International Journal of Computational Intelligence Research.

ISSN 0973-1873 Vol.2, No. 4 (2006), pp. 309-326
(© Research India Publications http://www.ijcir.info

Heuristic Methods for Automatic Rotating
Workforce Scheduling

Nysret Musliu®

Vienna University of Technology
Karlsplatz 13, 1040 Wien, Austria
musliu@dbai.tuwien.ac.at

Abstract

Rotating workforce scheduling appears in different forms in a
broad range of workplaces, such as industrial plants, call cen-
ters, public transportation, and airline companies. It is of a
high practical relevance to find workforce schedules that fulfill
the ergonomic criteria of the employees, and reduce costs for
the organization.

In this paper we propose new heuristic methods for automatic
generation of rotating workforce schedules. To improve the
quality of each heuristic method alone, we further propose the
hybridization of these methods. The following methods are pro-
posed: (1)A Tabu Search (TS) based algorithm, (2) A heuristic
method based on min-conflicts heuristic (MC), (3) A method
that includes in the tabu search algorithm the min-conflicts
heuristic (TS-MC) and random walk (TS-RW), (4) A method
that includes in the min-conflicts heuristic the tabu mechanism
(MC-T), random walk (MC-RW), and both the tabu mechanism
and the random walk (MC-T-RW). The appropriate neighbor-
hood structure, tabu mechanism, and fitness function, based
on the specifics of the problem are proposed. The proposed
methods are implemented and experimentally evaluated on the
benchmark examples given in the literature and on the real life
test problems, which we collected from a broad range of orga-
nizations. Empirical results show that the combination of the
min-conflicts heuristic with tabu search can be used to solve this
problem very effectively. The hybrid methods improve the per-
formance of the commercial system for generation of rotating
workforce schedules and are currently in the procees of being
included in a commercial package for automatic generation of
rotating workforce schedules.

Keywords rotating workforce scheduling, heuristic search, min-,
conflicts heuristic, tabu search, random walk, constraint satisfac-

tion.

[. Introduction

employees during one week. The employees work in three
shifts: day shift(D), afternoon shift(A) and night shift(N).
The first employee works from Monday until Friday in a day
shift (D) and during Saturday and Sunday has days-off. The
second employee has a day-off on Monday and works in a
day shift during the rest of the week. Further, the last em-
ployee works from Monday until Wednesday in a night shift
(N), on Thursday and Friday has days-off, and on Saturday
and Sunday works in the day shift. Each row of this table
represents the weekly schedule of one employee.

Table 1 A typical week schedule for 9 employees
H Emp./day\ Mon \ Tue\ Wed \ Thu \ Fri \ Sat\ Sun H

1 Db [p[ Db ]|[D]D
2 - D| D |D|[D|DJ|]D
3 D - - N [ N[ N[N
4 - - - Al Al A
5 Al A AT]A

6 N | N| N N [ N

7 - Al AA]A]A
8 A | A - - - | NN
9 N | N| N - - | bp| D

There are two main variants of workforce schedules: rotating
(or cyclic) workforce schedules and non-cyclic workforce
schedules. In a rotating workforce schedule all employees
have the same basic schedule but start with different offsets.
Therefore, while the individual preferences of the employees
cannot be taken into account, the aim is to find a schedule that
is optimal (or fulfills all constraints) for all employees. The
schedule presented in Table 1 would be a cyclic schedule, if
after the first week the first employee takes the schedule of

the second employee, the second employee takes the sched-
Workforce scheduling, in general, includes sub-problemsle of the third, ..., employee 9 takes the schedule of em-
which appear in many spheres of life as in industrial plantgloyee 1. In non-cyclic workforce schedules the individual
hospitals, public transport, airlines companies etc. In Tabledreferences of the employees can be taken into consideration
a typical representation of workforce schedules is presenteahd the aim is to achieve schedules that fulfill the preferences
This schedule describes explicitly the working schedule of 8f most employees. In both variants of workforce schedules
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many constraints such as the minimum number of emplogonstrained scheduling problem as a sub-problem. The au-
ees required for each shift have to be met. For this reasahprs investigate the use of the multi-objective algorithm and
they are generally difficult to solve, which corresponds to théhe genetic algorithm which uses weighted sum objectives.
extremely large search space and conflicting constraints. Tihey show that, with multi-objective algorithm and without
this paper we will consider the problem of rotating work-information for the weights of the objectives, solutions can
force scheduling. According to [29] this problem is an NPbe obtained whose fitness is within 2% of the fithess of so-
complete problem. lution obtained by the genetic algorithm with weighted sum
Workforce schedules have a impact on the health and salbjectives. Based on these results and knowing that in prac-
isfaction of employees as well as on their performance &te it is very hard to determine the best weights for the ob-
work. Therefore, computerized workforce scheduling has irjectives, the use of the multi-objective approach is a good al-
terested researchers for over 30 years. The critical featuresnative in situations when the weights of objectives is hard
of workforce scheduling algorithms are their computationaio determine. Surveys of other algorithms used for workforce
behavior and flexibility for solving a wide range of problemsscheduling problems are given in [8], [5], [4].

that appear in practice. For solving the problem of workforcén [33] there is proposed and implemented a method for the
scheduling, different approaches have been used in the litgeneration of rotating workforce schedules, which is based
ature. Examples of the use of exhaustive enumeration ava pruning of search space, by involving the decision maker
[24] and [9]. Balakrishnan and Wong [7] solved a problenduring the generation of partial solutions. The algorithms
of rotating workforce scheduling by modeling it as a networkave been included in a commercial product called First
flow problem. Laporte [26] considered developing the rotat€lass Scheduler (FCS) [21], which is part of a shift schedul-
ing workforce schedules by hand and showed how the comg package called Shift-Plan-Assistant (SPA) of XIMES
straints can be relaxed to get acceptable schedules. The @sep. The main feature of FCS is the possibility to gener-
of constraint logic programming has been shown in [11]. Reate high quality schedules through the interaction with the
cently, Laporte and Pesant [28] have proposed constraint ptadman decision maker. Apart from the fact that the gener-
gramming algorithm for solving rotating workforce schedul-ated schedules meet all hard constraints, it also allows the
ing problems. A simple genetic algorithm for rotating work-incorporation of preferences of the human decision maker re-
force scheduling was proposed in [32]. garding soft constraints that are more difficult to assess and
Several other approaches for workforce schedules have béermodel otherwise. Although this package has been shown
proposed in the literature for solving similar problems reto work well in practice for solving a broad range of real life
lated to rotating workforce scheduling. Glover and McMil-problems, for very large instances feasible solutions cannot
lan [23] rely on integrating techniques from management scalways be guaranteed, because of the size of the search space.
ences and artificial intelligence to solve general shift scheduh this paper we propose methods with the aim of more ef-
ing problems. Constraint processing has been used for nufsetive generation of solutions for large instances of rotat-
scheduling in [6]. Examples of the use of tabu search fang workforce schedules. The generated rotating workforce
nurse scheduling and related workforce scheduling problersshedules should satisfy all given hard constraints, i.e. no
are [15], [34], [16], [12], [38], and [19]. The combination soft constraints or approximate solutions should be accepted
of tabu search with other approaches for nurse schedulifgee section Il). Of particular interest is the development
has been also considered in the literature. For example, d@f techniques for this problem which can solve problem in-
[18], tabu search is used in combination with evolutionargtances which can not be solved by FCS in a reasonable
algorithms, and combining tabu search with integer progranamount of time. The main contributions of this paper are:

ming models has been proposed in [14]. Other metaheuris-
tic approaches, such as genetic algorithms, have been use
successfully in solving different workforce scheduling prob-
lems. Aickelin and Dowsland [2] proposed an indirect ge- , A new method based on the min-conflicts heuristic for
netic algorithm for nurse scheduling. The proposed algo-  solving this problem is proposed.

rithm uses individuals who do not represent direct encoding

of solutions, and includes a decoder heuristic to obtain the « We propose a combination of the min-conflicts based
solutions from these individuals. Authors report better re-  heuristic and tabu search. A new method which includes
sults than those reported by applying tabu search [15]. Other the so called tabu mechanism in the min- conflicts
variants of genetic algorithms for nurse scheduling are pre- based heuristic for solving rotating workforce schedul-
sented in [36] and [3]. The application of Bayesian opti-  ing problem is proposed, and using the min-conflicts
mization and classifier Systems in nurse Schedu”ng is pre- heuristic in the tabu search is considered. Addltlona”y,
sented in [30]. In [10] is investigated relaxation of coverage ~ We consider the introduction of random noise and ran-
constraints for nurse scheduling to generate better schedules. dom walk in the adopted random restart min-conflicts
Recently, in [13], the genetic algorithm is used to solve the  heuristic and tabu search method.

workforce scheduling problem which includes the resource

q We propose a tabu search based method for solving the
rotating workforce scheduling problem.

