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Abstract

During the life period of Small and Medium Entegas (SMES) in incubators they need some trainingrams
to acquire the required knowledge in order to sunand succeed in the business environment. Tpisrpa
presents a heuristic method based on an optimizatimdel to schedule these programs at the mosiboelit
times. Based on the proposed heuristic, each tigimiogram is implemented in a suitable time byswbering
the SMEs’ requirements and some other logical caimgs. The proposed heuristic is described inietad its
implementation is demonstrated via a real-life ntioat example. The numerical results of the heiariste
compared with other methods.
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1. Introduction

Incubators have become an integral part of busimessiny countries, and governors regard them as a
crucial tool in the economic development. The wil®&mall and Medium Enterprises (SMES) is not
negligible in the boom of every economy, and in¢aisare one of most effective environments to
support SMEs to develop their innovations, comnadimz their research results, and achieve a
sustainable growth. This support ranges from piagioffice space and physical equipments with low
cost to assistance in developing business platitatapquisition, and other specialized servicethwi
high added-valuéBergek and Norman, 2008; Grimaldi and Grandi, 20The life period of SMEs in
an incubator usually takes 24-36 months. After ithésibating period, they are expected to become
independent with a sustainable development in thesiness. The early years of the life of SMESs in
incubators have been the focus of considerablargseffort. Specially, identification of the

important factors and conditions that expeditertgeswth process and success has attracted much

attention from the research community. Today’s cetitipe world has diversified the required skills
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and knowledge to succeed in business. Whereasraitige usually provide the preliminary skills
from the theoretical point of view, incubators apecialized environments to support SMES’ leaders
by providing other necessary skills and knowledg@nsequently, there exists a gap between the
required knowledge and the possessed knowledgatispeeneursChrisman and McMullen, 2004)
The knowledge and skills of SMESs’ leaders is venportant to increase their performance,
competitiveness, and survival chance in the busieagironment, and it has been argued that SMESs’
failures are typically due to the lack of such ngaréal skills(Feeser and Willard, 1990; Martocchio
and Baldwin, 1997; Zahra and Covin, 19930r any SME to be, and to remain, successful ateng
period of time there must be the capability to adamew circumstances, especially in the earlyyea
of life in an incubator. During the past decade ESNhave been encouraged to utilize the services of
knowledge centers. In spite of these efforts tlaeeestill some questions about the nature and the
extent of SMEs’ knowledge requirements and theieffit ways to transfer this knowledge. However,
there is a common agreement on the necessity ¢tihcowis training to update and enhance the
required skills of employees, and even leaderalliarganizations including SMESalas and
Cannon-Bowers, 2001dmplementation of the training programs for SM&sne of the main duties

of incubatorgAaboen, 2009)but it is not a trivial task to choose the riglatining programs at the
right times(Banfield et al., 1996)Our literature survey failed to find many papairectly related to
schedule training programs for SMEs. The most selevesearch area in the literature is course
scheduling, which has attracted the attention afynrasearchers in the domain of operational
research for many years. Course scheduling prokd@émso determine which courses should be
taught on which days, on what times, and in whamms, subject to some side constraints
(Thompson, 2005)There exist many papers related to the coursedsding problem, and each paper
focuses on some specific aspects of this problemnexer, the majority of the existing papers have
been devoted to course scheduling at universiiiesre professors are assigned to courses and
courses are assigned to time slots and classrdifferent objective functions might be considered
such as conflict in teaching hours, professorsfguesces, and continuity of teaching hours. Usuyally
two types of constraints are defined: those whicistrbe strictly satisfied under any circumstances
(hard constraints) and those which are not nedbssatisfied but whose violations should be
minimized (soft constraints). Any solution whichishes all the hard constraints is called

a feasible solution. Due to the complexity of thaltworld course scheduling problem, the soft
constraints may need to be relaxed since it isigoally possible to generate solutions without
violating some of them. Soft constraints are uguadled within the cost evaluation function to
evaluate how good the solutions @ra and Hao, 2010)Some exact techniques have been proposed
for solving the course scheduling problem, inclgdionstraint programmingy/alouxis and

Efthymois, 2003and integer programmin@askalaki and Birbas, 2005Tourse scheduling problem
is known as an NP-Complete problem. Since NP-Compleblems cannot be solved efficiently as

the size of the problem increageead and Shaban, 2007@uristic approaché®imopoulou and



Miliotis, 2001)as well as meta-heuristics such as ant colonynigdtion(Azimi, 2005) genetic
algorithms(Wang, 2003)tabu searctAlvarez-Valdes et al., 2002&nd simulated annealirigghang

et al., 2010have been extensively applied by researchersidosfinear-optimal solution. Although
various course scheduling problems and approachesteen investigated in the literature, no
specific one can be applied universally due tosghecific features of each problem. Some recent
works focus to bridge the gap between researchienceal world applicationghang et al., 2010)n
practice, course scheduling is not restricted igarsities; many organizations use course scheglulin
techniques to schedule the required training pragrior their employees. These training programs
are crucial elements of human resource developmenter to follow a sustainable development.
They increase the quality of human resources asasghe organizational long term efficiency and
productivity. The impact of training programs candignificantly enhanced if they are appropriately
scheduledJuang et al., 2007%tudies conducted in 2006 show that in this yaanizations in the
United States spent a total of $55.8 billion oinirey. However, in spite of such enormous investmen
in training, there was little evidence of verifiabkturn or of the effective resu{tsharenou et al.,

