstly rinsed
and washed in washers. The rinsing is done eitlagually or automatically in washers. In
our study, we consider that rinsing is carriedanly by washers. After washing, RMD are
verified and packed into corresponding boxes. t&lins must be packed individually or
grouped into boxes before sterilization. Afterwatttigy are sterilized in so-called
“autoclaves”, transferred to operating rooms andest before reuse. Note that long pre-
disinfection durations may corrode RMD and the waglstep is usually a bottleneck over all
the sterilization proceg#\lbert et al.2008; EESS, 2007). The ideal RMD pre-disinfection
time is about 20 minutes, whereas 15 minutes ofimiafection are mandatory, and at most
50 minutes of pre-disinfection could be acceptadhé sterilization services we investigated,
manual rinsing is usually in use, while having atoanatic rinsing function in the washers.

One reason of this double rinsing is to let RMDtviai the washing without any risk
of corrosion. Indeed, as the washing step is ugtiad bottleneck, the waiting time of RMD
for the washing may be long, which may cause lopgerdisinfection times than the ideal
one if there is only an automatic rinsing withie thashers. Hence, rinsing the RMD
manually at their arrivals prevents the risk ofrosion, while waiting for the washing. Then,

if the washers have an automatic rinsing functRéMD can be rinsed again in the washers.



It can be possible to ensure the ideal pre-disiitfiedcime without manual rinsing and
having only automatic rinsing, if the waiting tirfa the washers is small enough. Hence,
manual rinsing operators could be transferredheroivorking posts (for example to the
packing step, which is always manual). Considettag the ideal pre-disinfection time is 20
minutes, we call “pre-disinfection excess time” tliference between the pre-disinfection
time (if it is longer than 20 minutes) and the ide®-disinfection timei(e. 20 minutes). Note
that the pre-disinfection excess time is zeroig gmaller than (or equal to) 20 minutes.

Therefore, our main aim in this study is to minienthe mean pre-disinfection excess
time of RMD sets during the washing step, in otdereach the ideal pre-disinfection time on
average, and to see if manual rinsing could be veshérom the system. Note that 20 minutes
is the ideal pre-disinfection duration for the Biteaition service we were in contact with.
However, this duration can be easily changed irnsolution approaches, if another pre-
disinfection duration is considered as ideal.

Secondly, we introduce also an economical criteimoour work, by considering a
second objective, which is the minimization of thenber of launched washing cycles.

The remainder of this paper is organized as folldwsection 2, we describe the
problem of fulfillment of washers and show how thisblem can be treated as a batch
scheduling problem. In section 3, we give a literatreview about batch scheduling
problems. Section 4 is dedicated to the solutioathods of the problem. First, a MILP model
that minimizes the mean pre-disinfection excessg tiwvith regard to the ideal pre-disinfection
duration is developed. Afterwardsg-®@onstraint model is proposed in order to minimnttze
second optimization criteriong. number of washing cycles, while respecting theroati
mean pre-disinfection excess time. Following, tveaitistics are proposed. Finally, section 5

is dedicated to the experimental design.



2. Problem description

The problem we treat in this paper is the fulfilmef washers in hospital sterilization
services. In a typical hospital, there may be ssh\airgical operations all day long. All
reusable medical devices used in a surgical operatinstitute the reusable medical device
set of this operation (RMD set). As one can guib&se may be a great number of different
RMD sets in a hospital. Moreover, the number diedént types of RMD is generally very
high and for a typical hospital, there may be heddrof RMD references. Because each
surgical operation may require different numbers types of RMD, RMD sets may be of
different sizes. For different reasons (surgeryifi@gg times and durations, pre-disinfection
procedure, etc.), RMD sets are ready for washirdjffetrent moments within a day.

The washing of RMD sets is carried out by washehsch can be identified to
identical batching machines. It is possible tomotre than one RMD set into a washer, as
long as its capacity is not exceeded. The decidimteke are then; which RMD sets to put
together in order to constitute a batch for thehiragg and when to launch a washing cycle.
The characteristic of unequal RMD set ready tinoedHe washing complicates the decision
of batching RMD sets. Note that in the washing SRID sets are not usually allowed to be
split among several washers because of organizai@oml traceability reasons. In case of
splitting, because of the multiplicity of RMD reéarces, it takes a long time to reassemble the
boxes of the RMD sets identically in the next stdyysreover, splitting may cause some
mistakes about the reassembling of RMD sets.

As mentioned before, the washing step is genettadlyoottleneck over all the
sterilization process, because of great numbessirgfical operations and capacity constraint
of washers. Considering that there is no manualnnin the system, the waiting time of
RMD sets at the washing stape(just before washing operations) is important fer pine-

disinfection. Long waiting times at the washingosteay cause long pre-disinfection times.



Moreover, the pre-disinfection liquid may corrod®lB. Hence, deciding how to batch RMD
sets and when to launch washing cycles become targdn order to reach the desired pre-
disinfection durations. In a previous study (Oztetlal.[2010a]), we worked on minimizing
the makespan of washing operations, in order te @afh the washing step bottleneck. In
another study ([Ozturkt al.2010b]), we tried to minimize the sum of RMD setshing
completion timesThese studies mainly aim at minimizing the bufieesn front of washers
and the total washing completion time, considetiraj there is no manual rinsing. However,
the corrosion effect of the pre-disinfection liqusdhot taken into account.
2.1 The need for a modeling of the washing step

Remember that after use in operating blocs, RMDpegedisinfected, rinsed and then
washed. In case there is no manual rinsing, theligiefection times may be considerably
high. The desired pre-disinfection time for RMDalsout 20 minutes while at least 15 minutes
of pre-disinfection is mandatory. Each time thara new RMD set that arrives to the
sterilization service; it is put in an already ¢ixig batch in order to be washed in an available
washer. When there is a new arriving RMD set whigbs not fit in the actual batch, the
batch is closed and a washing cycle is launchell this batch. Note that this strategy is
called “online FIFO” because of two reasons: 1ebas are formed with consecutive RMD
sets, 2- no information about RMD set arrivalsniswn in advance. Naturally, applying an
online FIFO may cause high pre-disinfection timed does not help to overcome the
bottleneck in the washing step. However, a statiln service may be coordinated with
operating blocs, and operating bloc schedules reaysbd in order to estimate in advance the
arrivals of RMD sets to the sterilization servi¢éus, in our study, we suppose that RMD set
arrivals are known in advance. And so, we would il show how modeling the washing
step may help to take good decisions about theckang of washing cycles in order to reach

desired pre-disinfection times when there is noumaannsing.



