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Abstract

In this paper, we study the problem of minimizihg total duration of the washing
operations in hospital sterilization services. Afige in operating blocs, reusable medical devices
(RMD) are sent to the sterilization service, whiglcomposed of various steps. In the washing
step, different sets of RMD, used for differentgarres, may be washed together without
exceeding washer capacity. It is generally notvadid to split RMD sets among several washers.
We consider a batch scheduling problem where RMPa® denoted as jobs having different
sizes and different release dates, but equal poaesmes for the washing. We give optimal
algorithms for a special case of the problem wi@esizes form a strongly divisible sequence
and for another case when job splitting is allowedpectively. Afterwards, a mixed integer
linear programming model is developed for our pealland an approximation algorithm with
worst case ratio of 2 is presented.
Keywords: OR in health services, hospital sterilization ggybatch scheduling, mixed integer
linear programming, approximation algorithm
1. Introduction

Hospital sterilization services aim at eliminatedginfectious risks subject to the use of
medical devices in surgeries. The most importajgaive is to prevent nosocomial infection. As
a primordial operation, sterilization provides tieeise of medical devices in the next coming

surgeries. After each use, sterilization guaranteesiesired hygiene level of reusable medical



devices (RMD) for other uses in operating blocs.R6&n be defined as instruments used in
surgeries that can be re-used. Beside the stéigiizaoncern, in fact like all other sectors,
hospitals are facing increased costs in their sesyilogistics or purchasing activities. Respecting
hygiene conditions, increasing the number of relesaiedical devices sterilized per day may
help to cut costs about the purchasing of thesgsunts.

Sterile devices are designed for just one useyrasdveral uses. In case a sterile device is
used for more than once, we speak of a reusableatebvice. All RMD foreseen for a surgical
operation must be sterilized. Sterilization prodesggulated by some quality standards (see
(AFNOR, 2005) for French quality standards of RMEriization).

The sterilization is a cyclic process (Fig.1) whislitomposed of several steps. Starting
from the use in operating blocs, RMD are sentéal&ation service and pass the following

steps: pre-disinfection, rinsing and washing, veaifon, packing, sterilization, storage and reuse
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Figure 1. Sterilization Cycle

Washing

After use for a surgical operation, RMD are dirggtlit in a substance, which enables pre-
disinfection, and are transferred to the steriiczaservice. There, they are firstly rinsed and
washed in washers. The rinsing is done either mignoraautomatically in washers. In our study,
we consider that rinsing is carried out by wash&fer washing, RMD are verified and packed
into corresponding boxes. All items must be padkédsidually or grouped into boxes before
sterilization. Afterwards, they are sterilized imchines which are called “autoclaves”,

transferred to operating rooms and stored befarsereBecause the washing step is usually a



bottleneck over all the sterilization process (Athet al.2008; EESS, 2007), our aim is to
minimize the total time spent for the washing ofiers.

The remainder of this paper is organized as folldwsection 2, we describe the problem
of fulfilment of washers and show how this probleam be treated as a batch scheduling
problem. In section 3, we give a literature revedyout batch scheduling problems. Sections 4
and 5 present optimal algorithms two different sasfethe problem. In section 6, a MILP model
and a 2-approximation algorithm are given. Sectiosdedicated to the experimental design.
2. Problem description
2.1 Praoblem of fulfilment of washers

The scheduling problem investigated in this paerits motivation from the washing
step of a sterilization service. The number ofadi#ht types of RMD is generally very high and
for a typical hospital, there may be hundreds offRiMferences. All RMD used for a surgical
operation constitute the RMD set for this surg&gcause each surgery may require different
numbers and types of RMD, sets may be of diffesezds. For different reasons (surgery
beginning times and durations, pre-disinfectiorcptlure, etc.), RMD sets are ready for washing
at different moments in a day. However, operatilog Bcheduling helps to know the arrival
times of RMD sets to the sterilization service. EirRMD set arrival times and sizes can be
estimated in advance.

The washing of RMD sets is carried out by washérglvcan be identified with identical
batching machines. It is possible to put more thrae RMD set into a washer as long as its
capacity is not exceeded. The decisions to makéhare which RMD sets to put together in
order to constitute a batch for the washing, andmitio launch a washing cycle. The
characteristic of unequal RMD sets ready timegHerwashing complicates the decision of
batching RMD sets. Note that in the washing stédg@DRsets are not usually allowed to be split
among several washers because of organizationdlacehbility reasons. In case of splitting,
due to the multiplicity of RMD references, it take$ong time to reassemble the boxes of the
RMD sets identically in the next steps. Moreovelitsng may cause some mistakes about the
reassembling of RMD sets.

Due to great number of surgeries and capacity cansof washers, the washing step is
usually the bottleneck of the sterilization procésbert et al.2008; EESS, 2007). Hence,

minimizing the duration of the washing step carphelincrease the performance of the



sterilization process and also to increase the enmmbRMD sterilized per day. Another benefit
of minimizing the duration of the washing stephattit can be possible to assign the washing
operators to other posts as soon as the washawgripleted thanks to the operator versatility.
In this paper, we define the problem of fulfilmeftwashers as a batch scheduling
problem where RMD sets are denoted as jobs andensak parallel batching machines. More
formally, if we make a connection with schedulingldems, we are given a list of jobs= (j,,
J2,---, b, all of which have the same processing tpnbut may have different release dates
and different sizes;. We aim to schedule the jobs on identical paralgth processing
machines without pre-emption. A parallel batchingchine is a machine that can simultaneously
process more than one job as long as its capacitgtiexceeded. Our aim is to explore
opportunities for a better grouping of RMD setstfog washing in order to minimize the total

completion time of washing operations.