2007) In view of the experts, the main reason of thikufe is the lack of needs assessment before
implementing the training programs or inappropriates to implement them. So, both carefeéds
assessmerandin-time implementatioof training programs are necessary to increaseffieéency of
the training programs. In other words, the trairmpnggrams should be implemented not only with a
high quality, but also at a suitable time and basedeeds assessment. This paper proposes a igeurist
method based on an optimization model to spec#ynbst suitable time for implementation of each
training program. The remaining of this paper igamized as follows. The optimization model to
schedule training programs is presented in Se@tidinen, in Section 3 the proposed heuristic method
to find a solution close to the optimal solutiortleé optimization model is discussed in detail.t®ec

4 explains an equivalent job scheduling problemrder to show that the application of our problem
is not merely restricted to SMEs. A real-life nuinal example is provided in Section 5 to
demonstrate implementation as well as efficiencthefproposed heuristic. Finally, conclusions and

future studies appear in Section 6.

2. Problem statement

The first two or three years of the life of some BMs spent in incubators. During this preliminary,
and yet vital, period their basic needs shoulddoegnized and supplied by the incubator. In fact,
identification and supply of these basic needs&s af the main responsibilities of incubators. The
basic requirements of SMEs can be divided intorvedn parts: hard needs and soft needs. Basic hard
needs of SMEs are mostly associated with preparafidifferent hardware facilities, whereas their
basic soft needs consist of the required knowlédgeirvive and to succeed in the business

environment. One of the main duties of incubatsngreparation of such knowledge for SMEs.



2.1. The training programs

Training programs are the most common tools inbators to provide the required knowledge for
SMEs. They are effective to enhance personal agaharational capabilities of SMEs in different
facets. Indeed, a considerable portion of the requtnowledge is provided by training programs.
They can also be accompanied by other educatiools, tas is common, to supply soft needs. In this
paper, we consider the following programs whichuaeally implemented in incubataiSaidi-
mehrabad et al., 2008)) managerial principles, 2) business plan, Zjigumanagement, 4)
marketing, 5) product development, 6) capital asitjon, 7) project control and management, and 8)
financial management. One can combine some ddlibge mentioned programs or add some other
programs. Here, we do not discuss further aboutréieing programs for two reasons. First, a lot of
research has been devoted to determine the apgemaining programs. Second, the proposed
heuristic in this paper is independent of the nunaipel the nature of the training programs; soaiit ¢

also be used in incubators with different trainimggrams.

2.2. The effective criteria

The key point is that each training program shda@dmplemented at the most suitable time. To this
end, it is a good idea to consider the desiredevafithe criteria based on which performance of an
SME is evaluated. According to the experts' opisi@aidi-mehrabad et al., 2008he most

important criteria to evaluate SMEs are: 1) caidsl of managers, 2) strategic plan, 3) process
development, 4) product development, 5) informatiod advertisement, 6) plan for capital
acquisition, 7) scheduling and project controltegm working, and 9) costs management. Similarly,
because of the two aforementioned reasons abotraineng programs, we avoid further discussion
about the effective criteria to evaluate SMEs. &beve criteria have dynamic weights during the life
period of SMEs in incubators. For instanitéormation and advertisemeas a criterion is not
important in the early months, but it is much mioneortant in the last months. So, a weight function
depending on the timg,can be assigned to each criterion. In additioeret is a correlation between
each criterion and each training program. Somé®ttiteria have a very close relation with a djeci
training program. However, generally, there isaonhe-to-one map between the criteria and the
training programs. Indeed, each training progparan improve each criterianto some extent, and
the proposed heuristic is based on this sound Fmaexample, the most effective training program t
enhance criteriomformation and advertisemeigmarketing so, the training programarketing
should be implemented before the last months raggatte desired value @fformation and