Lhttp:/Avww.ximes.com/



Automatic Rotating Workforce Scheduling

o We introduce a set of 17 real life problems, which are
collected from different areas in industry. The proposed
methods have been implemented and empirically eval-
uated using problems which have appeared in the liter-
ature and the set of introduced real life problems. Ad-
ditionally, we compare methods proposed in this paper
with the commercial system for generation of rotating
workforce schedules.

We proceed in this paper as follows: In the next section we
give a precise definition of the rotating workforce schedul-
ing problem. In Section Ill the tabu search algorithm is pro-
posed. Section IV describes new proposed method based on
min-conflicts heuristic. In Section V the combination of tabu
search, min-conflicts heuristic and random walk is proposed.
Test problems from literature and the 17 problems collected
from real life situations are presented in Section VI. Compu-
tational results for real life workforce scheduling problems
and the comparison of these results with other approaches in
literature are given in Section VII. In the last section conclu-
sions remarks are given.

Il. The rotating workforce scheduling problem

In this section, we describe the problem of assignment of
shifts and days-off to employees in the case of rotating work-
force schedules. This is a specific problem of a general
workforce-scheduling problem. The definition is given be-
low [33]:
Instance:

o Number of employees:.

o Set A of m shifts (activities) :aq, aso, ..., a,,, Where
a., represents the special day-off “shift”.

« w: length of schedule. The total length of a planning
period isn x w because of the cyclic characteristics of
the schedules.

« A cyclic schedule is represented by anx w matrix
S € A™, Each elemen; ; of matrix.S corresponds to
one shift. Elemens; ; shows on which shift employee
1 works during dayj or whether the employee has time
off. In a cyclic schedule, the schedule for one employe
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— Sequences of shifts not permitted to be assigned

to employees. For example, one such sequence is
N D (Night Day): after working in the night shift,

it is not allowed to work the next day in the day
shift. The typical problem in rotating workforce
scheduling does not allow several shift sequences.
More information for the not allowed sequences
for problems solved in this paper are given in sec-
tion VI .

Maximum and minimum length of periods of con-
secutive shifts: Vectors AXS,,,, MINS,,,
where each element shows the maximum respec-
tively minimum permitted length of periods of
consecutive shifts. Because the schedule is cyclic
these constraints for the length of blocks of shift
are identical for all employees and the shift se-
guences can lie in more than one week. For ex-
ample, suppose that it is not allowed to work more
than4 Night (N) shifts in a sequence. The em-
ployee3 (in Table 1) works from Thursday to Fri-
day in the night shift. If the employe¢ would
work on Monday in the Night shift this constraint
would be violated, because after finishing his/her
schedule, employe2 would take the schedule of
employee4 and thus works Night shifts in a se-
guence, which is not allowed.

Maximum and minimum length of blocks of
workdays:M AXW, MINW. AWork block is a
sequence consisting only from the working shifts
(without day-off in beetwen). This constraint lim-
its the number of days in which the employees
can work without having a day off. Cyclicity
should also be taken into consideration for the
work blocks. For example, the work block of em-
ployee2 in Table 1 is of length7v (D D D D D

D D), because he will work from the Tuesday of
the current week to the Monday of the next week
in the Day shift (employee take the schedule of
employee3 for the next week).

Problem: Find a cyclic schedule (assignment of shifts to em-
ployees) that satisfies the requirement matrix, and all other
gonstraints.

Note that in [33], finding as many non-isomorphic cyclic

o Constraints:

consists of a sequence of all rows of the mafixThe . . .

last element of a row is adjacent to the first element o:?chedules as possible that satisfy all constraints, and are op-
the next row. and the last element of the matrix is adjat_|mal in terms of weekends without scheduled work shifts
cent to its fir,st element (weekends off), are required. We consider in this paper the

generation of only one schedule, which satisfies all the hard

Tempora| requirements: The requirement matrix F@OhStraints given in the prOblem definition. FUlfI”Ing of all
((m—1) xw) (we use heren— 1, because shift,, rep- given constraints for this problem in practice are usually suf-
resents the day-off), where each element of the re- ficient. The same constraints that we use in this paper are

quirement matrixk shows the required number of em_used in the commercial software (FCS) for generation of ro-
ployees for shift during dayj;. tating workforce schedules. Although this problem is a spe-

cific formulation of the workforce scheduling problem, this
system has been used since 2000 in practice for many com-
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panies in Europe. In literature and practice other differeriiecause of the connection of the schedule of each employee
formulations of workforce scheduling problems also appeawith the schedule of the next employee.
which additionally include the soft constraints. Such probThe appropriate neighborhood structure for tabu search is
lems include for example nurse scheduling, where soft corery important to reach ‘good’ solutions. In this section, we
straints, like individual preferences of employees are of higfirst describe the neighborhood structure for the problem we
importance. solve in this paper. We propose such a neighborhood struc-
ture based on the specifics of a problem, so that the search
. Tab . can be more effective. Afterwards, we propose the structure
- labu S?amh for rotating workforce of memory (tabu list) during the search, acceptance of the de-
scheduling scendant solutions and aspiration criteria. Furthermore, the
Tgbu searph [22] is a powerful modern meta-heuristic teclfulr—]pep,r g g ggtzgﬂﬁ)s:sfgorﬁt;ﬁ; g:gi)cltra]rglilsd;?rse::aents:ci reh towards
nigue, which has been used successfully for many practi-
cal problems. This technique belongs to a class of Ioc%!
search techniques. Local search strategies [1], [35] have been
successfully applied to constraint satisfaction problems arfk described in Section Il, the cyclic schedule is represented
other hard combinatorial optimization problems. The basiby ann x w matrix S, where each element ; of matrix .S
idea of local search techniques is to improve initial solutionsorresponds to one shift or day off. To generate the neighbor-
iteratively during the search. One basic local search techeod of the current solution we apply a move, which swaps
nique is hill-climbing, which starts with a randomly gener-the contents of two elements in the matfixHowever, to re-
ated solution and moves during each iteration to the solutiatuce the neighborhood of the current solution, we only allow
in the neighborhood with the best objective function valuethose solutions which fulfill workforce requirements, and
This technique can easily get stuck in local optima. Differenthus the swapping of elements is done only inside of a partic-
approaches have been used in the literature to escape fratar column. The whole neighborhood of the current solution
a local optimum during the search. Such examples includésobtained by swapping all possible elements (not identical)
simulated annealing [25] and tabu search [22]. in all columns of a table. The applied move is denoted as
The basic idea of tabu search is to avoid cycles (visiting thewap(j, i, k), wherej represents the column in which the
same solution) during the search by using the tabu list. Iswap of elements should be done, anidrepresent elements
the tabu list specific information about the search history fan column; that should swap their contents. The neighbor-
a fixed specific number of past iterations are stored. The aleood of the current solution represents all solutions that can
ceptance of the solutions for the next iterations in this teclpe obtained by applying this movetap(j, i, k)) to the cur-
nique depends not only on its quality, but also on the inforrent solution. Additionally, the above described move was
mation about the history of the search. In the tabu list onextended to swap the blocks of more neighborhood cells (the
stores for instance the moves (specific changes of solutidast cell in the schedule of an employee is a neighbor of the
see Section I1I-B) or inverse moves that have been used diirst cell of the schedule for the next employee). This move
ing a specific number of past iterations. The stored moves aredenotedswapBlock(j, i, k, length), wherej, i, k are the
made tabu for several iterations. A solution is classified assame parameters as for the moveap(j,i, k), whereas
tabu solution if it is generated from a move that is in the tablength represents the length of a block of cells which have
list. In this technique, a complete neighborhood (with deto be swapped. Similar neighborhoods have been used previ-
fined moves) of the current solution is generated during eacusly in the literature. For similar neighborhoods and other
iteration. In the basic variant of TS the best solution (hoteighborhood relations used for nurse scheduling the reader
tabu) from the neighborhood is accepted for the next generia-refereed to [34], [15], [17], [19].
tion. However, it is also possible to accept the tabu solutioBxample 2: In Figure 1 three swaps of cells are illus-
if it fulfills some conditions, which are determined by the sdrated. The first swap denotedll represents the move
called aspiration criteria (i.e., the solution is tabu but has thevapBlock(1, 2,5, 3). With this move the contents of two
best objective function value so far). blocks are swapped. The blocks begin in column 1 and in
Although tabu search has been used to solve similar protews 2 and 5, correspondingly. The length of the block which
lems with rotating workforce scheduling [15], [34], [16], in this case is 3 is determined by the last parameter in the
[12], [38], [19], to the best of our knowledge tabu search haswapBlock move. The second swegR swaps the contents
not been used to directly solve the problem we consider iof the single cells and represents the move swap(6,2,5). The
this paper. Rotating workforce scheduling involves typicallyast swapS3represents this moveiwapBlock(6,9,12, 3):
different constraints compared to nurse scheduling, and whgle block of length three which begins in column 6 and row
also makes the rotating workforce scheduling different fror® should be swapped with the block of length 3 which begins
nurse scheduling is that the schedule is cyclic. During thie column 6 and row 12. Note, that because the blocks begin
generation of a solution for rotating workforce schedulingin column 6 and their length is 3, and knowing that the length
one should also consider fulfilling constraints which appeasf schedule is 7, the next cell to be sawpped after the last cell