2.2 ldentification with a batch scheduling problem
To the best of our knowledge, Albettal (2008) are the first ones who study the problém o
fulfilment of washers. In their work, they simulatéferent online fulfilment strategies€. when
the information about job sizes and release datersa known in advance) for washers, like
launching a washing cycle when a predetermined madapacity 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.g;l@e model the problem of fulfilment of
washers as a batch scheduling problem. So, irotteving, RMD sets are denoted as jobs and
washers as parallel batching machines. We makillbe/ing assumptions:
» There arenjobs to be processed. The release date and thefgaej are denoted by
andw;, respectively. The processing times are equalfgobs and denoted lyy.
» All machines have the same capadtgnd the size of a job cannot be greater than the
machine capacity.
« Several jobs can be batched together respectingdlcbine capacity constraint.
» Once a processing for a batch is started, it capaatterrupted.
« Since it is a parallel batching problem, the pregegtime of a batch is equal to the
longest processing time of jobs in that batch @atid Kovalyov, 2000). As all the jobs

in our problem have the same processing tpn#)e processing time of any batclpis



» We are not allowed to split a job into several batc

Inspired from the Graham’s notation (Grahanal., 1979), we propose the following
notation for our problen® | p-batch, 1, p = p, w, B | Gnax In this notationP stands for
identical parallel machinep;batchfor parallel batching, which means that severasjmay be
executed together in a machine at the same tiaad w; denote job release dates and sizes,
respectivelyp,=p stands for equal processing times 8fdr machine capacity. Finall@max

refers to the minimization of the total completitme, i.e. minimization of the makespan.

2.3 Problem complexity
Uzsoy (1994) studies the complexity of the probRinp-batch, p=p, w, B | Grax He
shows that for equal job release dates and eqoigrjzcessing times, the problem is NP-hard. As

this special case of our problem is NP-hard, tloblem we treat is also NP-hard.

3. Literaturereview

In the scheduling literature, batch scheduling fgois may be divided into two groups:
serial batching and parallel batching (Potts andafmv, 2000). In the serial batching, jobs may
be batched if they share the same setup on a neaahththe processing time of a batch is equal
to the sum of processing times of all jobs in thetch {.e. one job is processed at a time)
(Coffmanet al, 1990). In parallel batching, several jobs maptmessed at the same time and
the processing time of a batch is equal to thetgsé@rocessing time of jobs in that batch
(Mathirajan and Sivakumar, 2006). Still, it is pibés to divide parallel batching problems into
groups according to job sizes or job families. ther classification according to job sizes, we can
have two sub-groups: jobs requiring one unit of Inirae capacity (Leet al, 1992), or jobs
having different capacity requirements (jobs hawifterent sizes) (Uzsoy, 1994). Note that for
this last one, if all release dates are equagntloe possible to define the same problem as a bin-
packing problem according to the criterion to ofitien If the problem is subject to job families,
all the jobs in the same family have the same @%ing time, but may have different sizes and
release dates (Potts and Kovalyov, 2000). If batee limited to jobs from a single job family,
incompatible job families are under considerat&re, compatible job families are considered
(or a single job family). Clearly, our problem iparallel batching problem with different job

sizes and a single job family.



In parallel batching problems with different jolzess, the sum of job sizes that are put into
a batch should not exceed machines capacity. Bacis pssigned to just one batch. The
processing time of a batch is given by the longestessing time of jobs that are put into the
batch. In table 1, we give a brief classificatidrite literature dealing with parallel batch
scheduling problems in presence of a single jobljawifferent job sizes and different job
processing times. We observe that most of the iamkses on makespan minimization.We can
classify these papers into four groups as: 1- singichine and identical release dates, 2- parallel
machines and identical release dates, 3- singléimaand unequal release dates, 4- parallel
machines and unequal release dates. For the fagpgUzsoy (1994) studies the problem of
minimizing the makespan and sum of job completiores. He proves that these two problems
are strongly NP-hard. He provides several heuratjorithms based on the first fit algorithm,
which is one of the classical bin-packing algorighiior the minimization of the makespan and a
branch and bound algorithm for the minimizatiortref sum of job completion times. Ghazvini
and Dupont (1998) develop several heuristics irotd minimize total flow time. Azizoglu and
Webster (2000) consider also job weights whichlzadescribed as job importance. They give a
branch and bound algorithm for the weighted sufolmicompletion times. Zharet al. (2001)
provide an approximation algorithm with a worstecaatio of 7/4 for the makespan
minimization. They also analyse heuristics propdsetdzsoy (1994) and compare them with
their own solution method. Dupont and DhaenenseH|g902) propose an exact solution method
with a branch-and-bound algorithm. They presentidante properties that can be used in an
enumeration scheme. Kashetral. (2006) propose two genetic algorithms for the f@ob They
report that their solution method outperforms tineusated annealing proposed by Melcatkal.
(2004). For the second group, Kaslearal. (2008) report that the genetic algorithm they depel
outperforms the simulated annealing given by Cletrad. (2004). It is clear that the third and
fourth groups are more important for us since uakmlease dates are considered. For the third
group, Liet al.(2005) provide an approximation algorithm with arst case ratio of Zxwhereg
can be arbitrarily small. Finally, for the last gpy Chunget al. (2009) propose a MILP model
and an heuristic approach. Their heuristic usestarameter in order to define a time horizon
in which jobs are selected to be batched, and@sggarameter to define the desired fullness
ratio of batches. They experiment the heuristidwlifferent values of these parameters.