In fact, we define the problem of fulfillment of sleers as a batch scheduling problem.
A scheduling problem is an operations researchlenolvhich is to be solved in order to help
decision makers to schedule their machines in a@ ga@y (or in an optimal way). Thus, we
can consider operations research tools as a sebsyshbedded in a decision support system
used by decision makers [Van Hee and Lapinski, L1988

In our problem, RMD sets are denoted as jobs arsthera as parallel batching
machines. More formally, if we make a connectiothveicheduling problems, we are given a
list of jobsL = (jy, j2,..., ), all of which have the same processing tpnbut they may have
different pre-disinfection starting timgsdifferent release dateg and different sizew.
Note that the release date of a job stands faritgal time to the sterilization service (and
also for the time when it is available for washinffe aim is to schedule the jobs on identical
parallel batch processing machines without pre-empA parallel batching machine is a
machine that can simultaneously process more thajab as long as its capacity is not
exceeded. Our aim is to explore opportunities foetter grouping of RMD sets for the
washing.
2.2 ldentification with a batch scheduling problem

Albert et al (2008) simulate different online fulfillment stegies {.e. when the
information about job sizes and release datesarknown in advance) for washers, like
launching a washing cycle when a predetermined maatapacity is reached, or when RMD
wait at most for a predetermined time, in ordemiaimize the number of launched washing
cycles and the RMD waiting time before washing.ti®best of our knowledge, they are the
first ones who study the problem of fulfilmentwéshers. Here, we model the problem of
fulfillment of washers as a batch scheduling probl&o, in the following, RMD sets are
denoted as jobs and washers as parallel batchiogings. We make the following

assumptions:



» There areN jobs to be processed. The release date and thefsazgiven jolj are
denoted by; andw;, respectively. The pre-disinfection starting tiofgobj is denoted
by t;. The processing times are equal for all jobs ambted byp.
« All machines have the same capadtgnd the size of a job cannot be greater than the
machine capacity.
« Several jobs can be batched together, respectengnéithine capacity constraint.
* Once a processing for a batch is started, it cap@atterrupted.
« Since it is a parallel batching problem, the prscestime of a batch is equal to the
longest processing time of jobs in that batch @aid Kovalyov, 2000As all the
jobs in our problem have the same processing fntée processing time of any batch
is p.
* We are not allowed to split a job into several batc
Inspired from the Graham'’s notation (Grahatal, 1979), we propose the following
notation for our problen® | p-batch, i, g = p, w, B | (1/N)%f;. In this notationP stands for
identical parallel machinep;batchfor parallel batching, which means that severasjmay
be processed together in a machine at the samerfiame w; denote job release dates and
sizes, respectively=p stands for equal processing times &fdr machine capacity.
Finally, (1/N)*Yf; refers to the objective function. Remember thatdésired pre-disinfection
time is 20 minutes for any RMD set. The objectivedtion penalizes excessive waiting times
before washing. More precisely, pre-disinfectionds more than 20 minutes are penalized
for every minute exceeding 20. Thus, the formul§ isfthe following: “washing starting time
for jobj — pre-disinfection starting time for jgb 20 minutes”. Negative values ffefer to 0
(c.f. MILP model given in 4.1.1).

Modeling the washing as a scheduling problem he$p® solve the decision problem

of batching RMD sets. Hence, we would like to baildoptimization model to be used as a



subsystem in an optimization-based decision sumystem. Our aim is to help washing
operators for the batching of RMD sets. For moferimation on optimization for decision
support systems, we refer the reader to Dutta (1996

2.3 Problem complexity

Uzsoy (1994) studies the complexity of the problefrp-batch, p=p, w, B |3C;. In
that problem, there is a single parallel batchiraghine, all job release dates are equal@nd
stands for the processing completion time forjjde proves that this problem is NP-hard. In
fact, this is a special case of our problem. Ireottd get this special case, let us suppose that
in our problem all job release dates and pre-disindn starting times are equal to 0. Then,
the formula off in our problem is reduced to “washing startingetifar jobj — 20 minutes”.
Note that adding or subtracting constant numbers fr has no numerical effect. Thus,
optimizingf; becomes equivalent to optimizi@y Furthermore, if we have 1 machine, after
these transformations, we have reduced our problamtly tol | p-batch, p=p, w, B |3.C;.

As this special case of our problem is NP-hard ptteblem we treat is also NP-hard.
3. Literaturereview

Scheduling literature is really vast and it is possible to cover all in this section.
However, we would like to say here a few words alii@atich scheduling problems.

In the batch scheduling literature, two main groapsconsidered: serial batching and
parallel batching (Potts and Kovalyov, 2000). la serial batching, jobs may be batched if
they share the same setup on a machine and thesgiog time of a batch is equal to the sum
of processing times of all jobs in that batch.(One job is processed at a time) (Coffnean
al., 1990). In parallel batching, it is possible togess several jobs at the same time and the
processing time of a batch is equal to the grearestessing time of jobs in that batch
(Mathirajan and Sivakumar, 2006). Still, parallatdhing problems can be divided into

groups according to job sizes or job familiesh# problem is subject to job families, all the



jobs in the same family have the same processimg, tout they may have different sizes and
release dates (Potts and Kovalyov, 2000). If bateine limited to jobs from a single job
family, incompatible job families are under consaten, else, compatible job families are
considered (or a single job family). For the clasation according to job sizes, there are two
sub-groups: jobs requiring one unit of machine capdlLeeet al, 1992), or jobs having
different capacity requirements (jobs having ddfarsizes) (Uzsoy, 1994). Note that for this
last one, if all the release dates are equal, tthiglggm is equivalent to a bin-packing problem
when the optimization criterion is the makespanimination. Clearly, our problem is a
parallel batching problem with different job size®d a single job family.

For parallel batching problems with different jobes, the sum of jobs sizes which are
put in a batch defines the size of that batch. Mashhave a fixed capacity and the batch size
should not exceed the machine capacity. Each jobldlbe assigned to just one batch.
Moreover, the processing time of a batch is givethle longest processing time of jobs that
are put into the batch. We observe that the makesyaimization is the most common
objective that is studied in the literature. Ipsssible to classify the papers on batch
scheduling with different job sizes into four greugs follows: 1- single machine and
identical release dates, 2- parallel machines deutical release dates, 3- single machine and
unequal release dates, 4- parallel machines amguaheelease dates. In table 1, we give a
brief classification of the literature about paghbhatch scheduling problems in presence of a
single job family, different job sizes and diffetgob processing times. The articles are
grouped according to the previous classificatiar.the first group, Uzsoy (1994) works on
the problem of minimizing the makespan and sunolbfgompletion times. He shows that
these two problems are strongly NP-hard. He prevagseral heuristic algorithms based on
the first fit algorithm, which is one of the clasai bin-packing algorithms, for the

minimization of the makespan and a branch and balgatithm for the minimization of the



sum of job completion times. Several heuristicspaoposed by Ghazvini and Dupont (1998)

in order to minimize total flow time. We see thensmleration of job weights in Azizoglu and

Webster (2000). The weight of a job can be desdrdsethe importance of that job. They give

a branch and bound algorithm for the weighted stijolocompletion times. Zhanrgt al.

(2001) provide an approximation algorithm with arstacase ratio of 7/4 for the makespan

minimization. They also analyze heuristics propdsgt)zsoy (1994) and compare them with

their own solution method.

Table 1. The literature related to parallel batch scheduproblems with different job sizes and a single

job family

Group Reference Solution Performance

number approach criterion

1 Uzsoy(1994) Heuristic algorithms, Cax .G,

B&B procedure

1 Ghazvini and Heuristics > G
Dupont (1998)

1 Azizoglu and B&B procedure YW Ci
Webster (2000)

1 Zhanget al. (2001) Heuristics Crax

1 Dupont and B&B procedure Crax
Dhaenens-Flipo(2002)

1 Melouket al. MILP model, Crax
(2004) Simulated annealing

1 Kasharet al Genetic algorithms Crax
(2006)

2 Chang et al. Genetic algorithm Crmax
(2004)

2 Kasharet al. Genetic algorithm Crax
(2008)

3 Li et al. (2005) Heuristic Crax

4 Chunget al. MILP model, Crmax
(2009) heuristics

4 Damodaramet al. Meta-heuristic Crmax
(2009)

4 Damodaran and Heuristic Crmax

Velez-Gallego (2009)

Objective: Cmax= total completion time (makespai)¢; = sum of job completion timeSw,C; = weighted sum

of jobs completion times

For the same problem, a branch-and-bound algoiigtaeveloped by Dupont and Dhaenens-

Flipo (2002). They present dominance propertiesdaa be used in an enumeration scheme.