advertisement



2.3. The optimization model
Here, we briefly illustrate the construction of thgtimization model to schedule training programs b
minimizing the sum of the weighted undesirable dagtsveen the obtained value and the desired
value of each criterion. The main decision varialales the start time of each training program which
can be determined through an optimization modebréier to construct our model we consider two
facets of the problem. On the one hand, each SMkgected to fulfill each criterion to some extent,
and the desired value of each criterion dependb®time. On the other hand, the obtained values of
these criteria increase as the training programinaplemented. So, we can calculate the gap between
the desired value of each criterion and its obthivedue. Clearly, the start time of each training
program directly influences these gaps. We defiseobjective function as the sum of these weighted
undesirable gaps. The gap is undesirable whenbgeatdsired value is greater than the obtained value
The optimization problem should find the best diiane of each training program such that the
undesirable gaps are minimized. At first glanceeigms that we can implement all training programs
from the first month; so, we can increase the okthivalues of all criteria and consequently deereas
the undesirable gaps. However, we should notidenth@ality both incubators and SMEs have time
constraints. This implies that they cannot simwdtarsly implement all training programs. In other
words, neither it is possible for an incubatoritoigtaneously implement eight training programs nor
is it possible for an SME to attend simultaneowsgiht training programs. We should bear in mind
that the main concern of SMEs is to establish arablvance their businesses rather than to partgcipa
in the training programs. They have to spend muné on their own business. Similarly, incubators
are environments to help SMEs to succeed in thiméss rather than a college for education.
Therefore, in the optimization model, we assuméadhanost two training programs can
simultaneously be implemented. Throughout this paeuse index for criteria, indicep andq for
training programs, and indéxor time. The ranges of these indices are:

c=12,...C

p,g=12,....,P

t=22,...,T (incontinuousormatO<t<T).

The parameters and decision variables we needsiroet the optimization model are presented in
Table 1.



Table 1. Parameters and decision variables of the optimizahodel.

Parameters Decision variables

y.(t): the desired (target) value of criterio@t timet. X, : the start time of implementation of

t: the first instant from which criterionhas a positive | training progranp.

desired value. y. (t) : the obtained value of criterian
t™: the first instant at which criteriammeets its by timet.

maximum desired value. Y,.(t) : the contribution of training
O<a, <1: the percentage of fulfillment of criterian programp to criterionc by timet.

after training prograrp is completely implemented. g.(t) : the undesirable gap of criterian
w, (t) : the weight of criteriorm at timet. at timet.

d,: the duration of training program(month).

The values of parametet$, t™™, a__, w, (t), and d, are determined based on the experts’ opinions,

pc?
and for each criterion, Y, (t) is considered as a non-decreasing function of tifibe main decision

variables arex, ’'s. The maximum value for each criterion is congédeequal to 1, i.e.,

max{y, ¢) 0<t<T}=y. (/™) =1 1)

For the sake of simplicity, as indicated in Figalinear function is considered to show the groefth

the desired value for each criterion, i.e.,

ya)= ®)

max _ 4+0
tc tc
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Fig. 1. The desired value of criterianat timet.

Another assumption is that each training progpamproves criteriort independent of other training

P
programs, and the equati@apc =1 does not need to hold. Now, we describe the coctsdn of the
p=1



optimization model. Suppose that in the time irgéfx ,x, +d_] only training progranp is
implemented; so we have,

Ye(X, +d,) = y.(x,) +a, ®3)

The gaps for whichy, (t) > y_(t) are undesirable because it means that the obta&led of criterion

cis less than its desired value. Fig. 2 shows tiaesirable gaps of criterian

Ve (). y:(t)
1 Y. (t)

. /////////////// Y. (t)

) 4

0 max
tC XP Xp+dp tc T

|

Fig. 2. The undesirable gaps for criterion

Mathematically, by considering the training progsamplemented until timg the undesirable gap

betweeny, (t) and y, ¢ ) can be defined as,

g.(t) =max{0, y,(t) - y(1)} (4)
where,
P
Y. (1) =Dy, (t) (%)
p=1
and
0 t< X,
t-X,
Yoe(D) =52, ( ;. ) X, St<x,+d, (6)
P
a, t>x, +d;

Eq. (5) is valid due to the assumption that eaaimitng progranp improves criteriort independent of
other training programs. Eq. (6) shows that thergmntion of training prograrp to improve criterion

c starts from timex, , and grows linearly until timex, +d , and after that it remains at the level of its
maximum possible contributioa, .. The objective function in the optimization modethe

minimization of these weighted undesirable gaps, i.



min J:ZC:WC(t)gC (t) dt @)

The weight functions are determined in such a \kay, t

iwc(t)zl 0<t<T (8)

To model the real constraint that at most two tr@rprograms can be implemented at each time

define binary variables (t) [ {O1}By defining the constraints,

1 if x, <t<x, +d
u (t)= PP 9
o) {O otherwise ®)
P
dut)s2 (10)
p=1

we guarantee that this assumption holds. If weentdghe assumption of simultaneously implementing
at most two programs then all training programs stdrt from the beginning of the first month in
order to minimize the undesirable gaps. Note thatdgramp is being implemented at timéhen we

must havex, <t <x, +d_, which consequently means(t) = . The optimization problem can be

summarized as follows:

min LTZC:WC(t)gC (t) dt

st.
- t—t?
yc('f)=,[max Ct° c=12,..C 0<t<T
0 t<x,
t—Xp
ypc(t)= apc( q ) XpSt<Xp+dp C::LZ,...,C p:lz,---,P 0<t<T
p
a,. t>x +d