Generation of neighborhood
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s(9,7) is the cells(9, 1) (for the second block the next neigh-list. In the first variant we experimented with the same
borhood cell ofs(12, 7) is the cells(12, 1). In general for the length of tabu list for all instances, without taking into con-

cell s(i, j) of the schedule the neighborhood cell is the celsideration the size of the problems. In the second vari-
s(4,7+1). In case the cell is in the last colump £ 7 forthe ant which proved to be better the length of the tabu list is
week schedule) the next neighborhood celi(is 1) because dependent on the size of the problem (number of employ-

of rotation. ees in the schedule). We experimented with these lengths
of tabu list; 2*NumberOfEmployees, 4*NumberOfEmploy-
‘Mon |Tue |Wed Thu |Fri |Sat |Sun ees, 6*NumberOfEmployees, ...,24*NumberOfEmployees.
A D D A D For each tabu length we experimented with two types of
B | D A D moves defined earlier. In the first variant oslyap(i, j, k)
C D N D D move was applied, whereas in the second variant also the
D N 31 A swapBlock(i, j, k, length) move was applied to become the
E [D N D neighborhood solution during each iteration.
F N Py a D A The following criteria is applied to determine the acceptance
' of a solution for the next iteration. The best solution from the
G D D a A N N . e .
- neighborhood, if it is not tabu, becomes the current solution
. A A D N in the next iteration. If the best solution from the neighbor-
1 N hood is tabu, then the aspiration criteria is applied. For the
] |A N N N s3 aspiration criterion, we use a standard version [22] according
K N A N D N to which the tabu status of a move is ignored if the move has
L A D N N a cost better than the current best solution. Different other as-
piration criteria and tabu lists have been used in the literature
Figure. 1: lllustration of swap move for nurse scheduling [34], [15].

C. Fitness Function

. : . . During the generation of a neighborhood, the evaluation of
Based on the particular techniques proposed in this paper,, . ; . . :
three tvoes of neiahborhoods are generated. In Tabu Seas(%lutlons is very time consuming, because each solution has
(TS) tr?gowhole ngi hborhood is generated .This nei th{c_) be checked for many constraints. To calculate the fitness of
hood is obtained 8 Swanbin g" ossiblé eIement% (nc{)rge solution, for each violation of a constraint, a determined
identical) in all colu)ﬁnns oF;pa ?able P In the case of IV“n_number of points (penalty) is given, based on the constraint

) - o and the degree of the constraint violation. The fitness repre-
Conflicts (MC) heuristics the neighborhood of current SOIuéents the sum of all penalties caused by the violation of the
tion is generated by swapping of the content of randoml

. . . . onstraints. Since the problem we want to solve only has
selected cell which appears in some violated constraint (Coﬂérd constraints, the solution will be found when the fitness

flict) and other cells in the same column. Further, for the ran- . : .
; o of the solution reaches the valQe The fitness is calculated
dom walk strategy the neighborhood of the solution is gen- i
; follows:
erated by swapping of the content of a randomly chosen ce

which appears in some conflict with the content of another

cell which is selected randomly in the same column. For . NW .
three techniques the same applies in the case of swapping fitness = Z P1 x Distance(WB;, WorkBRange) +
blocks of cells. i=1
ND
B. Tabu mechanism and selection criteria > P2 x Distance(DOB;, DayOffBRange) +
=1

In order to avoid cycles during the search, the search history,mo fsnifts Nvs;

@s used. Spe_cific information f_or the searc_h history is stored Z (Z P3 x Distance(SBj, ShiftSeqRange;)) +
in the tabu list. In our case in the tabu list are stored the = =1

moves which should not be ap.phed for sgveral iterations dur- P4 x NumOfNotAllowedShiftSeq
ing the search. For example, if the solution accepted for the

next iteration is obtained by swapping the contents of cells ¥ W, N D, represent, the number of work blocks, and days
and 5 in the first column of the schedukauap(1,4,5)), in  off blocks, respectivelyN S, represents the number of shift
the tabu list is stored the moveswvap(1,4,5). This move is sequences (blocks) of shijt W B;, DOB;, represent, a
made tabu for several iterations depending on the length work block i, and a days-off block, respectively. SB;;,
the tabu list. This should avoid cycles during the search. represents thith shifts block of shiftj. The penalties of the
For finding the most appropriate tabu length for tabu searaliolation of constraints are set as follow81 = P2 = P3 =
approach we experimented with different lengths of tabP4 = 1. The functionDistance(X Block, range) returns
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0 if the length of the blockX Block is inside the range of column of the schedule a determined number of shifts (deter-
two numbersK{ange), otherwise it returns the distance of themined by workforce requirements) are distributed randomly.
length of X Block from the range. For example, if the legal The neighborhood operator applied to the current solution
range of work blocks id — 7 and the length of work block generates a solution which does not violate the workforce re-
X Block is 3 or 8 then this function will return value 1. guirements.

Example 1 We have given the problem with employees

and one shift: Day shift (D). For the given shift from Mondayg. The overall tabu search algorithm

to Saturday 4 employees are needed, whereas on Sunday no o _
employees are needed. A rotating week schedule has to be pseudo code of the tabu search algorithm is presented in
constructed which fulfills the following constraints: Algorithm 1.