Kashanret al.(2006) propose two genetic algorithms for the fwh They report that their
solution method outperforms the simulated annegdmogosed by Meloukt al. (2004). For

the second group, Kashanal.(2008) report that the genetic algorithm they depel
outperforms the simulated annealing given by Chetraj. (2004). In the third and the fourth
groups of work, unequal release dates are considéhais, these studies become more
important for our study. For the third group,dtial. (2005) provide an approximation
algorithm with a worst case ratio of 2wheres can be arbitrarily small. Finally, for the last
group, Chungpt al. (2009) propose a MILP model and a heuristic apgrod@heir heuristic
uses a first parameter in order to define a timébao in which jobs are selected to be
batched, and a second parameter to define theeddsiiness ratio of batches. They
experiment the heuristic with different valuesiuése parameters. Damodaedral. (2009)
develop a “Greedy Randomized Adaptive Search Puoeg@GRASP)”. They report that the
GRASP approach guarantees the optimal solutiosrf@ll instances and performs better than
the heuristic proposed by Chuagal.(2009). Finally, Damodaran and Velez-Gallego (32009
propose a constructive heuristic. This heuristierafes by first determining a time horizon,
and then it solves a 0-1 knapsack problem to stiegbbs to be batched. They experiment
the MILP model and heuristic given by Chugtgal. (2009) and the GRASP approach
developed by Damodarae al. (2009). It is reported that their heuristic oufpemns other
heuristics in the literature and gives resultselmsthose of the GRASP method. Note that
our problem is similar to the problems treatechim fourth group. However, we have pre-
disinfection starting times, equal job processintes and the objective function we minimize
is different from makespan minimization. We wouéy shat the objective function we treat is
more similar to the minimization of “sum of job cphation times” than to the makespan. To
the best of our knowledge, neither the problemnaihimizing the sum of job completion

times” nor our problem has been treated in theditee yet.



In this paper, we first provide a mixed integeehn programming model (MILP) that
minimizes the average pre-disinfection excess tifirwards, &-constraint model is
presented. That model implements first the preWosigoken MILP model, and then
minimizes the number of batches, respecting thisngptvalue given by the MILP. Thirdly, a
compound algorithm is developed which works inrarerse way to the-constraint model.
Finally, a heuristic is presented for instanceschitan not be solved with the previous
solution methods.

4. Solution approachesfor the problem

In this section, we provide exact and heuristipdathms for our problem.
4.1. Exact solution methods

We first provide a MILP (mixed integer linear pragrming) model in order to
minimize the mean pre-disinfection excess time MiCRsets at the washing step. The MILP
model is then going to be used ip-aonstraint approach which has the batch number
minimization as second objective. Téeonstraint model implements a second MILP model.
Thus, let us call these MILP mod@&BLP ime andMILP o patch respectively.

4.1.1. MILP modéd for mean pre-disinfection excesstime minimization: MILPime
Indexes:

j: 1,...,Nfor jobs

k: 1,...,Nfor batches

m: 1,...,Mfor machines

Parameters:

w;: size of job

ri: release date of jghin minutes (time when jopis available for processinge. arrival time
to the sterilization service)

t;: pre-disinfection starting time for jghin minutes



N: number of jobs

M: number of machines

B: machine capacity

p: job processing times in minutes

Q: a big number

J

n
nb: lower bound on the number of batcbe&(zw. / Bl)
j=1
Decision variables:
Xkm: 1 if job ] is processed in batéhand on machine, 0 otherwise
bk 1 if batchk is created on machims, O otherwise
S ready time of batck on machinem

s’ : starting time of processing for jpb

fi: pre-disinfection excess time for jplf; = maxg’; - -20, 0))

Let us start by describing the objective functidhe pre-disinfection time can be
described as the time spent by a job after itdmigfection starting until washinge. the
difference between the washing starting time asgrie-disinfection starting time. As the
ideal pre-disinfection time is 20 minutes, jobsihgunore than 20 minutes of pre-
disinfection are penalized. If the difference besawéhe washing starting time and the pre-
disinfection starting time of a job is less tharequal to 20 minutes, there is no penalty. In a
schedule, at mo$t batches can be created. So the index of batchies yeom 1 toN.

Constraint (1) ensures the assignment of all jolestatch and to a machine.



N
Minimize N> 0)
i=1

st.

N M

k=1m=1

N

> W;* Xjm =B *Dim Vke[L,N;Vme [1,M] 2)
j=1

M

> bns1 Vke [1,N] ©)
m=1

Skm 2 Xjkm * T | VjVYke [l N];Vme[1,M] (4)
Sin = Skam* P *bram Yke [2,N];Y me [1,M] (5)
S'iZSkm~ Q" - X jn) ViVvYke[l N;Vmel[lM] (6)
S'J.th+15 Vijie[l, N] @)
f 287t -20 Vje [1, N] (8)

D (kmod my+1=1 V ke [1, nb] (9)

Xjkme {O']'};bkme {0’1};Skm 2 0; f j > Os'j >0

Constraint (2) is the capacity constraint in caetelk is created on machima. Constraint

(3) assigns a batch at most to one machine. Camis{da sets the ready time of a batch as the
greatest release date of jobs in that bdtcbase more than one batch is assigned to a
machine, (5) ensures a difference at least equbktexecution duratiop, between the
processing of these batchesblfyis null, then batclk on machinenis a dummy batch and
its ready time is directly given to the next indéxmtch on machine and the processing
duration of batchk is 0. Thus, another functionality of constraintiGjo assign a ready time
to all batches, from 1 tN, even if they are not creatad. dummy batches get also a ready
time with (5). Constraint (6) sets the processiagting time off equal to the processing
starting time of the batch in which it is includéd said before, the minimum time required
for the pre-disinfection is 15 minutes. Hence, ¢t (7) allows the processing of a job at
least 15 minutes after the beginning of its prendestion. Remember that the desired

duration for the pre-disinfection is between 15 @fAdninutes. If a job has a pre-disinfection



duration between 15-20 minutes, then we do not tegd/e a penalty to that job. But if that
value is more than 20 minutes for a job, in thisecave give a penalty for each minute that
exceeds 20 minutes of pre-disinfection. Thus, cairit(8) defines the penalization for each
job. As all batch processing times are equal, vpsse that, starting from the first batch;
batches are placed consecutively on machines. Tiienom number of batches is expressed
asnb, so, at leastb batches should be created. By constraint (9)fitstenb batches are
placed consecutively on machinls.modM” determines the machine on which bdtahill
be processed. We add “1” tk'hodM)” in order to prevent from having 0 as a machine
index and without loss of generality; we placefibs batch on machine number 2.
Improvement of the MILP model

In order to improve the resolution time of the Mih#®del, we will first consider two
cases: the case with a single machine and thendiseeveral machines. Let us start with the
one machine case. Consider first thlais strictly smaller thai (which is generally the
case). Then, for the rest of indexes frol-1 until N, we can not know if these batches are
created or not. But supposing that there are ni@nertb batches to form, we can impose the
following constraintbyy, > bkeim Wherek=nb+1, ...,N-1 (constraint 10). For the case with
several machines, we can think the same way t@addid inequality to the model. We see
that a batch can be assigned to only one machiasirtg from batcinb+1, (because the first
nb batches have already been assigned to machineggampredefine the variableg, whose
value is equal to 0, and whose value is greater dha&qual to 0. Reasoning the same way as
for constraint (9), we continue to assign the bascsuccessively on the machines. Hence, the
two constraints that we add to the system lagimod my+=> O Wherek=nb+1, ..., N(constraint
11)andby v = 0 wherek=nb+1, ..., N for all m#A(k mod M¥1 (constraint 12). After adding
these constraints to the system, the total numibearr@bles idN2M + 2NM + 2Nand the