yc(t)=iypc(t) c=12..C 0<t<T
p=1
g.(t) =max{0,y,(t) - y.(t)} ¢=12..C 0<t<T

1 if x <t<x_+d
u (t)= PP P p=12...,P 0<t<T
P 0 otherwise

P
du(t)s2 0<ts<T
p=1

u,)0{01} p=12..P O<t<T



3. The proposed heuristic algorithm

There are two important weaknesses in the optimizamodel formulated in Section 2. First, the
parametet, time, is a continuous parameter. We might be tbémlve the existing integral in the
objective function, but there are many constraivticch must hold for all continuous valuesta@ind
this is not a trivial, if not impossible, task fratre mathematical point of view. In order to resalkis
problem we discretize the parameteFhe second weakness is attributed to the existehsome
conditional constraints. In order to transform dtindal constraints (4), (6), and (9) into
unconditional constraints we have to use many iwariables, that consequently increase the
complexity of the problem from the computationainp®@f view. Indeed, even by discretization of
time, the formulated optimization model is a hoeéin mixed integer programming problem. It implies
that this problem falls in one of the most difficaategories of optimization problems. Actuallye th
formulated problem is NP-Complete; we give a forpralof of its NP-Completeness in Section 3.2.
To resolve the second weakness a heuristic algoighproposed. Indeed, NP-Completeness of the

formulated problem justifies the necessity of dep#ig a heuristic algorithm.

3.1. Discretization of time
The undesirable gaps can be estimated by disergtiand considering time intervals as depicted in
Fig. 3.

IAUBALRY
1 V. (1)

»

apc / yc (t)

i

tg Xp Xp + d p t:]ax T

> {
Fig. 3. The estimation of the undesirable gaps for coteciby discrete intervals.

Therefore, the objective function can be rewritisn

C T

min > > w, (g, (t) (11)

c=1 t=1

which indicates an estimation of the weighted uirdbke gaps.



Similarly, instead of constructing continuous fuais, w, (t)'s can be determined by using a pairwise

comparison matrix between criteria at each disdretet, in that they are required only in discrete

timest=12,....T . So, at each discrete tirheve can calculate a vectwV(t) = (w, (t),w,(t),....w. t (.))

According to Fig. 3, the desired value of criterat timet is estimated as,

0 t=22,..t -1
+05-1°
(0= e =t - (12)
1 t=t™ T

The modifier 0.5 in Eqg. (12) implies that after aiistization of y_(t) we consider the height of the
middle point of each interval as the height of theresponding interval (see Fig. 3). Similarly, aiv

that progranp starts from monttx, we can estimatg  (t) s as,

0 t=12,..x, -1
t+05-x,
(Yo ©1%,) = a"°(d—) t=X,,....x, +d -1 (13)
p
a, t=x,+d,,...,T

3.2. The NP-Completeness of the problem

The theory of NP-Completeness is only applied wigien problems. In a decision problem, we first
state some problem by describing a generic instahiteThen, a question is posed for which thae a
only two possible answergesor no. If a problem is NP-Complete then it is widelyibgéd that the
required time to answer the question by any exjstigorithm increases faster than a polynomial
function of the size of the instance.

The most common way to prove that a problem is MRyalete is to consider some already known
NP-Complete problem and to show that it can bestmamed in polynomial time to our problem
(Garey and Johnson, 1979)

Theorem:

The problem stated in Section 2.3 with discreteetislNP-Complete.

Proof:
We consider the multiprocessor scheduling problsitina already known NP-Complete problem

(Garey and Johnson, 19A8hich is defined as follows.

Generic instance: A set P of jobs, two parallel hiaes, duration tim@lp 0Z* foreachpd P, and

a deadlineKOZ".

10



Question: Is there a schedule for P that meetotlezall deadline K?

We show that any generic instance of the multisoescheduling problem can be transformed to an
equivalent specific instance of our problem suett the answer to our decision problengés (no)f

and only if the answer to the multiprocessor schieguecision problem iges (no) We define the

specific instance of our decision problem as fofow

Specific instance: The problem stated in Secti@nth discrete timed  0Z" for eachpOP,

t? =K +1-¢ for eachcIC wheree is a sufficiently small numbet;™ =K +1 for eachc C,

A, =% for each pOP,c C and arbitrary values fow, 's. We denote the total weighted

undesirable gaps b, -

Question: Is there a schedule for training programth G, =0?

If the answer to our decision problenyissthen all programs must have been completely
implemented by the end of morith This conclusion is based on the characterisficaipspecific

instance abouapc. Indeed, in montiK+1 we need the highest desired value, which isrlalf

criteria. If any program is not completed by thel @i monthK then we absolutely face an undesirable
gap for all criteria because:

1) all programs have positive contributions orcaitieria, a,, > 0, OpOP,cOC,

2) the desired value for all criteria in momtk1 is 1,

3) the obtained value for each criterion is 1 il @mly if all programs have been completely

P
implemented (this is due to the fact tlﬁtapc =1 for eachcOC and it does not exceed 1).
p=1

Therefore, if the answer to our decision problelyeisit implies that all programs have been
completely implemented by the end of moKthSince at most two programs are implemented dt eac
time and the duration time of each program in agobfgm is the same as the duration time of its
corresponding job in the multiprocessor schedytirablem we conclude that the jobs in the
multiprocessor scheduling problem can be procelsgdlde deadlin&, i.e. the answer to the
multiprocessor scheduling problemyiss too.