Damodararet al. (2009) develop a “Greedy Randomized Adaptive Searc



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

family
Reference Shop type Release Solution Perforenanc
dates approach criterion
- Uzsoy(1994) Single machine Identical Heurisligorithms, Cnax .G,
B&B procedure
- Ghazvini and Single machine Identical Heuristics G
Dupont (1998)
- Azizoglu and Single machine Identical B&B proues Y WG
Webster (2000)
- Zhanget al.(2001) Single machine Identical Heuristics Crax
- Dupont and Single machine Identical B&B procedu  Cpax
Dhaenens-Flipo(2002)
- Melouket al. Single machine Identical MILP model, Cinax
(2004) Simulated annealing
- Chang et al. Parallel machines Identical Geradgiorithm  Chax
(2004)
- Li et al. (2005) Single machine Different Heuristic Crmax
- Kasharet al Single machine Identical Genetic algorithm€max
(2006)
- Kasharet al. Parallel machines Identical Genetic algorithmCiax
(2008)
- Chunget al. Parallel machines Different MILP model, Crmax
(2009) heuristics
- Damodararet al  Parallel machines Different Meta-heuristic  Chax
(2009)
- Damodaran and Parallel machines Different Héaris Crmax

Velez-Gallego (2009)

Objective: Cmax = total completion time (makespaif}; = sum of job completion timegw,C; = weighted sum of
job completion times

Procedure (GRASP)”. They report that the GRASP @gr guarantees the optimal solution for
small instances and performs better than the heupioposed by Chunet al. (2009). Finally,
Damodaran and Velez-Gallego (2009) propose a agiste heuristic. This heuristic operates by
first determining a time horizon, and then it ssh&e0-1 knapsack problem to select the jobs to be
batched. They experiment the MILP model and haarigten by Chunget al. (2009) and the
GRASP approach developed by Damodaaiaal. (2009). It is reported that their heuristic
outperforms other heuristics in the literature ginas results close to those of the GRASP
method. Note that our problem is a special cagbeofourth group as we consider equal

processing times for all jobs.



In this paper, we first provide an optimal algomitifior a special case of our problem
where job sizes form a strongly divisible sequeddterwards, we give another optimal
algorithm where job splitting is allowed. For thaimproblem, a MILP model and a 2-
approximation algorithm are provided. We experinarmd compare our MILP model and the 2-
approximation algorithm to the MILP model propossdChunget al.(2009) and the heuristic
given by Damodaran and Velez-Gallego (2009), respdy.

4. Job sizesforming a strongly divisible sequence

In this section, an optimal algorithm is given &éospecial case of our problem. We inspire
from a special case of a bin-packing problem wiaresizes form a strongly divisible sequence.
In the standard one-dimensional bin packing problemare given a capaciB/and a list of
itemsJ =ji, j2, ..., h, @nd are asked to partition the items into a mimmmumber of subsets such
that the items in each subset sum to no moreBh&offmanet al. (1987) showed that if item
sizes form a strongly divisible sequence, the fitgFF) and the first fit decreasing (FFD)
algorithms are optimal for the bin packing problérmt us first remind these algorithms and the
strongly divisible sequence.
Algorithm First Fit (Coffmanet al. (1996))
Step 1: Arrange items in some arbitrary order
Step 2: Select the item at the head of the listpdack it in the first bin with enough space to
accommodate it. If it fits in no existing bin, ctea new bin.
Algorithm First Fit Decreasing (Coffmanet al. (1996))

This algorithm is the same as FF except that ip $tgobs are sorted in non-increasing
order of job sizes.
Strongly divisible sequence (Coffmanet al. (1987))

Let W be a list of item sizes such thag> wy>... > wi> wi;>.... The sizes of items form
a divisible sequence ., exactly dividesy;. This sequence is strongly divisible if in additio
the largest item sizey,, exactly divides the batch capacity.

We consider a special case of our problem by sesfniction that job sizes form a
strongly divisible sequence. In application to wagloperations, although there are a great
number of different RMD set sizes, it is sometirpessible to approximate these sizes in order to

associate to a strongly divisible sequence.



The Graham’s notation can be modified as followsriher to represent the special case:
P | p-batch, i, p = p, W (strongly divisible), B | Gax In analysis of our scheduling problem, let
us give some properties about the job sizes formisfongly divisible sequence, and about the
processing time of batches, respectively.

Property 1. In case of jobs forming a strongly divisible senges first fit decreasing (FFD) starts
a new bin only when all previous bins are completell Coffmanet al. (1987).

Property 2. For the strongly divisible paid( B), letb; be a partially filled batch. If a jobwith
sizew; does not completely enter this batch, themjrthere is at least one job whose size is
smaller tharw;.

The proof of property 2 is evident. by, if there are only jobs whose sizes are bigger tha
or equal ton;, as these job sizes are multipleswpfthen the batch; is either completely filled or
there is enough space to accommodgie b;.

Property 3. The aforesaid batchy, in property 2, can be completely filled by remmaysome
jobs having smaller sizes thanin order to accommodate the jpim b;.

The jobs ob; can be divided into two groups according to teees: group 1 for jobs
bigger than or equal to jgkand group 2 for jobs smaller than job

These jobs can be arranged in non-increasing ofdazes. Then, the first group of jobs
occupies a space which is an exact multiplicatiow;oSuppose that the batbhis composed of
sub-batches with sizes equaMip Regarding the second group, these jobs can Ibease
subgroup of the strongly divisible sequenced jassahich the size of a batch is equairo
Moreover, arranging these jobs in non-increasimgioof sizes is like applying FFD on these
jobs where the batch capacity is equaltoThus, according to property 1, only the last babeh
is partially filled which is in fact the last paot the batctb;, equal tow,; in size. Hence, removing
the jobs of the partially filled sub-batch from tha&tchb; lets to accommodate jolwompletely in
batchb, andb; becomes completely filled. The property 3 is gdimdpe used in the algorithm in
order to have fully complete batches.