number of constraints BN2M + M(BN —nb — 1) + 4N + nb



4.1.2. g-constraint model for the minimization of the launched washing cycles

In T'kindtet al. (2006), the authors propose several methods ftii-oriteria
scheduling problems;constraint being one of these methods. &cwnstraint model
consists in optimizing one criterion first; theaspecting the value of the first criterion, we try
to improve the other criterion. Thus, the proposednstraint model optimizes firstly the
mean pre-disinfection excess time usingMiePme model proposed in section 4.1.1. Then,
respecting the optimal value found previously, werdase the number of formed batches by
1 and solve th#ILP;ne model again. We continue this operation untilvthkie of the
optimal mean pre-disinfection excess time is ineeeeor the lower bound on the number of
batchesnb, is reached. However, the trivial lower bound, defined in section “4.1.1.” is not
always reachable: Suppose that we have 5 jobs wgimse are equal to “Cap/@+wherea is
a very small number while the batch capacity issé¢m“Cap”. We can easily see that the
minimum number of batches for these five jobs isaédp 5. But, summing their sizes,
dividing by the batch capacity and then roundingaithe nearest integer leads to 4 batches,
which is not a feasible solution. So, in orderatcalate a reachable lower bound on the
number of batches, we provide a second MILP model.
MILP modéd for batch number minimization

The MILP modelMILPnp: batch We present in this section simply solves a bickpay
problem in order to find a lower bound on the nuntfeébatches needed for a given problem
(For more information on LP modeling of bin-packimgpblems, we refer the reader to
Carvalho (2002).).
I ndexes: Decision variables:
j: 1,...,Nfor jobs Xi: 1 if job] is assigned to batdf O otherwise

k: 1,...,Nfor batches b 1 if batchk is created, O otherwise



Parameters:
w;: size of joby
N: number of jobs

B: machine capacity
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In this model, the first constraint ensures theégassent of all jobs to a batch and the
second constraint is the capacity constraint ie galsj is assigned to batdt The objective
is the minimization of the number of batches. Nawg,can give the-constraint resolution
steps. (The model starts first by implementitid.P;me, SO let us call ig-constraingime)
The proposed e-constraint model: e-constraintime
1- SolveMILP;me and find the optimal mean pre-disinfection exdess.
2- Evaluate the number of batches formedvlyP;me: NB (NB for number of batches)
3- Calculate the lower bound on the number of kedgib, with MILP o patch
4- If the number of batches createdMl_P;ine is equal to the lower bound, then end the
algorithm. Else, decrea®B by 1, put it as a parameterMiLP;me for the number of batches
(i.e. let the index of batches vary between 1 Bl and solveMILPime
5- If the objective function (the mean pre-disinifes excess time) increases, stop the
iteration. Else, go to step 4.

The resolution scheme of theconstraint model is shown on figure 2.
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Figure 2. Resolution scheme for tleconstrainme

We see that by the first implementationMiLP;ine the optimal mean pre-disinfection
excess time is found. However, the number of batcheated by that first resolution of
MILP:ime could be decreased, respecting the optimal meadipinfection excess time. Thus
in each iteration, we decrease the number of bateh@ne, our aim being to optimize this
second criterion respecting the optimal mean psaxfitiction excess time.
4.2. Heuristic approaches

In this section, two heuristics are presented.firseone is constituted of the two
MILP models explained in the previous sections. 3ieps of the first heuristic are reverse of
thee-constrainte model. By starting the resolution WiLPme with a small number of
batches, we aim to have a smaller resolution thraa the case where the index of jobs varies
from 1 toN. Afterwards; we present a second heuristic fagdainstances of the problem.
4.2.1. Compound MILP model (CompA)

Inspiring from the resolution scheme presentedhar@et al. (2009), we present a

similar algorithm for our problem. This method isaror like of thes-constrainfme In each



iteration, we are allowed to degrade the seconidnigstion criterionj.e. the number of
batches, in order to develop the first optimizatoiterion,i.e. themean pre-disinfection
excess time. The algorithm consists first in figdanlower bound on the number of batches,
saynb, for a given problem. Then, this value is assigetthe upper bound for the number of
batch index irMILP;ime. This way the variablk in theMILPyme does not vary from 1 tN, but
from 1 tonb. After finding the optimal mean pre-disinfectioxcess timenb is increased by
one and then thllLPgme model is solved again. This iteration continuesl time value of the
mean pre-disinfection excess time is no more imgadoWote that for finding theb, we use
MILPnpbr paich Our aim with this heuristic is to have a moresmgeable computational time for
the resolution oMILPyme than we had ia-constrainiine It is obvious that the probable
numbers of batches fall into a range of NtavhereN is the number of jobs in the problem.
Thus, starting the resolution BfiLP;me With nb batches, rather thashbatches, lets a smaller
solution space for thelILP;me model and hence we may gain in the resolution.tirhe
resolution scheme for the compound heuristic isgmeed on figure 3.

Compound Algorithm (CompA)

1- Set the initial solution for the mean pre-disittfon excess time (objective function) equal
to a very big number

2- SolveMILPypr patchin order to find a lower bound on the number dthasnb.

3- SetN’ =nb

4- Apply N’ as the upper bound for the index of batchelslibP;ine (i.€. let the index of
batches vary between 1 aNd

5- SolveMILP¢ime

6- If there is a decrease in the objective funcfibe mean pre-disinfection excess time), set
N’ =N’+1 and go to step 4. Else end the algorithm.

With the compound algorithm, we can not be surthefoptimality for the mean pre-
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Figure 3. Resolution scheme for the compound algorithm model

disinfection excess time criterion. It is possitdénave locally optimal solutions, while with
greater number of batches; the mean pre-disinfeetk@ess time may get smaller. Because
the algorithm stops with the first increase of tluenber of batches which does not improve
the mean pre-disinfection excess time criterionyweg risk having a local optimum. That is
why the method is presented as a heuristic.
4.2.2. Timeinterval heuristic (TIH)

The previous solution methods use only MILP modetsch may be inefficient in

time for problems of large size; so, we presentlgrmial time algorithm in this part. This



heuristic operates by first deciding a time windovnd then within each time window, a
knapsack problem is solved, where all jobs haves#tmee weight (or importance) but may
have different sizes. For the resolution of thepgsaak problem, we use a procedure inspired
form the “first fit heuristic” of classical bin-pking algorithms (Johnsoet al. 1974).

However, we stop the first fit resolution procedwigen only one batch is created. (Note that
the bin packing problems aim at minimizing the nemaf bins, though knapsack problems
aim at maximizing the sum of the products of jobghieand job size for all the jobs to be put
in a bin/batch, i.e; used batch capacity in oubf@m.) This way a batch is created and it is
assigned to the first available machine. The proetbr the creation of a single batch in the
given time horizon is given below:

Procedurefirst fit (PFF)

1- Sort jobs in non-decreasing order of releasesdiata list
2- Open a batch
3- Starting from the first element, run through liseL, if the job fits the batch, put it in the

batch, else, continue with the following element of

In fact, it is not absolutely suitable to call tiesolution procedure as a knapsack
resolution as we may have fractional job sizesuinpsoblem while knapsack problems have
integer job sizes. The difference between PFF &hi$ Ehat FF packs all the elements of a
list, sayL. But with PFF, only one batch is created. Note il&FF procedure, the jobs are
added in a batch in increasing order of their se#ates. Moreover, the whole job list is
scanned to fill the batch. Thus, release dateta&isn into account while maximizing the used
batch capacity. Concerning the time windpwe shall say thdtis defined by maxr¢; first
machine availability among all machines) wheres thek-th earliest job release date among
the unassigned jobs. The paramé&tieyvaried for 1 td\, i.e. the number of jobs. The

heuristic is as follows:



TimeInterval Heuristic (TIH)
1 Sort jobs in non-decreasing order of releasesdatiey, and set; = Lo
2 Set the initial solutiarsol,, for the mean pre-disinfection excess time, etpal big
number
3 Fork =1 toN,
3.1 WhileL; is not empty,

3.1.1 If the number of elementd.inis smaller thark, setk = number of elements iy

3.1.2 Define the time window= max (release date of tR8 element of_y; first machine

availability among all machines)

3.1.3 Apply PFF on jobs whose release dates arbesrtteant and erase batched jobs

from L,

3.1.4 Among the batched jobs, find the jdipge pre-disinfection beginning time is the
biggest, and equal frenax Sett’ = max premax+ 15; first machine availability
among all machines; biggest job release date ibaleh)

3.1.5 Oncé is reached, launch a washing cycle with the bataméd by PFF, and
calculate the new availability of the machine orichtthe batch is processed

End while
3.2 Letsolyp: be the obtained mean pre-disinfection excess time
3.3 Ifsoky > SOlnpt, Setsokn = SOkt
3.4 Set; =Lo
End for

The algorithm defines the length of the time inédaccording to parametkiin step
3. Each time a batch is formed using PFF heurigteeparametdr is calculated for the
launching time of the batch. Step 3.1.4 lets ugeetsthe minimum pre-disinfection time
which is 15 minutes for all jobs in the batch atebat helps to redefine the processing
starting time of a batch according to job releaaseslin that batch. In each resolution with a
different value ok, a new mean pre-disinfection excess time is fo&od thanks to the step
3.3, we choose the smallest value for the objedtinetion.

The complexity of the algorithm can be stated as’@gN): We first have a
parametek which varies from 1 t& and for each different value kfwe enter a while loop.

For each different value &f in the worst case, we can suppose that we dmdewrhile loopN



times. The dominant complexity among the steplénvthile loop belongs to the step 3.1.3
where we apply PFF algorithm. PFF may have a caxitplequal to OKNlogN) in the worst
case. Thus, the worst case complexity of the alyorcan be expressed asN®ogN).

5. Experimental design

In this section, we test the effectiveness offttmposed solution methods. MILP
models are solved with the commercial program CPIBX. The instances we test are
inspired from a real case. The data given by aapgi¥rench hospital are used to create these
instances. More precisely, the machine capacitghbarocessing time, job sizes and release
dates are inspired from the real case. The madaipacity is assumed to be 6 DIN (DIN is a
standard measure type for the volume of washersjr@nwashing duration is 60 minutes. In
the real case, there are nearly 36 different RMziges and these may take any value
between 0 and 6. We observed the frequenciesfefelift RMD sets sizes within 5 days data
and created different job sizes, respecting thpgntmnality of these frequencies. For the
release dates, it is observed that there are aaged to 5 RMD sets arrivals to the
sterilization service per hour and there may be €0t minutes of difference between different
RMD sets arrivals. For the pre-disinfection begmys, the difference between the pre-
disinfection beginning in the operating blocs amel &rrival to the sterilization service of a
RMD set may be randomly fixed to 5 to 30 minutes.

Beside random RMD arrivals, in some sterilizatiervgces, there is a regular
collecting of RMD sets among operating blocs. Hemaedefine 2 more different types of
job release dates. We consider 20 minutes and AGtes of regular job release dates (or
RMD set arrivals to the sterilization service). Shwe have defined 3 types of instances
according to RMD set release dates. Let us nanme #sef!, 2%and & types of instances for
irregular arrivals, 20 minutes of regular collegtimnd 40 minutes of regular collecting,

respectively. However, note that in any arrivaletyfhere may be more than one job released



at the same timé.e. more than one RMD set may arrive to the sterilimaservice at the
same time. Moreover, the difference between thalmiafection beginning and the arrival to
the sterilization for a RMD set may be bigger tB@minutes for Stype.

We group our experiments according to the numbghsf and the number of
machines. The number of machines varies from 1n@dhines, while job numbers are 10
and 15 for small instances, and 50 for real casgiried instances. For each job
number/machine number combination, we test 90 mdiffieinstances. Thus, for each type of
instancej.e. 1%, 2" and & types, 30 instances are tested in any job numbetine number
combination. An Intel Corel 2 Duo, 3 Ghz CPU congpwtith 3.25 GB Ram is used for all
computational experiments. The solution approaanesoded in C++ language, and CPLEX
version 10.2 is used to implement the MILP mod€&le resolution time limit with CPLEX is
set to one hour.

5.1. Comparison of mean pre-disinfection excesstime for different solution approaches
on small instances
First of all, let us show, on different instancpdy, the average resolution times and

the percentage of optimally solved instances Withimplementation of thilILPyme.

Table 2. Average resolution times for different instanceey

Instancetype 1l Instance type 2 Instancetype 3
Nbr. Nbr.
of jobs of mach.  %opt ART %opt ART %opt ART
10 1 100 % <1 100 9%=3.2 100% <1
10 2 100 % <1 100% <1 100 %1
10 3 100 % <1 100% <1 100 %1
10 4 100 % <1 100% <1 100 %1
15 1 100 % 595 100 % 373 100 906
15 2 100 % 1100 100 % 923 ~50% 2560
15 3 100 % 1350 70% 1373 0 %3609
15 4 100 % 1699 0% >3600 0 %3600

% opt: Percentage of optimally solved instand®RT: Average resolution time in seconds

Thanks to table 2, the effectivenesdit P;ime can be evaluated. For the cases with 10

jobs, all instances are solved optimally in a v@nall time. However, for larger instances, it



is not the case. For instances of type 1, all mtsta are optimally solved within one hour.
However, zero instances are optimally solved withe hour for 15 jobs/4machines case of
2" type instances, and 15 jobs/3-4machines cas€S typ@ instances. Consequently, we can
define the resolution limit of thielILP;ime as these instances. Note that for these instances,
CPLEX is stopped at the end of one hour and thatisal at that time is recorded.

In the following tables, we first evaluate the éswith an operational point of view:
Remember that the desired pre-disinfection ting0isninutes whereas 50 minutes is the
limit. Hence for a given instance, we would likeste the mean excess of pre-disinfection
time beyond 20 minutes. In tables 3, 5 and 6, wearderested in the average of “mean pre-
disinfection excess time” results after solvingiaditances in a given X jobs/Y machines
combination. Thanks to the grouping of instance®ating to job release dates, the instance
characteristics are similar within a given groupusg, it is reasonable to calculate the average
of mean pre-disinfection excess times within a grimusee the performance of our solution
methods.

We present the results of, 2% and & types of instances in different tables. In the
following tables, we compare the results found{mpnstraintme, CompAandTIH. We do
not need to compare the resultdMif_P;ine as it is the first step of theconstraint model.

Table 3 is dedicated to thé& fiype of instances. TheMPT” column refers to “mean pre-
disinfection excess time”. We compare the averdddR results found for solved instances
by different solution methods.

Note that all instances of'Instance type are solved optimally by theonstraint
model in less than one hour. Besides, the resultisd by the compound algorithm are exactly
the same as-constraintresultsfor all instances. In regard #dH heuristic results, nearly 70
% of the instances are optimally solvedTi#d (i.e. same results as constraingye) over all

instances of type 1.