By choosing a sufficiently small value far the desired value for each criterion in the morth3,

..., K-1is zero, in montk is almost zero, and in monki+1 is 1. So, regardless of the order of

programs, if all programs are implemented by the @monthK then G, = Q It can be deduced

from the last statement that if the answer to @aision problem isothen it is not possible to
implement all programs by the end of moKthThis implies that the jobs in the multiprocessor
scheduling problem cannot be processed by the ideddlhence, the answer to the multiprocessor

scheduling problem iso, too.
O

11



3.3. The heuristic algorithm

Our heuristic algorithm is a greedy algorithm, aeeach stage it chooses the locally optimal detis
The locally optimal decision at each stage is tlog@amp whose implementation yields the minimum
weighted gaps from the current stage till mohtlEach stage is the first possible month to impleme
a new program. After determining the optimal progt each stage we modify the desired values of
all criteria. We continue till all programs are ediled. We start from the first month and determine
the most appropriate program. Since at each déestireet at most two programs are allowed to be
implemented we can calculate the future weightex$ gacurred by implementation of each twin
combination of the programs. So, if programendq are selected to be implemented from the first

month then the future weighted gaps are estimated a

cC T

(GpqlX, =1%, =) =;;wc(t).(gc(t)|xp =1x,=1) (14)
where

(9. ®) 1%, =1x, =) =max{0, . (t) - (¥, )X, =1, =1)} (15)
(Yo ©1%, =1%, =D = (Y, )%, =D + (¥, t) %, =1) (16)

The last equality is based upon the assumptionethat prograrp improves each criteriot
independent of other programs. Logically, the gam) with the minimumG_ , should be selected for

implementation from the first month. Then, the desivalues for each criterion and at each month

should be modified by subtracting tige(t) from the initial desired valueg, (t) .

¥ (t) = max{0,y, (t) = (9. )| X, )} (17)

Now, in the second iteration, the earliest posgifbath to start the next program is,
t® =minfl+d_ 1+d} (18)
wherep andq are the programs started from the first month. Aghthe unscheduled programs we

determine a program the implementation of whicimfirmontht® incurs the minimum future
weighted gaps.

C T

G, Ix, =t?) =czzl‘,tZzl‘,Wc(t)-(gc(t)IXp =t?) (19)
where

(9. M) [x, =t?) =max{0, 7 (t) = (y. )| x, =t“)} (20)

(Y. O 1%, =t?) =(y,. ©)|x, =t?) 1§2

12



We continue this procedure until all training pr@ams are scheduled. The proposed heuristic

algorithm is as follows.

Begin:

Step O (initialization):

r =1: iteration

U ={12,...,,P} : the set of unscheduled programs

L =¢: the set of last scheduled programs

S=¢: the set of all scheduled programs

10 =1 (22)
yOM) =y, ¢) c=12..C t=12..T (23)

Step 1 (schedule two programs):

0 t=12,..t"0-1
t+05-t"
t)|x =t)=<a (———) t=t",. 1O +d -1
(Yo O 1%, =t) =12,.( Q. ) p (24)
a, t=t"+d_,..T
c=12..C OpOU t=t",..T
(Y. @)%, =t %, =t7) = (y,. )%, =t) + (v, ©) | %, =t) (25)
c=12..C OpgOU pzq t=t",..T
(9. ®)]x, =t,x, =t) =max{0, y" (t) - (y, ) | x, =t",x, =t")} (26)
c=12..C OpqOU pzq t=tO,..T
C T
(GoqIx, =t x, =t0)=>">w,(t).(g. )| x, =t,x,=t") Op,gOU pzq (27)
c=1 =t
L =arg(min{G,, |x, =t",x, =t”) Op,qOU p#a}) (28)

L contains the two indices of the unscheduled prograhich incur the minimum future weighted

gap.

o) =(g,t)Ix, =t”,x, =t”) pqgOL ¢=12..C t=t" T (29)
X, =% =t pqOL (30)
Go to Step 3.

Step 2 (schedule one program):

13



0 t=12,...t0 -1
t+05-t"

t)|x, =t =1a (———) t=t7,..tV+d -1
(ypc()l p ) pc( dp ) P (31)
a, t=t"+d,,...T

c=12..C OpOU t=t",..T

(Y. © 1%, =t) =(y,. )%, =t*) e

c=12..C OpOU t=t",..T

(9. @)%, =t) =max{0, y" (t) - (y. t) | x, =t")} (33)

c=12..C OpOU t=tO,..T
cC T

(G, 1%, =t)=>" > w.(t)-(g. ®)|x, =t") OpOU (34)
c=1t=t("

L =arg(min{(G, |x, =t) OpOU}) (35)

L contains the index of an unscheduled program wihnichrs the minimum future weighted gap.