Property 4. If all batches have the same processing time, ithéme optimal solution, batches are
placed consecutively on machines in non-decreasiueyr of batch ready times where the ready
time of a batch is equal to the greatest releaseafgobs contained.

The algorithm we propose starts by creating allistof jobs sorted in non-decreasing

order of job release dates and a minimum numbbatahes is calculated using the first fit



algorithm. In each iteration, the first joblof is put in a batch, and the number of batchesrto fo
with the remaining jobs is evaluated by applying finst fit algorithm. If there is a decrease in
the total number of batches, the actual batchoised. In case a job cannot be entirely put in a
batch, then thanks to the property 3, some jobseameved from the batch in order to fit this
latest job in the batch. Finally, batches are soctnsecutively on machines in non-decreasing
order of ready times. Let us now give an optimgbathm that minimizes the makespan.
Algorithm SDS (SDSfor strongly divisible sequence)

Step 1. Sort jobs in non-decreasing order of job releadesil;

Step 2. While L; is not empty, apply the “first fit” heuristic 1o in order to calculate the number
of batches to formmy. Put the first jobjsst, Of L1 into a new batchy,. Updatel; and re-apply the
“first fit” heuristic to L; in order to calculate the new number of batches:

Step 2.1. While ng = ny, put the first jobjsst, Of L1 into the batcho,. Updatel; and re-apply the
“first fit” heuristic to L, in order to calculate the number of batches:

Step 2.1.1. If the job,jsrst, does not completely enter the batch, calculaespace needed to
accommodate the job completely into the batch. therjobs of the batdh, in non-increasing
order of sizes.

Step 2.1.1.1 While a, > 0, remove the last johas, from by,. Setay = ax — Wiast. Putjjast back intol;
respecting the non-decreasing release date order of

Step 2.1.1.2 Setn =n, -1.

Step 3. Set ready time of batches equal to the greatkestse date of jobs they include. Sort
batches consecutively on machines in non-decreasdey of ready times starting from the first
machine.

Each time a job is put in a batch, the new numbéatches is calculated with the un-
batched jobs by the first fit algorithm which hasinae complexity o0(nlogn) In the worst case,
a numben of jobs is firstly placed in a batch then theyaat removed from the batch for a large
sized job. Ifg is sufficiently small according to the number ab$,n, the number of times thgt
jobs are put into a batch and removed from thattbapproaches t@ Then each time a jgb
1<j<q, is placed in a batch, first fit algorithm is irephented(nlogn)times. Thus, the time
complexity of the algorithm can be definedd¢s2logn)

Theorem 1. Algorithm SDS is optimal for the problem:
P | p-batch, \, p = p, w (strongly divisible), B | minimizing the numberbaftches

10



Proof. The number of batches formed by #igorithm SDSs equal to the number of batches
formed by applying the first fit algorithm. As prew by Coffmaret al. (1987), the first fit
algorithm minimizes the number of batches if jatesiform a strongly divisible sequence.
Hence, algorithm SDS minimizes the number of batche [

Before showing the optimality of the algorithm tbe makespan criterion, let us give
another property about the minimum completion tafter any job in a problem.

Property 5. For any problem witim jobs andvi machines, the minimum number of batches, say

n
ZW,- / B}. Let jobs be sorted in non-decreasing order efasg dates.
j=1

nb, can be given bynb =

Consider a jolp such that &j<n andrj <r,. After jobj (includingj), the minimum number of

batches, sagb;, can be calculated asty =

sz/ Bw where S = k/ ri>r}. Then, the smallest
KJS

completion time after jopcan be given as; + Pll\/tlﬂ* p wherep is the processing time of

batches.

In other words, the minimum completion time affeb j is equal to the sum of the
release date gfand the execution time for the minimum number atiches that can be created
with jobs aftelj (includingj). Batches are placed consecutively on machinescéjehe division
of nh by M is in order to find number of batches that willgdaced on the same machine asjjob
Theorem 2. Algorithm SDS is optimal for the problem:

P | p-batch, i, p = p, w (strongly divisible), B | Gax
Proof. Algorithm SDScloses a batch if and only if, after placing aibhat batch, the total
number of batches to form with the “un-batched’salecreases or the batch is completely full.
In fact if a batch is completely full after the #itth of a job in that batch, since the algorithm
minimizes also the number of batches, the totalberof batches to form with the “un-batched”
jobs necessarily decreases by 1. We are goingotw #at the minimum completion time stated
in property 5 is reachable with the SDS algorithm.

Suppose that for a given problem witlobs andV machines, the minimum number of
batches is equal tth. Let s, be the processing starting time for babghLet us denote bs, the

processing starting time of the last batch gyithe release date of the last jobs.\Er,, then the
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makespan is already optimal. Butsjf>r,, then there is no idle time between batdhgsndthe
batch beford,, on the same machine. In fact, as batches aredotaresecutively on machines
according to ready times, the batch before thediaston the same machine is the b&ighyw,).

Let us consider the maximal chain of batches witlaie times on the machine that contains the
last batchbpp-qmy, ..., B Whereg>1. Now, consider a jok whose release date is equal to the

processing starting time of the batghyqm)i.€. r«= Spnb-g:m). We have seen by property 5 that the

minimum completion time after any job, sayould berj + P]th*p.