Table 3. Average “mean pre-disinfection excess time” corigoar for £'type instances resolution

&- constraintime CompA TIH
Nbr. Nbr. Average of Average of Average of
of jobs of mach. MPT MPT MPT
10 1 19.3 19.3 21.4
10 2 2 2 2.3
10 3 0.2 0.2 0.3
10 4 ~0 ~0 ~0
15 1 30.9 30.9 34.8
15 2 6.68 6.68 8.22
15 3 1.72 1.72 2.86
15 4 0.44 0.44 0.5

Average of MPT: Average of mean pre-disinfection excess timesimutas for solved instances

However, we see that for the case of 15 jobs amédhine, even in the optimal
solution, the average of mean pre-disinfection simsegreater than 30 minutes. That leads to
an average of more than 50 minutes of pre-disiidiecMore clearly, for the case of 15 jobs
and 1 machine, 16 instances over 30 have more3amnutes of penalization for the mean
pre-disinfection times. We said that our aim igtaluate the results with an operational point
of view. Remember that for a RMD set, the diffeebetween the pre-disinfection beginning
in the operating blocs and the arrival to the Bation service may be randomly fixed to 5 to
30 minutes. Thus, even in optimal solutions, gametimes impossible to have 0 minutes of
penalization. Accordingly, it would be worth seethg percentage of solved instances having
less than 30 minutes of pre-disinfection. For tkeason, we show in table 4, the mean pre-

disinfection times of the instances solved forfiénstance type.

Table 4. % of instances having three different pre-disititecdurations for the®itype instances

Nbr. Nbr. &- constraiNtiime TIH

of jobs of mach. <30 30to 50 >50 <30 30to 50 >50
10 1 =0 ~ 81 ~19 =0 ~78 ~ 22
10 2 ~ 90 ~ 10 =0 ~ 85 ~ 15 =0
10 3 =100 =0 = =100 = =
10 4 =100 =0 =0 =100 = =
15 1 =0 ~ 50 ~ 50 = ~ 44 ~ 56
15 2 ~ 84 ~ 16 = ~ 80 ~ 20 =
15 3 =100 =0 = =100 = =
15 4 =100 =0 = =100 = =



Note that even in the optimal solution, thererayeénstances having exactly the ideal
pre-disinfection time (between 15 and 20 minut&k)s is because of pre-disinfection
beginning times and RMD arrival times charactarsstSeeing that a RMD set arrives to the
sterilization service at most 30 minutes aftepis-disinfection beginning, in table 4, we
show the percentage of three different pre-distidaadurations: smaller than 30 minutes,
between 30 and 50 minutes and more than 50 minQtearly, when there is more than one
washer in the system, most of the instances hagatan 30 minutes of pre-disinfection in
the optimal solutions. Moreover, 30 minutes of gignfection is quite good in an operational
point of view. We see also thatH gives again good results regarding optimal sohstid.et

us make the same kind of comparison for instant@¥and & type. ¢€.f. tables 5 and 6).

Table5. Average “mean pre-disinfection excess time” coriguar for 29 type instances resolution

g-constraintme CompA TIH
Nbr. Nbr. Average of Average of Average of
of jobs of mach. MPT MPT MPT
10 1 32.5 32.5 44.2
10 2 5.8 5.8 7.8
10 3 0.3 0.3 0.4
10 4 0 0 ~0
15 1 36 36 41
15 2 9.5 9.5 12
15 3 5.9 5.9 6.3
15 4 5.3 5.3 5.7

Average of MPT: Average of mean pre-disinfection excess timesimutas for solved instances

Table 6. Average “mean pre-disinfection excess time” corigoer for 3 type instances resolution

g-constraintime CompA TIH

Nbr. Nbr. Average of Average of Average of
of jobs of mach. MPT MPT MPT
10 1 17 17 18.8
10 2 4.5 4.5 5
10 3 3.11 3.11 3.16
10 4 3.04 3.04 3.04
15 1 43 43 53
15 2 15.9 15.9 16.7
15 3 12.9 12.9 13.3
15 4 12.8 12.8 12.8

Average of MPT: Average of mean pre-disinfection excess timesimutas for solved instances



For 2% and & types of instances, we see that the average peafare of tha'lH
heuristic is quite good. For th8%ype, TIH finds the same solution as theonstraint
method nearly for 65% on all tested instances. Tatis is equal to 85% for thé3ype of
instance. However, even for the optimal solutiomdchine cases lead to a mean pre-
disinfection excess of more than 30 minutes"fitype instances. In thé3ype of instances,
we observe the same result for 15 jobs/1 machise. daus, it would not be convenient to
remove manual rinsing from the system if therenly @ne machine (washer) in the system.
Note that for all instances of%and & type, the results of the “compound algorithm” are
again equal to the results found by theonstraint model in 100% of the tested instankces.
us enlarge our analysis and focus on the meanigirgattion time values of solved instances

for the 2% and & types.

Table 7. % of instances having three different pre-disitilecdurations for the™ type instances

Nbr. Nbr. &- constraiNtgme TIH

of jobs of mach. <30 30to 50 >50 <30 30to 50 >50
10 1 =0 ~ 49 ~ 51 =0 ~ 42 ~ 58
10 2 ~51 ~ 49 =0 ~51 ~ 49 =0
10 3 ~ 99 ~1 =0 ~ 99 ~1 =0
10 4 =100 =0 =0 =100 =0 =0
15 1 =0 ~ 30 =70 =0 ~ 20 ~ 80
15 2 ~ 60 ~ 40 =0 ~ 56 ~ 44 =0
15 3 =72 ~ 28 =0 ~ 66 ~ 34 =0
15 4 ~ 81 ~19 =0 ~73 ~ 27 =0

Table 8. % of instances having three different pre-disititecdurations for the"8type instances

Nbr. Nbr. &- constraintime TIH

of jobs of mach. <30 30to 50 >50 <30 30to 50 >50
10 1 =0 ~ 18 ~ 82 =0 ~9 ~91
10 2 ~ 16 ~ 83 = ~ 10 ~ 86 =

10 3 ~ 25 ~75 = ~ 20 ~72 ~

10 4 ~22 ~78 = ~ 20 ~ 80 =
15 1 = ~0 ~100 =0 =0 ~100
15 2 = =100 = =0 =92 =

15 3 = =100 = =0 =098 =

15 4 ~3 ~ 97 = =0 ~ 100 ~

Thanks to tables 7 and 8, we see that one machses of any instances lead to long

pre-disinfection times even in the optimal soluioHowever, with the increasing number of



machines, the pre-disinfection times get closer better level. Notice that with 40 minutes of
regular collectingi.e. 3¢ instance types, the difference between the piefdition
beginning and the arrival to the sterilization ®0RMD may be considerably high. Thus, in
these instances, pre-disinfection times vary rabeéween 30 and 50 minutes in the optimal
solutions.

We saw that- constrainime andCompAgave exactly the same results for all tested
instances. However, the resolution times for thhe®emodels are not the same. Let us

compare their average resolution times in the ¥ahg table.

Table 9. Average resolution times in secondsdaronstraint and compound algorithm models

Instancetype 1 Instance type 2 Instancetype 3
Nbr. Nbr.
of jobs of mach. &-const CompA g-const CompA g-const CompA
10 1 <1 <1 <1 <1 <1l <1
10 2 <1 <1 <1 <1 <1 <1
10 3 <1 <1l <1 <1 <1 <1
10 4 <1 <1 <1 <1 <1 <1
15 1 640 101 441 196 1344 81
15 2 1395 324 1050 312 3289 185
15 3 1975 812 1859 551 >3600 386
15 4 2866 2104 >3600 1368 >3600 543

Table 9 shows the average resolution timeg4foonstraint and compound algorithm
models. We see that there is a very big gap betivesnresolution times for 15 jobs
instances. Beside the resolution time concerngftienization criterionj.e. the mean pre-
disinfection excess time results of the compougdrithm model are always equal to the
results found by the-constraint method. Thus, we can conclude thatcémepound algorithm
is more efficient than theconstraint model for small instances. Howevert tlees not prove
the optimality of the compound algorithm for theangre-disinfection excess time criterion.
For larger instances, the compound algorithm may éinly locally optimum results (with the

increasing number of batches the objective funatiay stay stable while some more increase



in the number of batches may again decrease the preadisinfection excess time). Note
that all the resolution times are some millisecoiodg 1H.
5.2. Comparison for the number of batches criterion on small instances

The second optimization criterion in our problenthis minimization of the number of
batches. Computational experiments show that thebeu of batches formed by the
compound algorithm is always equal to the numbdradéhes formed by theconstraint
model (this is also reasonable as they give theegasults for the mean pre-disinfection
excess time criterion on the tested instances)s,Tihuhis section, we compare the number of
batches given bMILPyme, e-coOnstraintme (also compound algorithm results) anidH. We
also show the average of minimal number of batéesd byMILPyp; paich Let us show the
average number of formed batches by different Eniwpproaches orf12" and 3 type of

instances on the following tables.

