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ABSTRACT

Workforce scheduling in organizations often consists of three major phases: work-
load prediction, shift generation, and staff rostering. Workload prediction involves
using historical behaviour of e.g. customers to predict future demand for work. Shift
generation is the process of transforming the determined workload into shifts as accu-
rately as possible. In staff rostering, the generated shifts are assigned to employees.
In general the problem and even its subproblems are NP-hard, which makes them
highly challenging for organizations to solve. Heuristic optimization methods can be
used to solve practical instances within reasonable running times, which in turn can
result in e.g. improved revenue, improved service, or more satisfied employees for
the organizations. This thesis presents some specific subproblems along with practi-
cal solution methods.
KEYWORDS: heuristic optimization, personnel task scheduling, shift design, shift
generation, shift minimization, shift scheduling, shift structure optimization, staff
rostering, workforce scheduling
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TIIVISTELMÄ

Työvoiman aikataulutusprosessi koostuu kolmesta päävaiheesta: työtarpeen ennus-
taminen, työvuorojen muodostus ja työvuorojen miehitys. Tulevaa työtarvetta en-
nustetaan pääasiassa menneisyyden asiakaskäytöksen perusteella käyttäen esimerkik-
si tilastollisia malleja tai koneoppimiseen perustuvia menetelmiä. Työvuorojen muo-
dostuksessa tehdään työvuororakenne, joka noudattaa ennustettua ja ennalta tiedettyä
työtarvetta mahdollisimman tarkasti. Työvuorojen miehityksessä määritetään työvuo-
roille tekijät. Jokainen vaihe itsessään on haasteellinen ratkaistava. Erityisesti työvuo-
rojen miehitys on yleensä NP-kova ongelma. On kuitenkin mahdollista tuottaa käytän-
nöllisiä ratkaisuja järkevässä ajassa käyttäen heuristisia optimointimenetelmiä. Näin
on saavutettavissa mitattavia hyötyjä mm. tuottoon, asiakkaiden palvelutasoon sekä
työntekijöiden työtyyväisyyteen. Tässä väitöskirjassa esitellään eräitä työvoiman
aikataulutuksen aliongelmia sekä niihin sopivia ratkaisumenetelmiä.
ASIASANAT: heuristinen optimointi, työvuorojen koostaminen, työvuorojen muo-
dostus, työvuorojen optimointi, työvuorolistan optimointi, työvuororakenteen opti-
mointi
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1 Introduction

Workforce scheduling, also known as staff scheduling, personnel scheduling, and
labor scheduling, is an important practical problem whose solution quality signifi-
cantly affects an organization’s finances, morale and quality of service [4]. It is a
difficult and time-consuming problem faced by every organization that has employ-
ees working on shifts or on irregular working days.

Staff rostering, or assigning shifts and rest days to employees, has been a main
focus of workforce scheduling studies. Less emphasis has been given to deciding
the shift structure and the tasks and duties involved in particular shifts, also known
as shift generation. Typical application domains of shift generation and staff roster-
ing include hospitals, call centers, retail stores, home care, cleaning, manufacturing,
guarding, and delivery of goods. In this thesis, application domains include call
centers and hospitals.

The generated shifts are subsequently assigned to employees in staff rostering.
Often days-off and sometimes vacations are also scheduled in staff rostering. Hard
limits on working and resting times tend to be the most important constraints, since
they are set in legally binding collective labor agreements and government regula-
tions. From an operative and wellbeing viewpoint, employees’ competences and
preferences are also of high priority.

Fig. 1 shows the demand-oriented workforce scheduling process, as presented
by Nurmi et al. [III]. The intuitive assumption to make is that shift generation has
a higher impact on the final schedule than staff rostering. This is because shift gen-
eration is strictly an earlier part of the scheduling process, and as such its impact is
carried throughout the subsequent process, including the staff rostering phase. This
relative impact is examined in Section 2.3. This is the first time such analysis is
conducted.

It follows that good algorithms for various shift generation problems are needed
for efficient real-world solutions. A number of relevant shift generation problems
and practical solution methods to those problems are presented in this thesis. Best
known results on the well-known benchmark instances are produced.