« Length of work blocks should be between 4 and 6 days
(WorkBRange : 4 — 6) Algorithm 1 Tabu search algorithm (TS)

Generate random initial solution
« Length of days-off blocks should be between 2 and 4

(DayOf f BRange : 2 — 4) Initialize tabu list

« Length of periods of successive shifts for shift D should

be between 4 and (i f£SeqRange, : 4 — 6) while termination-condition not trudo

Generate a whole neighborhood of current solution as

Suppose that during the search the current solution for defined in Section Ill-A

this problem is the solution given in Table 2. The given ) ) )
solution containss work blocks W B1,...W B5 with legth Evaluate neighborhood solutions based on fitness
6,4,6,6,2, respectively. The length of days off blocks  function defined in Section III-C

DOB1,...,DOB5 are 3,1,1,1,5, respectively. Finally,

the length of shift sequences for shift D afe4,6,6,2, Select_ the _sol_ution_for _the next iteration based on
respectively. The components of the fitness function are: selection criteria defined in Section 11-B
Z?:l P1  x  Distance( WB;, WorkBRange) = Update tabu list
P1x0+P1x0+P1lx0+P1lx0+P1lx2
end while

S0 P2 x Distance(DOB;, DayOffBRange) =
P2x0+P2x1+P2x1+P2x1+P2x1 The termination condition is fulfilled if the solution which

1 NS, _ . fulfills all constraints is found, or if a determined number of
> =1 (20i=y P3 x Distance(SBj;, ShiftSeqRange;)) = evaluations of solutions is reached. The limit for the number
P3x0+P3x0+P3x0+P3x0+P3x2 of evaluations for each method proposed in this paper is set

to be 10 million (see Section VII).
P4 x NumOfNotAllowedShiftSeq = 0

For Pl — P2 = P3 — P4 — 1 the fitness of the given V- Min-conflicts based heuristic for rotating

solution is: Fiitness = 8. workforce scheduling

The min conflicts heuristic [31] has been used successfully

Table 2 Current solution for Example 1 for solving constraint satisfaction problems. In this tech-

[ Emp./day[ Mon | Tue | Wed [ Thu | Fri | Sat[ Sun || nique during each iteration a conflicted variable is selected

1 D D D D |D|D randomly. For the selected variable the new value is picked

2 D D | D|D such that the number of conflicts is minimized. The pure min

3 D D D D | D|D conflicts technique can also get stuck in a local optimum. To
4 D D D D D| D escape the local optimum the algorithm can be restarted or
5 D D noise strategies such as random walk [37] can be introduced.

Based on the ideas of the min-conflicts heuristic, in this pa-
per we propose a new method for the generation of rotating
workforce schedules. Due to the specifics of the problem we
consider here, the proposed method has several differences
The initial solution is generated randomly considering theompared to the pure min-conflicts heuristic. Further, we
positions of shifts inside of each column. However, the inipresent the adopted random restart min conflicts heuristic
tial solution fulfills all the workforce requirements. In each(MC). By using random restart the min-conflicts heuristic

D. Generation of initial solution
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is started for a determined number of times from differergolutions to be explored by TS and MC during each iteration,
initial solutions. The pseudo code of random restart misuppose that we have a problem witemployees and three
conflicts (MC) heuristics for rotating workforce schedulingshifts. Suppose that the requirements for each day are to have
is given in Algorithm 2. 2 employees in each shift. If only the move for swapping
single cells is used the number of solutions explored by TS
during each iteration will be 210. This number is obtained in
Algorithm 2 Random restart min-conflicts heuristic (MC) the following way. In each column, the first cell (cell in the

while (NumO f Restart < MaxRestart) do first row) can be swapped withother cells in that column,
Generate random initial solution second cell withr other cells and so on, the cell in row 8 can
be swapped with only the last cell in the column. The num-
while termination-conditiordo ber of total swaps in one column8st- 7+ ...+ 1 = 36. As
Select randomly a cell of schedule among the cell§ of these swaps are between the cells with the same content,
which appear in violated constraints the total number of swaps per column remad@s In the

schedule with the given requirements a@ndolumns there
Generate neighborhood of current solution by swapexist 210 swaps. The number of solutions explored by MC
ping the content of selected cell and the other cells iwill be maximally 7 (swaps of one cell in one of the columns
the same column (or by swapping the block of cells)with all other cells in that column minus 1, because at least

one swap will be between cells with the same shift). Another
From the generated neighborhood select for the neslifference of the MC heuristic compared to TS concerns the
iteration a solution which minimizes the numberacceptance of a solution for the next iteration. In the pro-
of conflicts (this corresponds to the solution whichposed MC heuristic the tabu search principles are not used.

mimimizes fitness defined in Section 111-C) The combination of the MC technique and tabu mechanism
is subject of a subsequent part.
end while MC heuristic for rotating workforce scheduling has these dif-
end while ferences compared to the pure random restart min conflicts

heuristic [31] due to the specifics of this problem: In our case

— . . not only one variable (cell) in conflict changes the value, here
Considering the generation of a neighborhood for the current.s possible that more than one variable change their con-

solution in the simplest case the neighborhood is generated .. |1 the case of a simple neighborhood two variables

by swapping the cor_1tent of the _ceII Wh'Ch. is randomly SEwill change their contents, whereas in the case of a swap of
lected from cells which appear in some violated constraiih o of length 4, their contents will change 8 variables. In
with the content of other cells appearing in the same colum '

BUr rocedure also a worse solution can be accepted for the
The swap is limited to being between cells which appear i P P

. T Rext iteration, whereas in pure min conflicts this does not
the same column, because with this limitation it is assurqqappen The basic idea of minimizing the number of con-
that solutions always fulfill the workforce requirements. We, '

) ! . . flicts remains, but we evaluate solutions not only based on
experimented also with swapping the block of cells. The f'r%e number of conflicts, but also based on the degree of con-

cellin a block to be swapped is the cell which is selected ral%raint violation (see section IlI-C ). A similar approach for

domly from the cells which appear in V|0Ia_ted constraints alculating fithess based on penalty functions is proposed by
The next elements of the block are the neighborhood cel alinier and Hao [20]
of the randomly selected cell. We experimented with thes&s for tabu search the termination condition will be met if

lengths of blocks: 1, 2, 3, 4. Note that the workforce "®he solution which fulfills all constraints is found or if the

quirements are aiso always fulfilled when blocks of cells aM§etermined number of evaluations of solution are reached.

swapped. Note that in computational experiments for the min-conflicts

\'/rihe marln dlffe;e_rll_cg OfSth'S; tﬁcr_}_r;qu? cc;:”tr;]p;gr;adi;ot:]he P'%euristic the number of restarts is set to be 10. The maximal
ous proposed abu Searc (TS) algo S | € 9T umber of evaluations per random restart is 1 mil. evalua-
eration of the neighborhood of the current solution. In thﬁons

min-conflicts (MC) heuristic only part of the neighborhood

is generated during each iteration. The part of the neighbor-

hood to be explored is determined based on the informatidd Combining min-conflicts heuristic, tabu

for the cells of the schedule which appears in conflicts (not search and random walk

fulfilled constraints). Only the neighborhood which can be

generated by swapping in a column in which one of theda this section we propose a combination of the techniques
cells is located is considered in MC during each iteratiorproposed in the previous section and consider also including
This makes the search much more effective, especially ftle random walk strategy in the proposed methods. We pro-
larger instances, in which the whole neighborhood of the cupose a combination of tabu search with min conflicts heuris-
rent solution is very large. To have an idea of the number adics and random walk, using random walk in the min con-
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flicts heuristics and introducing the tabu mechanism in thAs we can see from the procedures, during each iteration the
min-conflicts heuristic. Furthermore, we consider combinstandard tabu search (TS) approach proposed in section Il
ing min-conflicts, tabu search and the random walk strategwill be applied with some probability — p, whereas with

By combining the tabu search (TS) with the min-conflictgprobability p the random walk or min-conflicts (MC) strate-
(MC) heuristic and random walk, the basic idea is not tgies are applied. The best values for the parametare
explore the whole neighborhood during each iteration as imhetermined experimentally. We experimented with different
classical tabu search, but with some probability to apply eprobabilities for the random wallkf.05,0.1,...,0.4. Con-

ther the random walk or min conflicts heuristic in each iterasidering the probability for min-conflicts (MC), we experi-
tion. This makes possible, an exploration of different regionsiented with these values fpr 0.05,0.1,...,0.7.

of the search space or diversification of the search and alBarther, we considered the combination of the MC with the
reduces neighborhoods to be explored during each iteratiorandom walk and random noise. The combination of the MC
Note that the random walk strategy has been modifiedith the random walk is described by the pseudo code in
according to the specifics of the problem we consider herg@lgorithm 5.