0" (t)=(g,)|x, =t”) pOL c=12..C t=tO T (36)
x, =t pOL (37)
Go to Step 3.

Step 3 (check the termination condition):
r=r+1,U=U-L, S=SOL
If |[U|=0 then stop; otherwise, go to Step 4.

|U | shows the cardinality of the ddt

Step 4 (update parameters):
N() 4{pOS|x, <t and x, +d =t}| t=12,..T (38)
| {.} |shows the cardinality of the set {.}. S\ t (ildicates the number of programs which are being
implemented in month
t =min{t=122,... T |N(t) <1} 139
yO) =max{0,y* ) -9 ()} ¢=12..C t=t,..T (40)
If |JU =2 and N(t"”) = Othen go to Step 1; otherwise, go to Step 2.
End.

4. An equivalent job scheduling problem
Job scheduling is one of the most active reseaetdisfin operations management. In general, job

scheduling means to assign jobs to machines i tsdmmplete jobs under the existing constraints.

14



Many job scheduling problems are NP-Complete, anlly heuristics and meta-heuristics are
developed to solve this problem. Like the courseedaling problem, many variants of the job
scheduling problem have been investigated in thealiure(Blazewicz et al., 1996)n some
manufacturing systems we might face job schedynofplems that look like the problem stated in this
paper. Consider a workshop whé&e¢ypes of products are constructed (in our probeis the

number of criteria). Each product consists of astRadifferent part types (in our problebis the
number of programs). In other words, exaétlgifferent part types are manufactured in the wiooks
and each product consists of all or some of thags.pfSuppose that there are 2 parallel machines (i
our problem at most 2 programs can be implemerntedtaneously), and at any time only one part
type can be manufactured on each machine. Eacltypartmight need some setup time but we can
easily add its setup time to its processing tinfe processing time of each part typis equivalent to

the duration time of implementing each proggam our problem,d_ . Unlike many job scheduling

problems, the objective function might be assodiatgh schedule length or mean flow time or due
date of theproducts(in our problem criteria) rather than schedulgtaror mean flow time or due
date of theparts (in our problem programs). Moreover, each prodhast an importancey, (in our
problem the weight of each criterion) which canrmependent of time. For example, there might
exist a due date to complete each product. Eathypep completes each producto some extent

a,. - If productc is completed before its due date then we facentiovg costs, whereas if it is

completed after its due date then we face shorages. So, both kinds of gaps are undesirable, and
we are going to minimize the total inventory ashaslshortage costs of all products. By using the
formulated optimization problem and the proposedtisdc algorithm we can solve such scheduling

problems in manufacturing systems.

5. A real-life numerical example

This section provides a real-life numerical examplshow the implementation of the proposed

heuristic algorithm. As mentioned before, the paetars of the optimization model atg, t™, a,,,

w,(t), andd . Tables 2-5 show the values of these parametéasneld based on the experts’

opinions from 15 incubators.

Table 2. The percentage of fulfillment of criteri@mafter implementation of training progrgma, .

1 2 314 5 6 7 8 9
0/02|01]0C|0C€]|01]01]0.2]0.C
02]07]02]02|]0C€]|05]02]04]0.1
01j0C€]07]0C|0C|012]01]0.C]0.C
01/0c€jo0cCj0a1j0cjo0cCcjoC|oOC|O1
01(02j0Cj07]02]0Cc|0oC]|o0C|00
oljocjocCcjocCcjocCcjoejo0C|o0.C|0.2
01/02j0CjoCjoCjoC|0O0€]|02]0.1
ol1joc€cjocCcjocCcjocjocjocCcjoC|04

=3
o

Q0N |0 [WIN |-
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Table 3. The first point with a positive desired value dhd first point with the maximum desired

value for each criterion.

c |1|2|3|4|5|6|7|8]|09
t® lo|lo| 6] 3] 9/ 0| o O 4

t™ |31 4| 8|15 14 8 6§ § 18

Table 4. The weight of criteriort at timet, w,(t) .