Table 10. Comparison for average number of batchesbiyfde instances resolution

MILPgime g-constraintgme TIH MI L Pnbr-batch
Nbr. Nbr. Av. nbr. of Av. nbr. of Abr. of Av. nbr. of
of jobs of mach. batches batches batches batches
10 1 4.46 35 3.5 3
10 2 6.3 3.8 4.9 3
10 3 7.9 7.3 6.2 3
10 4 8.1 8 7.6 3
15 1 6.9 5.2 5.1 5
15 2 9.5 7 7.6 5
15 3 11.8 10 9.9 5
15 4 13.1 11.6 11.5 5

Table 11. Comparison for average number of batches”Btyae instances resolution

MI LPtime g-constrai nttime TIH MI LPnbr-batch
Nbr. Nbr. Av. nbr. of Av. nbr. of Abr. of Av. nbr. of
of jobs of mach. batches batches batches batches
10 1 4.5 3.8 4.2 3.1
10 2 6.6 4 4.9 3.1
10 3 8.3 4.5 55 3.1
10 4 8.7 5 6.1 3.1
15 1 7.2 5.2 5.2 49
15 2 8.8 6.8 7.2 49
15 3 11.2 8.4 8.4 4.9
15 4 12.6 8.5 8.6 4.9



Table 12. Comparison for average number of batchesdtyBe instances resolution

MILPtime &-constraintime TIH M1 L Phpr-batch
Nbr. Nbr. Av. nbr. of Av. nbr. of Abr. of Av. nbr. of
of jobs of mach. batches batches batches batches
10 1 4.4 3.5 3.6 3
10 2 6.5 3.3 4.3 3
10 3 7.8 3.6 4.5 3
10 4 8.7 3.6 4.5 3
15 1 6.4 5 5.4 4.9
15 2 8 6.2 6.5 4.9
15 3 11.6 6.7 6.8 4.9
15 4 12.3 6.7 6.8 4.9

We understand from tables 10, 11 and 12 that thabeu of batches is very well
improved by the-constraint model according to the number of baggieen byMILPme.
Moreover, thellH batch number results are also close to the refsultsl bys-constraint
model. Besides, remember that the compound algontas giving the same results for the
mean pre-disinfection excess time minimizationh&s{constraint model. The same result is
observed for the batch number minimization while tasolution times are considerably
smaller with the compound algorithm model. Tharmk&bles 10, 11 and 12, we see also that
the MILPppr.paichresults for the batch numbers are almost nevetitwes smaller than the
number of batches formed witkconstraingme.

We see thallH heuristic gives good results for the tested instanmegarding-
constraintme andCompA Now, we can widen test instances and try to lseefficiency of
TIH on instances tested by Damodaran and Velez-Ga(Rafi9).

5.3. Benchmarking for TIH on other instances

As pointed out in Damodaran and Velez-Gallego (200@ heuristic they propose
outperforms other heuristics in the literature. iTpeoblem is the minimization of the
makespan. Note that in their model, there is naipater like the pre-disinfection starting
time for jobs, and their objective is differentrimmurs. Thus, it would not be suitable to

compare thdIH results to the results obtained with their helrisgiowever, we can test our



TIH heuristic with instances of Damodaran and Velelte@a (2009) in order to seeTiH

still gives good results. For that purpose, wetlsetrelease dates of jobs equal to their pre-
disinfection starting times, and remov@gnax+ 15” condition in the step 3.1.4 ofH. The
objective function we minimize is the mean waittige (mwt),i.e. (1/N¥> (s — r;) wheres

is the processing starting time for jplandr; its release date. So in steps 2 and 3 lidf we
can replace the “mean pre-disinfection excess tinye'mean waiting time” andsol,’ by
“solnwt’. We remove also completely constraint 7 and “-#0tn the constraint 8 d¥lILPyme.
Note that the new objective function does not reawe physical significance for our own
problem, but we would like to see the numericafgrenance ofTIH on some other instances.

In these new instances release dates and jobfeli®g a uniform distribution with
release dates,€U[1,0Z], and sizesw,€U[1, MaxW] whereZ is the sum of job processing
times,a a parameter between 0 and 1, MakWis a parameter that defines the biggest job
size. The instances are defined for different valfehese parameters where 0.05, 0.10
and 0.50, antlaxWE5, 20. The machine capacity is set equal to 26 @amd the processing
time of a batch is equal to 10 hours. For each ¢oation ofa andMaxW,we test 10
instances. In the following tables, we compareréselts found for different values affor
the mean waiting time and the number of batches.

On the following tables, we see the performanc€lbfand the optimal solutions
found with thes-constraint model. For all the tested instancesatrerage for the mean
waiting times and the average for batch numberstame/n in tables 13, 14 and 15.We see
thatTIH gives quite good results, both in terms of meaningatime and number of batches.
Moreover e-constraingme andCompAgive again exactly the same results for all tiséet

instances.



Table 13. Testing of benchmark instances éoequal to 0.05

No. No. &-constraintime CompA TIH

of jobs of mach. MWT Nbr.batches  MWT Nbr.batches MWT Nbr.batches
10 1 3.2 34 3.2 34 3.8 28

10 2 1.14 4.5 1.14 4.5 571. 3.5

10 3 0.52 5.7 0.52 5.7 0.9 4.2

10 4 023 7 023 7 0.7 4 4.

15 1 8.2 45 8.2 45 9.8 2.7

15 2 24 6 2.4 6 3.7 2.7

15 3 0.7 5.8 0.7 5.8 19 31

15 4 0.3 7.3 0.3 7.3 16 34

MWT: Average of mean waiting times in houRfyr .batches: Number of batches

Table 14. Testing of benchmark instances foequal to 0.1

No. No. £-constraintime CompA TIH

of jobs of mach. MWT Nbr.batches  MWT Nbr.batches MWT Nbr.batches
10 1 3.1 39 3.1 3.9 4.1 3.9

10 2 0.8 59 0.8 5.6 1.15%.5

10 3 0.25 7.1 025 7.1 0.54 5.8

10 4 0.1 84 0.1 84 0.55.8

15 1 57 5 57 5 8.4 3.4

15 2 16 54 1.6 5.4 54 4.2

15 3 0.7 6.7 0.7 6.7 42 45

15 4 0.2 8.1 0.2 8.1 3.3 5.2

MWT: Average of waiting times in hourslpr.batches. Number of batches

Table 15. Testing of benchmark instances éoequal to 0.5

No. No. £-constraintime CompA TIH

of jobs of mach. MWT Nbr.batches  MWT Nbr.batches MWT Nbr.batches
10 1 1.45 8.9 1.45 8.9 1.8 7.7

10 2 0.16 9.6 0.16 9.6 280. 8.9

10 3 ~0 8.9 ~0 8.9 0.16 8.9

10 4 ~0 10 ~0 10 0.15 8.9

15 1 34 8.7 3.4 8.7 7.2 4

15 2 0.7 11.6 0.7 116 2.1 7.4

15 3 ~0 126 ~0 126 1.2 9.2

15 4 ~0 13 ~0 13 1.1 9.8

MWT: Average of mean waiting times in houlRdyr.batches. Number of batches

5.4. Performance of the TIH heuristic on real caseinspired instances

Note that for real life problem, we may have faren@bs/RMD sets than 15. For a
typical hospital, there may be more than 30 sutgiparations per day. That is why
previously tested solution methods are not veryplesbecause of long computational times
except for thel'lH. Moreover, we observe thatH gives good results both for mean pre-

disinfection excess time minimization, and batcinbar minimization. Thereford,|H can



be used for bigger sized problems in order to geidrand efficient results. In this section, we
applyTIH heuristic on a real situation inspired instancg esmpare it to a general washer
fulfillment strategy that is used in the sterilipat service we studied.