The random walk based strategy in our case picks randomly

one cell which appears in some violated constraint (conflict). i i i _
The content of this cell is swapped with the content oftlgorithm 5 Min-conflicts heuristic and random walk (MC-
another cell which is selected randomly in the same columRW.

The reason why we allow the swapping of the contents of While (NumO f Restart < MaxRestart) do

cells only inside of one column as described earlier is to ~ Generate random initial solution

assure that the solutions during each iteration always fulfill

the workforce requirements. We have also experimented While (termination-conditionjio

with another variant in which the two cells are picked With probability p:

randomly, without the restriction that the first cell appears pick randomly the cell which is in conflict. Pick in

in some conflict (random noise strategy). The combination the same column another cell randomly and swap the
of tabu search (TS) with a random walk is described in contents of two selected cells

Algorithm 3.

With probability 1 — p:
follow the min conflicts (MC) based procedure

Algorithm 3 Tabu search and random walk (TS-RW) end while
For Each lteration end while
With probability p: The procedure in which random noise is introduced in the

pick randomly the cell which is in conflict. Pick in the MC heuristic is the same as when the random walk is in-
same column another cell randomly and swap the contentgduced, except that in this case with probabilitpoth

of the two selected cells cells to be swapped are selected randomly, i.e. the column

and the rows of cells to be swapped are selected randomly.
With probability 1 — p: We experimented with different values for the probability
follow the tabu search (TS) algorithm p:0.02,0.05,0.1,0.15.

A. Introducing tabu mechanism in min conflicts based
Combination of tabu search (TS) with the min conflicts heuristic

(MC) strategy described in Section IV is given with theyye propose an extension of the min conflicts (MC) based
pseudo code in Algorithm 4: heuristic described in Section IV by introducing the tabu
mechanism [22] in this heuristic. The basic idea is to store
RGO 4 b Sea 10 oM FoUTSTe (TS o e o e o e meaos oot
MC) . history of swaps is then used in the selection process of a
For Each Iteration solution for the next iteration. We proceed as follows. Each
swap used for obtaining the solution for the next iteration is
stored in the tabu list. For example, if the solution accepted
for the next iteration is obtained by swapping the contents
of cells 4 and 5 in the first column (movevap(1,4,5)) of
schedule, in the tabu list is stored the movesip(1,4,5).
The information for swaps is kept in the list only for a
determined number of further iterations. Note that during

With probability p:
apply min conflicts (MC) strategy

With probability 1 — p:
follow the tabu search (TS) algorithm
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the swapping of blocks of cells also the information for théutions in the search space. In our case we determined this
length of blocks is stored in the history of swaps. Duringparameter based on empirical results. We use tabu lists, such
the selection of a solution from the neighborhood for thé¢hat the length of the tabu list is dependent on the size of
next iteration the solution obtained from the swaps stored ihhe problem. By size of the problem we mean the num-
the tabu list are not taken into consideration for selectiother of employees (groups) for which the schedule should be
An exception is made if the solution has the best objectivgenerated. We experimented with these lengths of tabu list:
function value so far (aspiration criteria [22]). The pseud®.5x%n, 1xn,4x*n, 78 xn, 10*n, wheren represents number
code of the procedure which includes the tabu mechanism @i employees.
a min conflicts based heuristics is given in Algorithm 6.  The described procedure includes the tabu mechanism in
the random restart min-conflicts based heuristic. We also
experimented with introducing both the tabu mechanism and
Algorithm 6 Min-conflicts heuristic with tabu list (MC-T)  the random walk in the random restart min conflicts (MC)
while (NumO f Restart < MaxRestart) do based heuristic. The pseudo code of this method is presented
Generate random initial solution in Algorithm 7:

while (termination-conditionylo
Select randomly a cell from the cells which appear iftlgorithm 7 Min-conflicts heuristic with tabu list and ran-
violated constraints dom walk (MC-T-RW)

For Each Iteration

Generate a neighborhood of the current solution by With probability p:
swapping the content of the selected cell and other pick randomly the cell which is in conflict. Pick in the
cells in the same column (or by swapping of blocks same column another cell randomly and swap the contents
of cells) of the two selected cells

Eliminate from the neighborhood the solutions which With probability 1 —p
are obtained by swaps contained in the tabu list and follow the min-conflicts heuristic with the tabu mecha-

which do not have the best fitness so far nism (MC-T)

From the remaining solutions in the neighborhood

select the best solution which minimizes the numbetyg oy gifference of this procedure with the previous pro-
of conflicts cedure is that with a determined probabilityduring each

iteration a random walk strategy will be applied, instead of

Add to the tabu list the swap with which the SE|eCt?qJSing the min-conflicts heuristic with the tabu list (MC-T).
solution was obtained, and remove from the tabu list

the oldest swap
VI. Test problems
end while

end while In this paper we report the results for 20 problems (Example

1-20). Example 1-3 appeared earlier in the literature and
they are described later in this section. In this paper
The main difference of this algorithm compared to MOwe present for the first time the collection of 17 (cor-
heuristics is that in this algorithm not always the solutiomesponds to Examples 4-20) real life problems which
which is the best according minimizing the number of conhas been created from shifts and temporal requirements
flicts is selected for the next iteration. The solution will bewhich appeared in a broad range of organizations, like
accepted for the next iteration only if it is obtained by movesirports, factories, health care organizations, etc. The
which are not stored in the tabu list during the past detecollection of these problems can be downloaded from
mined number of iterations. This should help to avoid cyclebttp://www.dbai.tuwien.ac.at/staff/musliu/benchmarks/.

or repetitions of the same solutions during the search. TliMote that from the given temporal requirements and shifts
only case in which a solution which is obtained by the fordifferent size of problems can be created based on the
bidden swaps is accepted is the case when the solution l&rage number of hours per employee per week. For most
the best fithess so far. examples the number of employees and constraints are taken
When including a tabu mechanism it is important to havas they are usually proposed by consultants for the given
the appropriate value for the length of the tabu list. Verworkforce requirements and shifts. To test algorithms, for a
short tabu lists may not have enough effects to avoid repéew instances we have chosen the average number of hours
tition during the search, and too long tabu lists may forbiduch that the number of groups for these instances gets very
sometimes the solutions which could lead to the better starge (instances with more than 48 groups). However, also
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for these instances the temporal requirements and shifts
are from real life situations. These 17 problems have theﬂ“Ex ‘
features:

Table 3 Features of instances 4-16
Gr \ Shif. \ llegal seq.\ Seq length \ WBL \ DOBL H

13 3 seql, seq2| 2-6,2-6,2-4| 3-7 1-4

4

« The number of employees (or groups) for these proby 5 | 11 seql, seq2| 2-6,2-5,2-4| 4-7 1-4
lems are from 7 to 163. The collection contains small 6 | 7 seql, seq2| 2-6,2:6,2-6| 47 | 14
middle-size and very large instances considering num-_7 | 29 seql | 27,26,25| 47 | 24
ber of employees. 8 | 16 seql | 2-7,2-6,25| 3-7 2-4

9 | 47 seql | 2-7,2-7,2-6| 2-7 2-4

o The number of shifts for 15 examples is 3, whereas for 10 | 27 seql 2-7,2-6,2-5| 4-7 2-4
2 examples, the number is 2. Problems include standardi1 | 30 seql 2-6,2-5,2-4| 3-7 2-4
shifts: D (day), A (Afternoon) and N (Night) shift. 12 | 20 seql 2-6,2-5 4-7 2-4
13 | 24 seql | 2-6,2-5,1-4| 3-7 2-4

« Each example includes constraints about not allowed 14 | 13
shift sequences, length of shift sequences, and lengthis | 64
of work and days-off blocks. 16 | 29

17 | 33

18 | 53

19 | 120

20 | 163

seql, seq2| 2-6, 2-5,2-4| 4-7 1-4
seql, seq2| 2-6,2-6,2-5| 3-6 1-4
seql 2-6,2-5,2-4| 4-7 2-4
seql 2-6,2-5 3-7 2-4
seql 2-7,2-6,2-5| 4-7 2-4
seql 2-6,2-5,2-4| 3-7 2-4
seql, seq2| 2-6,2-6,2-5| 3-6 1-4

In Table 3 the features of instances 4-20 are presentged
in detail. The second column represents the number gf
groups (or employees) for each problem. The numbet
of shifts is presented in the third column. In the fourth
column are presented not allowed sequences of shifts.