1 2 3 4 5 6 7 8 9
1.0C | 0.0C | 0.0C | 0.0C | 0.0C| 0.0C | 0.0C| 0.0C | 0.0C
0.47] 0.24 | 0.0C | 0.0C | 0.0C | 0.0¢ | 0.1C | 0.07 | 0.0
0.31] 0.31|0.0C | 0.0C| 0.0C | 0.1z | 0.1z | 0.1C | 0.0«
0.2¢ ] 0.2€ | 0.0C | 0.0¢4] 0.0C | 0.15] 0.1£ | 0.11| 0.0%
0.2C | 0.22 | 0.0C | 0.0 | 0.0C | 0.17 | 0.17 | 0.1% | 0.0¢
0.1€ | 0.1¢ | 0.0C | 0.0€ | 0.0C | 0.1€ | 0.1€ | 0.1<4 ] 0.0%
0.14]0.15| 0.0€ | 0.07 | 0.0¢ | 0.17 | 0.17 | 0.14 | 0.07
0.11]0.1% )| 0.1C | 0.0¢ | 0.0 | 0.15 | 0.1f | 0.1 | 0.0¢
0.1C| 0.1C| 0.124| 0.0¢ | 0.07 | 0.14 ] 0.14 | 0.1<4 | 0.0¢
10 | 0.0¢ | 0.0¢ | 0.1% ] 0.1C | 0.0¢ | 0.1% | 0.14 | 0.14 | 0.0¢
11 | 0.0€ | 0.0¢ | 0.15 | 0.12| 0.11] 0.12 | 0.1% | 0.1% | 0.1C
12 | 0.07 | 0.07 | 0.1¢ | 0.1% | 0.1 | 0.1C | 0.1 | 0.13 | 0.1]
1310.07| 0.0€ ]| 0.1¢] 0.15 | 0.1% | 0.1C | 0.1Z | 0.14 | 0.1
14 | 0.0€ | 0.0£ | 0.14] 0.14| 0.14] 0.0¢ | 0.11] 0.24| 0.1¢
15| 0.0€ | 0.0¢ | 0.14] 0.14| 0.14] 0.0¢ | 0.11] 0.14| 0.1
16 | 0.0¢ | 0.0¢ | 0.1¢ | 0.15 | 0.15 | 0.0€ | 0.1C | 0.1F | 0.1F
17 1| 0.0£ | 0.01] 0.1z | 0.1€ | 0.1€ | 0.0¢ | 0.1C | 0.1€ | O0.1¢
1810.0£10.0C|0.11]|0.27| 0.17] 0.07 | 0.0¢ | 0.17 | 0.17
19 1 0.0£ | 0.0C| 0.11] 0.17 | 0.1€ | 0.07 | 0.0¢ | 0.1€ | 0.2C
20 0.0¢] 0.0C | 0.1C | 0.1€ | 0.1€ | 0.0€ | 0.0¢ | 0.1€ | 0.2¢
21 1 0.0¢]0.0C| 0.2C| 0.1£ | 0.15| 0.0¢€ | 0.07 | 0.1 | 0.2¢
22 1 0.0¢]0.0C | 0.06 | 0.1 | 0.1% | 0.0% | 0.0€ | 0.1% | 0.3¢
231 0.0c ] 0.0C | 0.0€ | 0.0¢ | 0.0¢ | 0.04 | 0.0¢ | 0.0€ | 0.5
24 1 0.01] 0.0C | 0.0z | 0.0¢ | 0.04] 0.0z | 0.0z | 0.0% | 0.8C

oloN|oo|swN|e S

Table5. Duration of training program (month).

p [1]2]3]4[5]6]7]8
d, |5]4| 3| 2| 3] 3 5 5

Before starting the heuristic algorithm, we canlgasiculate the desired value of each critereaat
each timd, using Eq. (12). In the first iteration we obt#ne incurred weighted undesirable gaps for
each pair of programs as indicated in the uppdrgddrable 6. In this table, lettsrefers to the

scheduled programs.
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Table 6. The incurred weighted sum of weighted undesirghles in each iteration.

Iter. | Gap p/q 1 2 3 4 5 6 7 8
1 | - 13.65| 17.05| 17.25| 16.39 | 16.75| 16.18 | 16.72
2 | | - 13.75| 13.97| 13.30 | 13.57 | 12.88 | 13.45
3 | | e | - 17.34 | 16.48 | 16.85| 16.27 | 16.81
1 GO Y T B el 16.82 | 17.04 | 16.48 | 17.05
I e T e e 16.16 | 15.61 | 16.15
6 | - | e | e | e | e | e 15.98 | 16.69
A B B e I i e B B 15.99
[ T T (S e L T T (SIS [ —
2 G® 9.80 s 9.39 | 953 | 9.10 | 9.32 s 9.19
3 GY® 7.60 s 7.07 | 7.44 s 7.04 s 6.85
4 G¥ 5.28 s 4.76 | 5.00 s 5.05 s s
1 | - S S 2.01 S 2.36 S S
5 G 4 | - S [ - S 1.81 s s
6 | ---- S s | - s | - S S
6 G® - 1.07 s s s s s s s

Since G{, = 1288 is the minimum value in iteration 1 we choose paogs 2 and 7 as the first two
programs which should be implemented. So,

L={27}, U = {134568}, S={27}, x,=x, =1, t?¥ =5,

The new desired values for each criterion are tatied in step 4 of the algorithm. Then, the new
incurred gaps from monttf? =  &n are calculated for each program in the sehetheduled
programdJ. These gaps for iteration 2 have been shown icoitiesponding row in Table 6. Since
G =910 is the minimum value we choose program 5 as #iitig program which should be
implemented as the third program. So,

L={5}, U = {13468}, S={275}, x, =5, t? =6.