Two new shift generation problems are introduced. Mathematical models and
benchmark instances to these problems are presented. The models function as accu-
rate problem descriptions, enabling future work on the problems. The models and
benchmark instances together enable comparison with not only out-of-the-box com-
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Introduction

Figure 1. The demand-oriented workforce scheduling process, as presented by Nurmi et al. [III].

mercial solvers, but also any future approaches to the same problems.
The research questions addressed in this dissertation are as follows:

RQ1 Can employee-based demand be efficiently met with algorithmically generated
shifts whose structure is not rigorously constrained?

RQ2 Can task-based demand be efficiently met with algorithmically generated shifts?

RQ3 Does shift structure optimization have significant effect on the achievable staff
rosters?

The discipline of this thesis is primarily computer science, secondarily mathe-
matics, and thirdly human science.

1.1 Publications
This thesis consists of six publications, the subjects and main contributions of which
are as follows.
I: Optimizing the unlimited shift generation problem

In this work, a novel employee-based method for a single-day single-task shift
generation problem is presented. An unlimited structure for individual shifts is al-
lowed, while the objective guides both the global solution and the individual shifts
towards promising regions of the search space. This is contrary to most of the solu-
tion methods to employee-based shift generation problems, in which the structure of
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an individual shift is usually highly constrained. The PEAST algorithm [5] is used to
solve four real-world based benchmark instances. The presented solution approach
successfully solves the problem.

II: Solving the person-based multitask shift generation problem with breaks
In this work, an employee-based method for a single-day multitask shift gen-

eration problem with breaks is presented. An almost completely free structure for
individual shifts is allowed, while the objective guides both the global solution and
the individual shifts towards promising regions of the search space. Multiple types
of tasks and up to three breaks per shift are considered. This is contrary to most
of the solution methods to employee-based shift generation problems, in which the
structure of an individual shift is usually highly constrained. The PEAST algorithm
is used to solve five real-world based benchmark instances. The presented solution
approach successfully solves the problem.

III: Workforce Optimization: the General Task-based Shift Generation Prob-
lem

In this work, a rich task-based single-day shift generation problem, GTSGP, is
introduced for the first time. The PEASTP algorithm is used to solve some instances
of SMPTSP, which can be represented as a general task-based shift generation prob-
lem (GTSGP), and an artificial benchmark instance. The presented solution approach
successfully solves the problem.

IV: The General Task-based Shift Generation Problem: Formulation and Bench-
marks

In this work, a mathematical model for a task-based single-day shift generation
problem, GTSGP, is introduced. A new benchmark generator is used to create 15
benchmark instances, and those are solved using the PEASTP algorithm and the
general-purpose commercial solvers, Gurobi and CPLEX. The presented solution
method is found to be superior in these tests.

V: A Successful Three-Phase Metaheuristic for the Shift Minimization Person-
nel Task Scheduling Problem

In this work, a new heuristic is developed for the shift minimization personnel
task scheduling problem (SMPTSP). A constructive heuristic is used for generating
quick initial solutions, which are then improved by a new ruin and recreate heuris-
tic. Its result is fed to PEASTP to produce best known results on the well known
SMPTSP benchmark instances from literature.

VI: The Extended Shift Minimization Personnel Task Scheduling Problem
In this work, the extended shift minimization personnel task scheduling problem

(ESMPTSP), an extension to the SMPTSP, is introduced for the first time. The exten-
sion aims at maximizing the interchangeability of individual shifts between employ-
ees, yielding more flexible and robust shift structures whose resistance to e.g. sick
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Introduction

leaves is improved. A ruin and recreate heuristic aimed at the more general problem
of GTSGP is introduced and used to solve much simpler SMPTSP instances. First
ESMPTSP benchmarks instances are also introduced and solved.

1.2 Contributions
Generic contributions of the author of this thesis are listed using CRediT [6], a system
for classifying individual author contributions.
I: Optimizing the unlimited shift generation problem

Conceptualization: supporting; Methodology: equal; Software: lead; Validation:
lead; Formal analysis: lead; Investigation: lead; Data curation: lead; Writing - origi-
nal draft: equal; Writing - review & editing: equal; Visualization: lead.

The author implemented and adapted the PEAST algorithm to the unlimited shift
generation problem.