Considering not allowed sequences there are two types . . ) .

of sequences. Critical sequences (named seql): ™N pPeriod preceding a shift 3 work period; (3) Before and after

(the employee is not allowed to work on a day shift aftefV@ekends off, only shift 3 or shift 2 work periods are al-
a night shift), "N A” and "A D". Second type of not lowed; (4) At least two consecutive days must be assigned to

allowed sequences named seq2 are: "N - D" (the employet@e same shift; (5) No more_than two 7-day work periods_ are
is not allowed to work on a night shift then have a frecdllowed and these wo_rk periods should not b(_a consecutive.
and then work on a day shift), N - A”, ™A - D”, Let us note here that in all three exam.ples given, we cannot
"N - N and they are used only if the single day off is model the problem exactly (the same is true for approaches
allowed. Column named ™Seq. length” represents thé/] and [33] to the original problems), which is to a high de-

length of sequences for each shift (in order of shifts D, A"€€ due to the different legal requirements found in diffrent
and N). The column named WBL represents the poss:ibﬁiates' but we tried to mimic the constraints as closely as pos-
length of work blocks and the last column the allowediPle or to rgplace t.hem by similar constraints thgt appeared
length of days-off blocks. Workforce requirements for eacH0re meaningfully in the European context. In this paper we
example are not presented here and the reader is referee§?gSider the same constraints considered in [33].
http://Awww.dbai.tuwien.ac.at/staff/musliu/benchmarks/  fofc0nsidering this problem constraints two and three cannot
the specific temporal requirements for each problem. be represented in our framework. The other constraints can

Examples 1-3 appeared previously in the literature and af€ @Pplied in our model and are left as in the original prob-
included in a collection of problems for which we give thelem' As mentioned, we include additional constraints about

computational results here. These three problems are daaximum length of successive shifts and maximum and min-
scribed in detail below. imum length of days-off blocks. In summary, additional con-

Example L The first problem from the literature is a smayStraints used for our solver and in [33] are: Not aIIoweo_I shift
problem solved by Butler [9] for the Edmonton policech@nges: (N D), (N A), (A D); Length of days-off periods

department in Alberta, Canada. Characteristics of thihould be between 2 and 4; VectafAX S = (7,6,4).
problem are: Example 2 Laporte et al. [27]: There exist three non over-

Number of employees: 9 lapping shifts D, A and N, 9 employees, and requirements
Shifts: 1 (Day), 2 (Evening), 3 (Night) are 2 employees in each shift and every day. A week sched-
ule has to be constructed that fulfills these constraints: (1)
Rest periods should be at least two days-off, (2) Work peri-
ods must be between 2 and 7 days long if work is done in

WIWIWIN W WWWNWWWw|w w w|w

Temporal requirements:

2 9 2 9 92 9 9 shift D or A and between 4 and 7 if work is done in shift N,
Riz=|2 2 2 3 3 3 2 (3)Shift changes can occur only after a day-off, (4) Schedules
' 29 9 9 92 92 9 92 should contain as many weekends as possible, (5) Weekends

off should be distributed throughout the schedule as evenly as
Constraints: (1) The length of work periods should be begsossible, (6) Long (short) work periods should be followed
tween 4 and 7 days; (2) Only shift 1 can precede the reby long (short) rest periods, (7)Work periods of 7 days are
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preferred in shift N. walk. These are the best results, which are obtained with
Constraint 1 is straightforward. Constraint 2 can be approxprobability p = 0.2 for random walk. Further, in Table 6
mated if we take the minimum of work blocks to be 4. Con{TS-MC) the results for tabu search and min conflicts are
straint 3 can also be modeled if we take the minimum lengthiven. The best probability for min-conflicts was shown to
of successive shifts to be 4. For the maximum length of sube 0.5. For each problem, the average number of evalua-
cessive shifts we take 7 for each shift. Other constraints cdions and the average time needed (in seconds) for generation

not be modeled in our solver. of feasible solution (solution which fulfills all constraints),

Example 3 This problem is a larger problem first reportedare presented. Note that the time for which the solutions
in [24]. Characteristics of this problem are: are found is usually very important, and especially in cases
Number of employees is 17 (length of planning period is 1When in a short time consultants have to propose to the deci-
weeks). sion makers different solutions which need to be discussed.
Three nonoverlapping shifts. For calculation of averages only the successful runs are con-
Temporal requirements are: sidered. The last column named ’solutions’ represents the

number of feasible solutions found in 10 runs.

Ra7 =

= Ot Ot

4 4 4 4 4 3
4 4 4 4 4 4 .
33 3 4 4 4 Table 4 (TS) Tabu search algorithm (10 runs)

H Example\ Number of Evaluat.\ Time(sec)\ Solutions H

Constraints: (1) Rest-period lengths must be between 2 and 1 66554.3 1.0 10
7 days; (2) Work-periods lengths must be between 3 and 8 2 62631.3 1.1 10
days; (3) A shift cannot be assigned to more than 4 consecu- 3 454894 11.1 10
tive weeks in a row; (4) Shift changes are allowed only after 4 55568.3 1.3 10
arest period that includes a Sunday or a Monday or both; (5) 5 150836 3.2 10
The only allowable shift changes are 1to 3, 2to 1, and 3 to 6 19953.9 0.3 10
2. 7 6.12E+06 239.2 3
We cannot model constraints 3, 4, and 5 in their original 8 231230 5.4 10
form. We allow changes in the same work block and for this 9 4.24E+06 255.7 9
reason we have other shift change constraints. In our case 10 1.43E+06 52.8 10
the following shift changes are not allowed: 2 to 1, 3 to 1, 11 4.82E+06 1855 6
and 3 to 2. Additionally, we set the rest period length from 12 2.44E+06 61.4 8
2 to 4 and the work periods length from 4 to 7. Maximum 13 435139 14.9 10
and minimum length of blocks of successive shifts are given 14 354999 8.1 10
with vectorsM AX S3 = (7,6,5) and MINS3 = (2,2,2), 15 - - -
repectively. The constraints for this problem are the same as 16 1.08E+06 40.9 10
constraints used in [33]. 17 1.22E+06 48.5 10

18 5.88E+06 411.2 6

19 -
VII. Computational results 0 -

In this section we report on computational results obtained

with the current implementation of methods described in thi§Tom tables 4, 5, 6 we can conclude that tabu search ap-
paper. The results for 20 problems described in previous sd¥0ach finds solutions in at least three runs (out of 10 runs)
tion are given. For comparison the number of evaluatiof§" €ach instance except for problems 15, 19, and 20 which
needed to find the solution and the time for which the soli'€ the largest problems in the collection of problems. As de-
tion is found, are taken into consideration. The experimeng€Tibed in Section 1l the tabu search strategy explores whole
were performed with a Pentium 4 machine, 1,8GHZ, 512 m@eighborhood during each iteration, and thus it is hard for
RAM. For each problem 10 independent runs with each afPis strategy to find solutions (in 10 mil. evaluations) for

gorithm are executed. The maximal number of evaluation&"y large instances as neighborhood during each iteration is
for each run is 10 million evaluations. very large. Tabu search approach is improved in combina-

tion with random walk considering both the average number
of evaluations and also the number of runs in which solutions
are found. However, also including the random walk heuris-
In Table 4 (TS) a summary of results for the tabu search stréate does not help to solve problems 15,19 and 20. The com-
egy for 20 problems is given. This table represents the besination of tabu search with the min-conflicts heuristic out-
results obtained with the tabu search algorithm, and they aperforms both tabu search and tabu search with random walk
obtained with tabu length0 x NumberOF Employees. Ta-  considering the time and number of evaluations for which the
ble 5 (TS-RW) presents results for tabu search and randasolutions are generated and the number of successful runs.