Thanks to the algorithm SD8e condition to close a batch is that the totahber of
batches to form with the “un-batched” jobs showtdréase. Thus, after the last job of each batch,
the algorithm forms always a minimum number of batc By construction, the minimum
completion time after jok is reached and we have the optimal makespan:

Conax™ I'k%n,\ﬁﬂ* P "
5. Job splitting is allowed

In the washing step of a sterilization servicés gienerally not allowed to split RMD sets
among several washers because of some organidaimh&raceability reasons. However, in
some sterilization services, it is sometimes alldwesplit an RMD set among two washers in
order to complete the washing of this RMD set amsas possible.

In this section, we give an optimal algorithm wheln splitting is allowed. The proposed
algorithm starts by creating a list of jobs soitedon-increasing order of job release dates. Then,
a lower bound on the number of batches is caladlatel thanks to the job splitting property, the
algorithm forms a minimum number of batches. Wet $ifing the batches with the first job of
the previously created list. A batch is closed witésn completely filled or when there is no more
jobs to be batched. In case a job does not enfitedybatch, then the job is split. The first paft
the job is put into the batch and the second pareated as a new job having the same release
date as the original job. Finally, batches areegsbconsecutively on machines in non-decreasing

order of ready times. Let us express the problenmé following Graham’s notation:

P | p-batch, i, p = p, W (split), B | Gnax

12



Algorithm Split Job
Step 1. Sort jobs in non-increasing order of job releasst; : L1

Step 2. Calculate the minimum number of batches needeé:

j=1

Zn:Wj/Bw

Step 3. While nl>0, open a batchuy,

Step 3.1. Put the first jolof L; into the batchb,,. Updatel;. If the batch is 100% filled or if there
IS no more elements Iny, close the batch and sei=nb-1.

Step 3.1.1. If the job does not completely fit the batch, sfiie job. Put the first part of the job in
order to fill the batch entirely, then close thédhaand sehb = nb-1. Update the size of the split
job.

Step 4. Set ready time of batches equal to the greatkestse date of jobs they include. Sort
batches consecutively on machines in non-decreasdey of ready times starting from the first
machine.

The algorithm sorts jobs in non-increasing ordegobfrelease dates and then forms
batches with successive jobs. Thus, the complexitige algorithm can be defined @@logn)
Theorem 3. Algorithm Split Job is optimal for the problem:

P | p-batch, 1, p = p, w (split), B | Gnax

Proof. We can give a proof in line with the theorem @ider to show that the algorithm split job
finds the optimal makespan. In the second stepeoitgorithm, a lower bound on the number of
batches is calculated. The condition to close ehbigtthat it should be entirely filled or there
should be no more jobs to place in the batch. ifdies that all batches are necessarily 100%
full, except for the batch having the smallest yetithe.

Now, as we did in proof 2, consider a chain of batcwithout idle times on the machine
that contains the last batahe( the machine that sets the makespan). Then, tdg teae of the
first batch in this chain is necessarily equaht® telease date of a job, let us sayloBs the rest
of the batches are 100% full, after jola minimum number of batches are formed. Moreaer,
the batches are placed consecutively on machinesiumber of batches after jkland on the
same machine dsis also minimal. Hence, the minimum completiongiexpressed in property 5

is reached and the makespan found by the algoigtoptimal.
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6. Solution approaches for the problem P | p-batch, rj, p; = p, Wi, B | Cinax

In this section, we first define how a lower bowaoh be obtained for the problem. Then,
we explain the MILP model and a 2-approximatioroathm that uses the lower bound
procedure.
6.1 Lower bound for the problem

In section 5, we treated the problem with job splif and showed that in each batch there
was always a last job after which a minimum nunddratches were created, thus the minimum
completion time was obtained. Then, the solutiamtbby the algorithm with job splitting
allowed can be treated as a lower bound algoritthmthie case when job splitting is not allowed.

Therefore, we use the Split Job algorithm as aitdwend algorithm for the problem:

P | p-batch, 1, p = p, W, B | Gnax

6.2. A mixed integer linear programming model (MILP model)
Index:

j: 1,...,Nfor jobs

k: 1,...,Nfor batches

m: 1,...,Mfor machines

Parameters:

w;: size of jobj

ri: release date of jgb

N: number of jobs

B: machine capacity

p: job processing times

n
nb: lower bound on the number of batche&{ W, / B})
i=1
Decision variables:
Xikm: 1 if jobj is executed in batdhand on machine, O otherwise
bxm 1 if batchk is created on machime, O otherwise
S ready time of batck on machinan

Cmax completion time
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M athematical formulation:

Minimize C.,.. (0)
subjectto

22 X1 0j O[L N] (1)
_N W,* X< B * D Ok O[L N]; OmO[LM] (2)
2. bnst Ok O[N] 3)
SinZ X I 0j O[LN]; Ok O[L N]; OmO[LM] 4)
S.2Snt P *bin k=2,..,N;OmO[LM] (5)
Cmax 2 SN,m + p * bN,m Dml:' [1' M] (6)
Dy moonaya =1 Ok D% nb) 7)
b..=0 Ok O[nb+1 N], Om'# (k modM) +1 (8)