The results of the next iterations have been ptedan their corresponding rows in Table 6. Not th
in iteration 5 we need to choose two programs bezaoograms 2, 3, 5, 7, and 8 have been completed
before montht® = 11This implies that in month 11 we can start twogsams rather than only one
program. By implementation of the proposed heurisfigorithm we obtain the final solution as
indicated in Table 7. Moreover, Figure 4 showsleestatic representation of the final solution.

Table 7. Values of the decision variables for the numengample.

p|1]2[3[4]5]/6]7]8
x, |13|1|8|11|5|11|1|6
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Month

N
N
N
N

Program

Fig. 4. Schedule of the training programs for the numéeggample.

The value of the objective function (the sum ofwedghted undesirable gaps) for the presented
solution in Fig. 4 is 4.51. The final solution dag considered as a schedule for training programs i
incubators in which special attention has been faitle SMES’ requirements. Even though the
parameters, criteria, and training programs miglainge, the structure of the optimization model and
the proposed heuristic algorithm do not changett&y, remain valid for different training programs

and criteria.

In order to compare the value of the objective fiamcobtained by the heuristic algorithm, we addres
two well-known methods which are often used in bators. The first usual simple method to
schedule training programs in incubators is bageth the logic that longest training programs should

be implemented as soon as possible. To this @pd, of the programs are sorted in non-increasing
order. The programs associated with the two greatg's are scheduled from the first month. Then,
the program associated with the third greatgsis scheduled, and we continue till all progranes ar

scheduled. By this method, the programs are sciddulthe following order: 1, 7, 8, 2, 3, 5, 6 A4.
a result, the start times of programs 1 to 8 a& 10, 14, 11, 13, 1, 6, respectively. The surhef
weighted undesirable gaps for such schedulingd3 which is 5.63-4.51=1.12 units worse than the

corresponding value obtained by implementatiorheftteuristic algorithm.

The second method specifies the set of thoseierftarwhich the desired value must be achieved
very early (earliest criteria). Then, the trainprggrams are sorted according to their impact to

improve these criteria. In other words, we first@fy the set of those criteria with the smallesiue

t‘; ; let us call this seA. Then, we sort the programs in a non-increasidgroof the summation of

their impacts to improve the existing programgjm.e. in non-increasing order (Eapc . So, the two
cJA

programs with the biggest values @apc are scheduled first. By this method, the prograres
cOA
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scheduled in the following order: 2, 7, 1, 6, 8534. As a result, the start times of programs 8 are
5,1, 10, 14, 13, 6, 1, 9, respectively. The suithefweighted undesirable gaps for such schediding
4.60 which is 4.60-4.51=0.09 unit worse than theesponding value obtained by implementation of

the heuristic algorithm.

We can calculate a lower bound for the objectiveefion by letting all programs start from the first
month. If we relax (neglect) the constraints in E§3-(10) the best value of the objective functi®n
obtained by starting all programs as soon as plessie. from the first month. This is due to tlaetf

that y,.(t) is a non-increasing function of, . This means that the greatest valueygft ig gained
when x, takes its smallest value, i.e. 1. By having theaggst values of t (ve obtain the greatest

values ofy, (t) according to Eq. (5) and consequently the smalialsies for undesirable gaps t ()

according to Eq. (4). Such assignment leads tedhee 1.77 as the sum of the weighted undesirable
gaps which can be considered as a lower bound h&ntwer bound is obtained if we relax the
integrality of integer variables in the problemrfardated in Section 2. By such relaxation we obtain
3.82 for the sum of the weighted undesirable gapg;h is obviously a stronger lower bound. Table 8
shows the weighted sum of the undesirable gapthéineuristic algorithm, two other mentioned

methods, and the lower bound.

Table 8. The weighted sum of undesirable gaps for differeathods.

Heuristic algorithm| Scheduling length Earliest criterial Lower bound (LP relaxation
4.51 5.63 4.60 3.82

6. Conclusions and future studies

We have discussed the construction of an optintinatiodel to determine the most suitable times to
implement training programs in incubators. This gldd based on the idea that each training program
is able to enhance, to some extent, the criterialiigh the performance of an SME is evaluated. The
weaknesses of the optimization model about modelimycomputations have been briefly discussed.
In order to resolve these two weaknesses we haceetized the time and proposed a heuristic
method, respectively. Since our problem is NP-Ceteapit is worth to develop a heuristic method to
find the final solution. A real-life numerical exaite based on the experts’ opinions has been
presented to show the implementation of the prapbserristic. The numerical results of the proposed
heuristic have been compared with other methodsdar to demonstrate its efficiency. These
comparisons show that the proposed heuristic pegdretter than two other methods, and its value of
the objective function is not too far from the loviund of the objective function. As one of the

future studies, duration times of the training peogs can be considered as decision variables. We
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might be able to consider duration time of eaclgpam as a non-increasing function of the length of
the time slots on each day during which the progsamplemented. In this case, the number of
programs which can be simultaneously implementdidcdepend on the maximum hours per day that
each SME can spend for the training programs. Aeratiteresting topic for future research is
adjusting the proposed optimization model and Iséiaralgorithm to fit with the job scheduling

problem discussed at the end of Section 3.
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