II: Solving the person-based multitask shift generation problem with breaks
Conceptualization: equal; Methodology: equal; Software: lead; Validation: lead;

Formal analysis: lead; Investigation: lead; Data curation: lead; Writing - original
draft: equal; Writing - review & editing: equal; Visualization: lead.

The author explored different ways to handle breaks in unlimited shift generation
problems and implemented one of them in the PEAST algorithm.

III: Workforce Optimization: the General Task-based Shift Generation Prob-
lem

Conceptualization: lead; Methodology: supporting; Validation: lead; Formal
analysis: lead; Investigation: supporting; Data curation: supporting; Writing - orig-
inal draft: supporting; Writing - review & editing: supporting; Visualization: sup-
porting.

The author sought to introduce a task-based shift generation problem applicable
to many different cases.

IV: The General Task-based Shift Generation Problem: Formulation and Bench-
marks

Conceptualization: supporting; Methodology: lead; Software: lead; Validation:
lead; Formal analysis: lead; Investigation: lead; Data curation: lead; Writing - origi-
nal draft: equal; Writing - review & editing: equal; Visualization: lead.

The author formalized the GTSGP into a rigorous mathematical model and con-
ducted computational experiments with Gurobi.

V: A Successful Three-Phase Metaheuristic for the Shift Minimization Person-
nel Task Scheduling Problem

Conceptualization: supporting; Methodology: equal; Software: equal; Valida-
tion: supporting; Formal analysis: lead; Investigation: supporting; Data curation:
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supporting; Writing - original draft: equal; Writing - review & editing: equal; Visu-
alization: lead.

The author implemented 2RH for the GTSGP and used it to conduct computa-
tional experiments.

VI: The Extended Shift Minimization Personnel Task Scheduling Problem
Conceptualization: supporting; Methodology: lead; Software: lead; Validation:

equal; Formal analysis: equal; Investigation: equal; Data curation: supporting; Writ-
ing - original draft: equal; Writing - review & editing: equal; Visualization: lead.

The author formalized the ESMPTSP into a rigorous mathematical model and
conducted computational experiments with 2RH and Gurobi.
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2 Workforce Scheduling

The demand-oriented workforce scheduling process, as seen in Fig. 1 (Nurmi et al.
[III]), starts from workload prediction, which is done based on both known and pre-
dicted events. For example, the arrival of customers can be predicted using collected
data on patient flow in a hospital’s intensive care unit, cash receipts in a supermar-
ket, and received calls in a contact center. Known events may also be gathered from
current sales contracts.

The workforce scheduling process continues with shift generation, which is es-
sential to cost efficiency and service level in cases where the workload is not static.
The most important goal in optimization is to cover the demand with as little short-
age and surplus as possible. The generation of shifts is based on either a fluctuating
demand on the number and type of employees, or the specific tasks that the shifts
need to cover. In this work both cases are examined separately.

Future staffing requirements must be carefully considered in the resource and
holiday planning phase. Holidays, training sessions, and other short-term absences
impact staff rosters heavily, while forthcoming retirements and long-term sick leaves
should also be considered. Resource availability and demand should be carefully
considered and appropriate action taken to retain a chance of succeeding at matching
the workforce with the shifts while adhering to the given constraints.

Even the best optimized rosters need to be changed. Daily rescheduling is neces-
sary due to e.g. sick leaves and other no-shows. It is also possible for the demand to
change after initial planning. Suitable substitute employees should be recommended
considering the legal limitations, qualifications, employment contract, and salaries.
The goal is usually to find the most economical legal candidates. Finally, the com-
pleted working times will be booked and made available for the payroll accounting
system.