Xy {ot;p, 0{otS, . 20C,, =0

Our objective is to minimize the makespan. At nib&atches can be created in a
schedule. So the index of batches vary fromN.tGonstraint (1) ensures the assignment of all
jobs to a batch and to a machine. Constraint (B)esapacity constraint in case bakdh
created on machin®e. Constraint (3) assigns a batch at most on onéimeacConstraint (4) sets
the ready time of a batch as the greatest relestseodl jobs in that batcin case more than one
batch is assigned to a machine, (5) ensures adtiffe at least equal to the execution durgtion
between the processing of these batches. Anothetidmality of constraint (5) is to assign a
ready time to all batches, 1K even if they are not createse. dummy batches get also a ready
time with (5). Ifbx mis null, then the batck on the machinenis a dummy batch and its ready
time is directly given to the next indexed batchneechinem. Constraint (6) defines Gy
Constraints (7) and (8) aim at improving the perfance of the MILP model by decreasing the
multiple solutions due to the batch assignmentsalAsatch processing times are equal, without
loss of generality we schedule batches consecuytorelmnachines. The minimum number of
batches is expressed bly, so, at leastb batches should be created. By constraint (7)itstenb
batches are placed consecutively on machitkesiodM” determines the machine on which

batchk will be executed. We add “1” toK(modM)” in order to prevent from having 0 as a
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machine index and without loss of generality, wacplthe first batch on machine number 2.)
Reasoning the same way as constraint (7), cons{@inenables to place the rest of the batches,
indexed frormb+1 toN, consecutively on machines. We do not know iflitmary variables of
these batches, namedy mod m)+1 €qual to 0 or 1. But as any batch can be assighewst to

one machine, we can force the complement binargbias of bk mod m)+1(i.€. binary variables
bkm' Wherem’#(k mod M)+)) to be 0 as constraint (8) does. Note that thistraint is specific

and is just for more than one machine cases. ThiehoontaindN2M+2NM+1 variables and the
number of constraints N2M+3NM+N-nbM+2nb.

6.3. A 2-approximation algorithm

Now we can start to construct an approximation réigm for our problem. The proposed
algorithm first finds the lower bound of the giveroblem using the algorithm “split job”. Then,
from each batch, the split jobs are removed anst &lcreated with these jobs sorted in non-
increasing order of sizes. We try to accommodagsdljobs into the previously formed batches
respecting the batch ready times.(if a job can be inserted in a batch, the job sHedate must
be smaller than the ready time of the batch). Aféeds, we search machine availabilities, the
periods in which a machine is idle. If there is mae availability greater than the processing
time, p, between two batches, the algorithm searcheotizewhose release dates are up to
units of time earlier than the end of the timenwék Then, a new batch is opened to be filled
with these jobs. If the batch can be executedertithe interval without modifying the
processing starting time of other batches, theré#teh is created. Finally, all un-batched jobs
are batched using the “first fit decreasing” altjori and scheduled after the previously formed
batches.
Algorithm Combine Job
Step 1. Apply the “Split Job” algorithm.
Step 2. Remove split jobs from the batches created in Step
Step 3. Create a listl;, of jobs in non-increasing order of sizes withgdbund in step2.
Step 4. For all the batches created in step 1, starting fitee batch with the smallest ready time
and the first element @fy, if the release date of the job is smaller thardady time of the batch
and if there is enough space for the job in thathyglace the job in the batch. Update the size of
the batch and erase the job fram
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Step 5. For all machines, search for the time intervalsveen batches during which a machine is
idle for more time than the processing tirpelf there is no such time interval, go to step 7.
Step 6. For all time intervals, search the un-batched jgbese release dates aqgtop units of
time earlier than the end of the time interaad create a lisk,, containing these jobs in non-
decreasing order of release dates,lis not empty, open a batch for the corresponding t
interval. While the batch can be processed inithe interval without modifying the processing
starting times of other batches on the same machppy first fit algorithm orL, in order to fill
the batch.
Step 7. For all the un-batched jobs, apply the first Bceasing algorithm to create batches and
schedule them consecutively on machines afterrnaqusly formed batches.

The time complexity of the algorithm depends omstep 6. For a problem withjobs,
the upper bound for the number of batchesasd hence, the maximum number of time intervals
is n-1. The maximum number of un-batched jobs is etputie number of split jobs which, also
is at mostn-1,. Thus, for each time intervakl jobs are scanned at most. Then, all jobs are
sorted in non-decreasing order of release dateshaniifst fit algorithm is applied om-1 jobs
which leads to a total complexity 6n°logn).
Theorem 5. Algorithm Combine Job is a 2-approximation aldgamtfor the problem
P | p-batch, 1, p = p, W, B | Gnax
Proof. Let us denote b!CrLJix the makespan found by the split job algorithm (Whgin fact the

lower bound of the problem) ar(gtnaxthe optimal solution. It is obvious that the redati

between the optimal solution and the one foundheylawer bound iC-> <C. . LetC,

be the completion time found by the algorithm camegpb. Note that the algorithm finds firstly

the lower bound of the problem, removes the splisjfrom batches and tries to insert these jobs
(without splitting) into the existing batches witltahanging the(:r';%x value. Then, if there are

still un-batched jobs, they are either scheduletiéntime intervals where the machines are idle
more than the execution timg,or, if there is no machine availability, the jadoe batched by
FFD and scheduled after the batches formed byotherlbound algorithm.

Let us suppose that the lower bound algorithm farnlsatches. Then, in the worst case,

each batch splits a job and there rbel split jobs. We can still suppose that in the woeste
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scenario after removing the split jobs, there isnazhine idle times more than a processing time
between the batches (batches that are createdcheduded by the lower bound algorithm in the
step 1), and the sizes of the previously split jptesso large that, they can neither be inserted in
any existing batch nor batched together. Hencear@do schedule thesé-1jobs one by one

after the batches created in step 1.