As explained in section 2.1, the general strategyhe fulfillment of washers is a
“fifo” system in an “online” manner. In that systeno information about the future RMD
sets is needed and washers are filled with consecBMD sets. Once there is an RMD set
that does not fit in the washer which is beingefill a washing cycle is launched. However,
ignoring any information about future arrivals dfIR set and batching only consecutive
RMD sets may cause long pre-disinfection duratidvie.would like to show how knowing
future RMD set arrivals may help us to take badtisions for the fulfillment of washers. In
the previous sections, we have seen thal tRHeheuristic was giving quite good results. Thus,
in this section we compare thiéH heuristic to aronline FIFO system.

We inspire from the data given by a private hospit&€aen, France (Di Mascoki
al, 2006). In the sterilization service, there argaghers, while the washing step works
between 9 a.m. and 19 p.m. (The first RMD setyamround 9 a.m.). The RMD sets arrive
irregularly at any time of the day, and there ararly 50 RMD sets sent to the sterilization
service. There are on average 4 to 5 RMD setsadsrper hour. Thus, we prepare an instance
for this real case similar to th& fype of instances explained in the previous sectiée have
50 RMD sets to treat and the processing time ocshimg cycle is equal to 60 minutes.

In the following table, we see the average of m@andisinfection excess times tested

on 30 problem instances.

Table 16. Average mean pre-disinfection excess time compiaiffisr TIH andonline FIFO

No. No. TIH online FIFO
of jobs of mach.
50 4 1.09 minutes 30.7 minutes




Clearly, the average result of these tested 30ceessd inspired instances is much better
with theTIH than withonline FIFQ The average of mean pre-disinfection excess times
which is found as 1.09 minutes means that the mgaiif RMD sets is penalized just with
1.09 minutes on average on all the tested instali¢escan guess that this value is very close
to the optimal (for any problem, the best posdlitweer bound for the pre-disinfection excess
could be 0 minute). Remember that only duratioas &ne bigger than 20 minutes of pre-
disinfection are penalized. Thus, 1.09 minuteserfgtization means a pre-disinfection time
of 21.09 minutes on average after the startingefdisinfection. There is no instance with a
pre-disinfection time more than 50 minutes withl and 15 instances over 30 have pre-
disinfection between 15 and 20 minutes. Thus ih¢hae, manual rinsing could be removed
from the systemTIH guarantees the desired pre-disinfection duratoakshence rinsing
could be done only automatically in washers. Howewéh theonline FIFQ, 16 over 30
instances have more than 50 minutes of pre-didiofecThus, the penalization is really high
with theonline FIFO system.

Let us expand the comparison and show the numideatohes formed by both

methods.
Table 17. Average number of batches formed by TIH and FlRGnhe
No. No. TIH FIFO online
of jobs of mach.
50 4 31 batches 16 batches

Obviously, theonline FIFOis better than th&lH for the criterion of number of
batches. In fact, it is not surprising to have senalumber of batches with tloaline FIFO,
The strategy of thenline FIFOis to close batches whenever an RMD set doestriatdn
existing batch. This is exactly the same of the fiealgorithm which is one of the classical
bin packing heuristics. However, minimizing the rhenof batches, amline FIFOdoes,

causes enormous pre-disinfection durations.



For the sake of curiosity, we can extend the caoispa supposing regular collecting

of RMD setsj.e. with testing 2¢ and & instance types.

Table 18. Average mean pre-disinfection excess time compiaffisr TIH and online FIFO

No. No. 2" typeinstance 3" typeinstance
of jobs of mach. TIH online FIFO TIH online FIFO
50 4 5 min. 36 min. 17 min. 46min.

We see that even witf®and 3 instance types, thenline FIFOdoes not give very
good results for the mean pre-disinfection excese bf RMD sets. In table 19, we also show

the number of formed batches for the same instances

Table 19. Average number of batches formedTiid and online FIFO

No. No. 2" typeinstance 3" typeinstance
of jobs of mach. TIH online FIFO TIH online FIFO
50 4 26 batches 19 batches 21 batches$ batthes

Though, the gap between the number of batchesefbbyTIH and online~IFO tends
to get smaller with the regular collecting. Esplgjavith 40 minutes of regular collecting of
RMD setsj.e. 39 type of instance, the mean pre-disinfection extiess found byTIH is
much better than that ohline FIFOwhile there is no big difference between theicchat
numbers.

6. Conclusion and futureissues

In this study, we modeled the washing step of dligegion service as a batch
scheduling problem. When there is no manual rinbigfgre the washing step, the pre-
disinfection durations may be more than the dedeweel. Note that high pre-disinfection
durations may corrode RMD. Thus, we aimed at migiing the mean pre-disinfection excess
time of RMD sets at the washing step, when them®imanual rinsing in the system.

Our batch scheduling problem has the following gmations: parallel batching
machines which can process several jobs at the samagjob release dates, job sizes, limited
machine capacity and equal job processing timesidfjual job processing times are

considered, our problem becomes a special caskisanew problem. We developed some



exact and heuristic algorithms and tested theaotiffeness on real case inspired instances.
We see that th€lH heuristic works quite good compared to exact smiutnethods and it
requires very small computational times. Howewests on small instances showed that even
having the optimal solution with one machine cak®egj pre-disinfection times can not be
prevented. Thus, when the number of machines ig than 1, exact and heuristic methods
work really well for having good pre-disinfectiomes. We can conclude that for sterilization
services having more than 1 machine at the wastiepy the manual rinsing can be removed
from the system as we can have desired pre-disiofedurations with the proposed
resolution methods.

In fact, our main aim in this study is to preparfesanework which can be used by
washing operators in order to take good decisitwsitethe batching of RMD sets. Applying
a simple online FIFO strategy and combining onlysazutive RMD sets for the launching of
washer may cause high pre-disinfection times ie tlhsre is no manual rinsing. However, we
have seen that real life inspired cases are alsedefficiently with theTIH heuristic.

Nevertheless, in our work we suppose that futureDRIdt arrivals are known in
advance. Therefore, the next steps of this studylmao develop a coordination system
between operating blocs and the sterilization serii order to estimate the arrivals of RMD
sets in advance. Then, a final step could be pirgparuser interface for the washing
operators.

Note that no real life problem is fully determimistSo, in the future work
uncertainties about RMD set arrivals should alsteken into account. For such cases, we
can modify the TIH heuristic in order that it becssrflexible if RMD set arrivals do not
occur 100% as expected. Each time there is an RéMihat does not obey the foreseen
arrival; TIH may be re-executed with the unexpeawadial in order to modify the washing

schedule.



Finally, this work may be extended with other ohjexfunctions like bi-criteria
optimization of number of batches and mean preaafiistion excess time.
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