A. Results
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Table 5 (TS-RW) Tabu search and random walk (10 runs) Table 8 (TS-MC) Tabu search and min-conflicts heuristic

H Example \ Number of Evaluat.\ Time(sec)\ Solutions H (10 runs)
1 64320.7 1.0 10 H Example ‘ Number of Evaluat.\ Time(sec) ‘ Solutions H
2 55209 0.9 10 1 17846.1 0.3 10
3 296947 7.5 10 2 16536.9 0.3 10
4 50817.7 1.2 10 3 134973 3.4 10
5 216117 4.6 10 4 21949 0.5 10
6 20553.8 0.3 10 5 77054.9 1.6 10
7 1.74E+06 69.0 3 6 18945.6 0.3 10
8 192726 4.5 10 7 5.08E+06 196.1 9
9 2.22E+06 139.1 10 8 98563.5 2.3 10
10 566757 22.1 10 9 1.21E+06 79.5 10
11 2.66E+06 103.7 10 10 300060 12.2 10
12 960118 24.7 10 11 3.48E+06 134.2 10
13 223626 7.7 10 12 721982 18.3 10
14 144895 3.3 10 13 188700 6.4 10
15 - - - 14 98887.1 2.3 10
16 793351 30.8 10 15 7.27E+06 738.0 5
17 689217 28.6 10 16 262337 10.8 10
18 4.49E+06 322.7 10 17 256918 10.9 10
19 - 18 2.29E+06 169.2 10
20 - 19 9.4E+06 1550.99 3
20 -

The only problem which can not be solved by this strategy is

problem 20. The results in general show that the combinati@verage time for solving of problems compared to introduc-
of tabu search with random walk and min-conflicts heurising the random walk strategy.

tic improves this technique in the case of rotating workforc&Ve also experimented with introducing random noise and
scheduling problems. random walk into MC-T. However, the combination of MC-

In Table 7 (MC) a summary of results for the random restaif and random walk (or random noise) does not give better
min-conflicts based strategy is presented. For each run iésults than MC-T alone and for this reason these results are
random restarts are performed. Maximal number of evahot presented here.

uations per random restart is 1 mil. evaluations (for eaclm summary, based on the experimental results we can con-
run total 10 mil. evaluations). Further, in Table 8 (MC-clude that from the 6 methods presented in this paper the best
RW) the best results for min-conflicts based strategy angsults are obtained by the min-conflicts heuristic which in-
random walk are presented (MC-RW). These results are obludes tabu mechanism or random walk during the search.
tained with probability 0.05 for the random walk. Resultd~urther we did experiments for three largest problems
for min-conflicts and random noise (MC-RN) are similar tol5, 19, 20, to investigate where the most of the computational
these results and are not presented here. MC-RN considéme is used during the search. In figures 2, 3, and 4 are pre-
ing the number of solutions found in 10 runs, gives the samsented the changes of fithess during the time for TS, MC, and
results as MC-RW and considering time for finding of soluMC-TS, respectively. From the figures we can conclude that
tions this technique needs on average slightly more time tham the beginning of the search the fitness is decreased very
MC-RW. The best results for the min-conflicts based stratedgast, and the most of the time during the search is used to
in which the tabu mechanism is included are given in Table filfill only few constraints which remain unfulfilled. In case
(MC-T). These results are obtained with a length of tabu lisif TS the fitness decreases slower, as during each iteration
which is equal to the number of employees for each examplie whole neighborhood is explored. According to our expe-
From Tables 7 (MC), 8 (MC-RW), 9 (MC-T) we can con-rience with other examples, usually the fithess very nefr to
clude that the ingredients given to random restart mins found very fast, and most of the time during the search is
conflicts improves this technique for the rotating workforceaised to fulfill the few remained constraints.

scheduling problem. Introduction of random walk (and ranin Tables 10 and 11 are presented solutions for the min-
dom noise) makes it possible to solve all the problems in eaconflicts heuristic with the tabu mechanism for problem 2
run. Finally, results show that introducing the tabu mechand problem 4 (only one solutions from 10 runs). We do not
nism into the min-conflicts heuristics makes this techniqupresent all the solutions here and the reader is refereed to
more powerful for the problems we consider here. The reittp://www.dbai.tuwien.ac.at/staff/musliu/lbenchmarks/ for
sults obtained by MC-T are slightly better considering théhe solutions obtained with the MC-T strategy for all the
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Figure. 22 Change of fitness over the time for problems
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Table 7 (MC) Random restart min-conflicts based strategy

(10 runs)

[ Example [ Number of Evaluat.| Time(sec)| Solutions ||
1 306517 4.77 10
2 104486 1.48 10
3 2.82E+06 69.36 10
4 5303.3 0.12 10
5 820761 15.78 10
6 207406 2.89 10
7 1.72E+06 62.51 10
8 1.52E+06 32.52 10
9 1.52E+06 84.17 5
10 320288 11.40 10
11 7.05E+06 254.82 1
12 3.12E+06 74.26 10
13 2.23E+06 68.32 10
14 417234 8.77 10
15 3.65E+06 331.11 7
16 415611 14.48 10
17 1.51E+06 54.79 10
18 967663 60.58 10
19 4.28E+06 577.96 7
20 779768 183.82 10

321

T 121 3 # 5 68 73 9101 111121131 14

Time

problems presented in this paper.

The hybridization of techniques gives very good results as
shown in tables 8 (MC-RW), and 9 (MC-T). The MC-T tech-
nigue takes advantage of two techniques, TS and MC. Us-
ing the principles of the MC technique, the size of neigh-
borhood to be explored in each iteration is very small as the
search is concentrated only in regions in which conflicts ap-
pear. By including the tabu mechanism in this technique,
cycles during the search are avoided as much as possible,
and thus different regions of the search space are explored.
This mechanism improves the MC technique, as the cycles
can appear more easily in this technique, especially when
the search is concentrated only in regions within the vio-
lated constraints. Regarding the MC-RW strategy, the ran-
dom walk introduces some diversification process during the
search. Although the MC strategy includes some random-
ness by selecting randomly the cell to be swapped, in the last
phase of the search, usually only few constraints are violated
and, consequently, the cell which is selected randomly is se-
lected only between small numbers of cells which appear in
the conflicts. RW provides further randomization by select-
ing randomly the position with which the selected cell should

Figure. 3: Change of fitness over the time for problemse swapped. This mechanism looks to make it possible for

15,19,20 in case of MC

the MC strategy to escape from the local optimum.