Let us suppose that there Memachines, and in the lower bound solution eachhinac
M
containsnby, batches, where<tn<M. Then, max{ nb, }* p < Ch}ix. Note that after scheduling
m=1
the previously splihb-1jobs one by one and consecutively following thesthes, in the new

M
schedule, each machine can have at mas{ nb, } more batches. Thus, the relation between
m=1

M
LB . LB *
Crrax and Crax becomesCmaX SCmax T rpngx{ nb, }* p

M
Moreover,Cr';]E;X + me}x{ nb, }*p < 2C'r‘nixs ZC*maX
m=

Thus, we getC,_ <2C. n

7. Experimental design

In this section, we test the effectiveness ofpteposed MILP model and the 2-
approximation algorithm. Because we consider eguaiessing times, the problem we treat in
this paper is a special case of the problem trdayedhunget al. (2009) and Damodaran and
Velez-Gallego (2009). We solve our MILP model witle commercial program CPLEX 10.2 and
compare it to the MILP model proposed by Chengl. (2009). As reported in Damodaran and
Velez-Gallego (2009), their heuristic outperforntises heuristics in the literature. So, we
compare the 2-approximation algorithm to their stiar.

The instances we test are inspired from a rea. CBse data given by a private French
hospital are used to create these instances. Meogsply, the machine capacity, batch
processing time, job sizes and release dates speed from the real case. The machine capacity
is assumed to be 6 and the processing time im@belreal case, there are nearly 36 different
RMD set sizes and these sizes are assumed to tiplenaf one thirty sixth of the machine
capacity. We observed the frequencies of diffeRMD set sizes in 5 days data and created

different job sizes respecting the proportionatityhese frequencies. For the release dates, it is
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observed that there are on average 5 RMD set lttivahe sterilization service per hour and
there may be 0 to 40 minutes of difference betwbterent RMD set arrivals. Besides, in some
sterilization services, there is a regular collegtdf RMD sets among operating blocs. Hence, we
define 2 more different types of job release datés.consider 20 minutes and 40 minutes of
regular job release dates. Note that there maydre than one job released at the same. .

We group our experiments into sets according totlmber of jobs and the number of
machines. The number of machines varies from 1 wadle numbers of jobs are 10, 15, 20, 25,
30 and 50. For each job number/machine number catbn, we test 90 different instances.
Thus, for each different release date type, 3@irss are tested in any job number/machine
number combination. An Intel Corel 2 Duo, 3 Ghz Cgdthputer with 3.25 GB Ram is used for
all computational experiments. The solution appesacare coded in C++ language, and CPLEX

version 10.2 is used to implement the MILP models.

7.1 Performance of the proposed MILP model

In table 2, we show the average resolution tinmesthe proportion of the optimally
solved instances in 3600 seconds. The processirggdi batches is equal to one hour and so we
fixed a resolution time limit of 3600 seconds floe implementation of the MILP models. We
compare our MILP model to the model proposed byr@tat al. (2009). However, in their
problem, batch processing times are not equalth®g,have proposed a constraint in order to
calculate the batch processing times. As all jalolbprocessing times are equal in our problem,
we could remove this constraint from their MILP rebd

For the two MILP models, if 4 machines are congdethe resolution limit is 20 jobs.
However for 20 jobs, our MILP model can also resahstances with 1, 2 and 3 machines while
the other MILP model cannot reach the optimal sotuin the desired time limit. Moreover, our
MILP model can still go beyond 20 jobs/4 machined solve until 25 jobs/2 machines
instances. Beside, the resolution limits, we semftable 2 that the resolution times are faster
with our MILP model.

7.2 Quality of thelower bound algorithm compared with optimally solved instances

In section 6.1, we showed that the optimal algarifbr the case with the job splitting

could be used as a lower bound algorithm for threegs problem. Therefore, we can test the
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efficiency of the proposed lower bound algorithnthwiespect to the optimally solved instances.
Therefore, in the following table, we show the ager difference between the solutions found by
the lower bound algorithm and the optimal solutiorise reported gap is calculated by

(Crmax - Cmax 2)*100 / Grax - WhereCrax - is the makespan found by the lower bound algorithm
andCax is the optimal makespan.

Table 2. Resolution limits for the MILP models

Proposed MILP MILP of Chung et al. (2009)

Number Number Resolution % of optimally Resotuti % of optimally
of jobs of machines time on avg. solved instancestime on avg. solved instances
10 1 <1 sec. 100% <232 sec. 100%
10 2 <1 sec. 100% <341 sec. 100%
10 3 <1 sec. 100% <473 sec. 100%
10 4 <1 sec. 100% <178 sec. 100%
15 1 <1 sec. 100% >3600 sec. 0%
15 2 <1 sec. 100% >3600 sec. 0%
15 3 ~10 sec. 100% >3600 sec. =40%
15 4 ~7 sec. 100% ~711sec. =81%
20 1 ~1 sec. 100% >3600 sec. 0%
20 2 ~242 sec. 100% >3600 sec. 0%
20 3 ~450 sec. 100% >3600sec. 0%
20 4 ~341 sec. 100% ~1349 sec. =66%
25 1 ~4.5 sec. 100% >3600 sec. 0%
25 2 ~568 sec. 100% >3600sec. 0%
25 3 ~1147 sec. =89% >3600 sec. 0%
25 4 ~933 sec. =88% >3600 sec. 0%

Table 3. Comparison between the lower bound and the optiesailts
Number of jobs Number of machines Avg. gap mgesf solution quality
10 1 =13 %
10 2 ~45%
10 3 ~45%
10 4 ~0.6 %
15 1 ~195%
15 2 ~9.13%
15 3 ~3.17%
15 4 ~0.45%
20 1 ~14 %
20 2 ~6%
20 3 ~3.5%
20 4 ~0.6 %
25 1 ~14 %
25 2 ~6.3%
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In table 3, we show the average gap between therlbaund algorithm and optimal
solutions in terms of solution quality. We testedill25 jobs and 2 machines instances, because
beyond this machine number/job number combinatimmjnstances are not all optimally solved.
Table 3 shows that the quality of the lower boulgd@hm is quite good, especially for 2, 3 and
4 machine instances.

7.3 Performance of the 2-approximation algorithm

In this section, we test the efficiency of theg@b@ximation algorithm. It is reported in
Damodaran and Velez-Gallego (2009) that their Iséiarinamely PSKP (progressive successive
knapsack heuristic), outperforms other heuristicgtie problemP | p-batch, i, p, W, B | Gax
The heuristic they propose sets first a time winddvich is defined by [0 ] wherery is the
K" earliest job release date among the un-batched faiy jobs in that interval of time, they
solve a 0-1 knapsack problem using the dynamicriiigo proposed by Martello and Toth
(1990). They execute the heuristic for varying ealof the paramet&from 1 ton wheren is
the total number of jobs. Finally, the best makesgue is chosen. In this part, we compare the
2-approximation algorithm to the PSKP heuristic.

We test the efficiency of the 2-approximation aitjon and the heuristic of Damodaran

and Velez-Gallego (2009) in terms of solution giyaWith this purpose, the average gap is

*

calculated by the following formulqcrs:;x—c *100/ C:naxwherec*maxis the optimal

max)

sol

makespan ang@C_~

is the makespan found by the other solution methNdte that for the
instances which are not optimally solved, we makeraparison to the lower bound value.
Therefore, for instances which are not optimalllysd, C:naxpresents the value of the lower

bound.

Figure 2 shows for all numbers of jobs the avegmgformance of the 2-approximation
algorithm and the PSKP heuristic for different maelmumbers. We see that the solution quality
found by the PSKP heuristic is much better tharpgméormance of the 2-approximation
algorithm for small numbers of machines. Howevaththe increasing machine number, the
performance of the 2-approximation algorithm insesaconsiderably. Especially, for 4 machine

cases, the performance of the 2-approximation dhgoris quite well.
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average gap in %

number of machines

Figure 2. Performance of the PSKP heuristic and the 2-appration algorithm in terms of solution quality

Although the performance of the PSKP heuristic pegal by Damodaran and Velez-
Gallego (2009) gives better results in terms ofisoh quality, it requires excessive computation
time for our problem (figure 3). The PSKP uses®Khiapsack problem dynamic programming
resolution procedure which is pseudo polynomidirre. Moreover, Damodaran and Velez-
Gallego (2009) consider integer job sizes. Sincearesider fractional job sizes, we are to
multiply the job sizes and the machine capacityhwifproper “product factor” in order to have
integer values for the 0-1 knapsack resolution guace. As explained before, job sizes are a
multiple of one thirty sixth of the machine capgciVe considered 2 digits after decimal comma
while creating job sizes. This fact raises 100has‘product factor” in order to have integer
values for the job sizes. In figure 3, we give délverage resolution times for the implementation
of the PSKP heuristic. Note that the resolutiontfar 2-approximation algorithm is some

milliseconds for all instances.
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Figure 3. Average resolution times with the PSKP heuristicdifferent numbers of machines
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The main reason for the poor performance for tlap@-oximation algorithm for small
numbers of machines is that, after the first sfgp®@ algorithm, generally every batch contains
split jobs. Therefore, there is a big amount ofjalhich are to be batched after the fist step.
Moreover, it is not evident that placing these jobany already existing batches is possible.
Hence, initially split jobs are generally to bedtad apart which causes a big number of batches
in total. However, with the increasing number ofcimaes, the effect of the number of batches on
the makespan decreases and thus, the more maateres/e, the closer we get to the optimal

solution with the 2-approximation algorithm.

8. Conclusion and further issues

In this paper we modeled the washing step ofrdiz&ion service as a batch scheduling
problem. As the washing step is generally a batti&rof the overall sterilization process, we
aimed at minimizing the total duration time for tashing step. Besides, completing the
washing operations as soon as possible also refp®sfit from the versatility of washing
operators by assigning them to other posts.

The batch scheduling problem we tackled has thewing specifications: parallel
batching machines which can execute several jothieeatame time, job release dates, job sizes,
limited machine capacity and equal job procesdimgd. If unequal job processing times are
considered, our problem becomes a special caskisonew problem. At first, two optimal
algorithms are provided, first for a special cas wtrongly divisible job sizes, and then for
another case where job splitting is allowed. Ferriain problem, we developed a MILP model
and compared it to the MILP model developed by @tetral. (2009). Our MILP model
outperformed the other model in terms of resolutiore. Afterwards, a 2-approximation
algorithm is provided and compared to the PSKPik&ciproposed by Damodaran and Velez-
Gallego (2009). Clearly, PSKP heuristic performtdyehan the 2-approximation algorithm for
small numbers of machines. But, for a 4 machine,caspproximation algorithm performs quite
well. Further, running time of the 2-approximatiggorithm is some milliseconds for all tested
instances while the running time of the PSKP hdaris considerably longer.

For future work, the effect of washing step optation on the whole sterilization service

may be studied. Furthermore, other performander@imay be considered for the washing step
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optimization such as minimizing the waiting of RMBts before washing or minimizing the sum

of washing completion times.
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