B. Comparison with other methods in literature and with a
commercial workforce scheduling system

In this section the results of min-conflicts heuristic with
tabu mechanism proposed in this paper are compared with
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Table 8 (MC-RW) Min-conflicts based heuristic with ran- Table 9 (MC-T) Min-conflicts based heuristic with tabu

dom walk (10 runs) mechanism (10 runs)

[ Example [ Number of Evaluat.| Time(sec)| Solutions || [ Example [ Number of Evaluat.| Time(sec)| Solutions ||
1 4885.6 0.07 10 1 5071.1 0.07 10
2 7374.3 0.11 10 2 4890.5 0.07 10
3 28205.4 0.68 10 3 16798.5 0.42 10
4 5920.5 0.13 10 4 5183.5 0.11 10
5 23291.4 0.48 10 5 20638.9 0.43 10
6 4308.1 0.06 10 6 5941.1 0.08 10
7 1.40E+06 51.68 10 7 1.42E+06 52.79 10
8 28332.2 0.63 10 8 33455 0.74 10
9 205379 11.48 10 9 283803 15.96 10
10 25878.4 0.94 10 10 15815.7 0.60 10
11 274413 10.02 10 11 354996 13.15 10
12 89181.1 2.17 10 12 47553.7 1.17 10
13 56653.4 1.74 10 13 27535 0.87 10
14 35890.5 0.79 10 14 34284.6 0.76 10
15 3.60E+06 328.52 10 15 1.72E+06 159.04 10
16 24319.9 0.90 10 16 13728.4 0.54 10
17 34727.7 1.31 10 17 57943.7 2.16 10
18 108731 7.22 10 18 101432 6.83 10
19 312237 44.18 10 19 543171 75.83 10
20 317008 78.36 10 20 284938 71.38 10

other approaches proposed in the literature for the thrd@ble 10 One of the solutions for problem 2 with the MC-T
existing problems in literature. The results are comparetethod

with [7],[33], [28], and [32]. In [7] the rotating workforce | Emp/day | Mon | Tue | Wed | Thu | Fri [ Sat] Sun |
scheduling problem is solved by modeling it as a network 1 D D D D

flow problem. Their algorithm was implemented in Fortran 2 A A A A|A]ALA
and was tested on an IBM 3081 computer. In [28] this prob- 3 - - - N | NJ|N
lem is solved by using a constraint programming algorithm 4 N N N N -

which was coded in ILOG Solver 4.4. They tested their al- 5 - D D b|b|Db|D
gorithms with a Sun Sparc Ultra 5 workstation (400MHz, 6 D - - - [ N|NJN
128 Mb RAM). Algorithms proposed in [33] are part of the 7 N N | N N

commercial software First Class Scheduler (FCS). The algo- 8 Al ATAIALA|A
rithms proposed in [33], [32], and the algorithms proposed in 9 A - - b/b]b

this paper are tested on a Pentum 4, 1,8GHZ, 512 MB RAM.

In Table 12 the results for three problems are shown. For

each of approaches proposed in literature the time neededaty approaches, as the proposed genetic algorithm could be
reach the first solution is shown (for MC-T this is the avprobably further improved to give better results than the sim-
erage time over 10 runs). Although the experiments wenge genetic algorithm. Recently, different variants of genetic
performed on different computers and the results are not talgorithms [36], [2], [3], [13] have been used successfully
tally comparable because of some differences in constrainfer related workforce scheduling problems. A direct com-
we can conclude from the table that the MC-T approach prgarison between these approaches for the problem we con-
posed in this paper gives very good results for those problemiler in this paper is not possible, as the problem solved by
and comparable results with those given in literature. these approaches differs in several aspects from our prob-
In Table 13 the comparison of MC-T and the simple genetilems, and these approaches can not be used directly to solve
algorithm proposed in [32] for three problems are showmotating workforce scheduling. An interesting issue for fu-
For each of the approaches the average number of evaltiare work is the adaptation of these methods to rotating work-
tions over 10 runs to reach the first solution is shown. Wprce scheduling, but this is outside the scope of this paper.
can conclude from the table that the MC-T gives much betor the next 17 Problems proposed in this paper, we can not
ter resuts than the given simple genetic algorithm. Howevemake a comparison with other methods (except the method
this comparison does not give a general argument that oproposed in [33] and [32]), as we do not have access to these
methods give better results in comparison to the evolutiomethods. MC-T gives much better results compared to sim-
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PG — —P13 .- P Table 12 Comparison between MC-T and other aproaches
in literature
300 + [ Example | Groups[ [71 [ [33] [ [28] | MCT |
e 1 from [9] 9 7354 | 09 | 3.78 | 0.07
et 2fom[27] | 9 | 31084| 04 | 003 | 007

BO0 |
500 -
400 -
300 -
200
100

3 from [24] 17 457.98| 19 | 10.26 | 0.42

Fitnes=s

Table 13 Comparison (regarding number of evaluations) be-
tween MC-T and a simple genetic algorithm

H Example \ Groups\ [32] \ MC-T H

1112030 4 50 60 71 81 90101111 120131 141 L from [9] 9 485070 | S071,1
_ 2from[27] | 9 531840 | 4890,5

Time 3from[24] | 17 | 3302941| 167985

Figure. 4 Change of fithess over the time for problems
15,19,20 in case of MC-TS groups (or employees if the group has only one employee) for
each example. The third column represents the time in sec-
onds needed to generate a first solution in FCS, and the last
column represents the average time from 10 runs to find solu-
) ) tions using tabu search in combination with the min-conflicts
Table 11 One of the solutions for problem 4 with the MC-T based heuristic (MC-T). The experiments for MC-T and FCS

method - were performed on the same machine (Pentum 4, 1,8GHZ,
\ Emp./day\ Mon \ Tue\ Wed \ Thu \ Fri \ Sat\ Sun H 512 MB RAM).
1 A A A Al A]|A
2 A A A - -
3 D D D A | A]|A - Table 14 Comparison between First Class Scheduler and
4 N N N - - MC-T
5 A A A N N H Ex. \ Groups\ FCS (time in sec)\ MC with tabu list (sec)H
6 A A A A | A|A 1 9 0.9 0.07
7 A A A A | A|A 2 9 0,4 0.07
8 - - D |D|D 3 17 1.9 0.42
9 D D D |D|D 4 13 1.7 0.11
10 D D D A | A|A 5 11 3.5 0.43
11 - - - D |D|D 6 7 2 0.08
12 D D D D |D|D 7 29 16.1 52.79
13 D D D D |D|D 8 16 124 0.74
9 47 >1000 (?) 15.96
10 27 9.5 0.60
ple genetic algorithm proposed in [32] and we do not give re- || 11 30 367 13.15
sults for other problems here (results for three problems are | 12 20 >1000 (?) 1.17
given Table 13). However, for other examples we compare || 13 24 >1000 (?) 0.87
the best method proposed in this paper with the method in- || 14 13 0.54 0.76
cluded in the last version of the commercial software for gen- || 15 64 >1000 (?) 159.04
eration of rotating workforce schedules (First Class Sched- || 16 29 2.44 0.54
uler (FCS) [21]). This system has been used very success-|| 17 33 >1000 (?) 2.16
fully since year 2000 in practice for many companies in Eu- || 18 53 2.57 6.83
rope. To our best knowledge FCS is the state-of-art com- || 19 120 >1000 (?) 75.83
mercial system for generation of rotating workforce sched- [ 20 | 163 >1000 (?) 71.38

ules. FCS is based on interaction with a decision maker. To

make possible direct comparison of FCS with the methodsom Table 14 we can conclude that the MC-T method pro-
proposed in this paper the process of generation of solutigmsed in this paper outperforms FCS almost in all instances.
in FCS is automated. Considering larger instances FCS solves faster instances 7
The comparison of the methods proposed in this paper aadd 18. These two problem instances have the same work-
the last version of FCS is given in Table 14. The seconfibrce requirements for all days and shifts. According to pre-
column in the table named groups represents the numberwbus experiences with FCS, this system can usually solve in-
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stances of such nature, even if they are large instances. Baséglies proposed in this paper to solve the nurse schedul-
on empirical results for the methods proposed here such img problem. This would only be the adaptation of exist-
stances seem not to be easier to solve compared to the ottmgy methods for another problem, but it would be of inter-
problems of similar size. For instances in which there is writest to investigate how good these methods perform for nurse
ten FCS >1000 (?)’ in column three, FCS could not find ascheduling and, in particular, how they compare to the meth-
solution in 1000 seconds and it is not clear if FCS can findds recently proposed for nurse scheduling [15], [34], [17],
solutions for these problems. For small problems FCS has {86], [38], [19], [2], [3]. In this problem other constraints
advantages, because of the generation of more solutions andy appear and individual preferences of employees can be
the possibility to include soft constraints in interaction withtaken into consideration. Furthermore, it would be of interest
a decision maker. However, methods proposed in this paperadapt the methods used successfully for nurse scheduling
improve the performance of a system for solving of middl¢o solve rotating workforce scheduling, and investigate how
and larger instances of problems which can not be solved lgyod these methods perform for this type of problem.
FCS in a reasonable amount of time.
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