Workforce scheduling requires both optimization resources and human resources.
The ultimate usefulness and utilization of the optimized shifts and rosters depend
equally on the high quality produced in the preceding phases and the actual optimiza-
tion result. When no shortcuts are taken in any of the phases, significant benefits in
financial efficiency and employee satisfaction can be achieved. Solid overviews of
workforce scheduling include those published by Musliu et al. [7], Ernst et al. [4],
Di Gaspero et al. [8] and Van den Bergh et al. [9]. Kletzander and Musliu [10] gave
a framework for the general employee scheduling problem.
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The best results can theoretically be achieved by solving shift generation and
staff rostering simultaneously. In practice, shift generation and staff rostering are
often solved separately. Most variations of both shift generation and staff rostering
are known to be NP-hard, see e.g. [11; 12; 13; 14; 15]. Nonetheless, some interest-
ing implementations exist. Jackson et al. [16] presented a very simple randomized
greedy algorithm that is light on hardware. Lapègue et al. [17] introduced the Shift
Design and Personnel Task Scheduling Problem with Equity objective (SDPTSP-E).
They constructed employee timetables by fixing days-off, designing shifts, and as-
signing fixed tasks within these shifts. Their objective was to minimize the number
of unassigned tasks.

Dowling et al. [18] first created a master roster, a collection of working shifts and
off shifts, and then allocated the tasks in the shifts. Çezik et al. [19] created daily
shifts and cyclic weekly schedules out of them using a network flow based model.
Prot et al. [20] first generate a set of interesting shifts. Then each shift is used to build
a schedule by assigning tasks to employees. These two phases are iterated to improve
solutions. They treated the constraint that each task must be assigned as a soft target
instead. Smet et al. [21] presented the Integrated Task Scheduling and Personnel
Rostering Problem, in which a set of fixed tasks is assigned to a set of employees.
Each employee is assigned to a shift covering all their tasks that is selected from a
pregenerated set of possible shifts.

2.1 Shift Generation
Shift generation transforms demand into shifts. The output includes the shift struc-
ture and potentially for each shift the break times, the tasks to be carried out, and
the competences required. The generation of shifts is based on either a fluctuating
demand on the number and type of employees, or the specific tasks that the shifts
need to cover. In this thesis, these problems are separated into employee-based and
task-based shift generation problems.

Many models and algorithms for employee-based shift generation problems have
been developed. The first major contribution was published by Musliu et al. [7].
They proposed an employee-based problem, where the demand for a time period
was given. The start times and the lengths of shifts was constrained, and an up-
per limit was given for the weekly average number of duties per employee. They
generated solutions that minimized the number of different shifts, overstaffing, and
understaffing, and balanced the average number of duties per week.

Bard & Wan [22] presented a cyclic multi-day multi-activity shift generation with
breaks and transition costs between activities. A number of metaheuristic methods
were developed to solve the problem. The methods were applied to real-world prob-
lem instances, and were found practically superior to direct CPLEX application to
the problem model. Di Gaspero et al. [8] introduced an employee-based problem
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in which minimizing the number of different shifts was essential along with match-
ing demand. Their schedules were cyclic, i.e. the last planning day of the planning
horizon (e.g. one week) is immediately followed by the first planning day of the
next cycle, and the requirements are repeated in each cycle. Acceptable shift types
are characterized by earliest and latest start times, and minimum and maximum shift
lengths.

Bhulai et al. [23] gave a generalized model for multi-skill shift generation in
call centers. Their solution method generated a rough match between the predicted
workload and available workforce, accounting for the stochasticity inherent in the
call arrival process. Rekik et al. [24] considered a cyclic shift generation problem
with fractionable breaks for a continuous 24-hour work day. A break can be broken
into subbreaks as long as the length of each subbreak is a multiple of the timeslot
length and adheres to min/max parameter values, the resulting work stretches adhere
to min/max parameter values, and the total length of subbreaks is equal to the cor-
responding desired break length. Computational experiments show that the added
flexibility of breaks leads to savings in required workforce.

Di Gaspero et al. [25] considered a cyclic one-week shift generation problem
with breaks and the additional objective of minimizing the number of different shifts.
A solution method employing local search to select shifts from the potential set of
shifts, combined with a constraint programming model to determine breaks, was de-
veloped. Lequy et al. [26] introduced the multi-activity and task assignment problem
(MATAP). The problem is basically shift generation with both employee-based de-
mand and tasks combined. Due to the difficulty of the problem, a two-stage heuristic
was proposed. In the first stage, a simplified problem was considered and only tasks
are assigned to shifts. In the second stage, a variety of methods was used to assign
demand-based activities to shifts.

Côté et al. [27] modeled a multi-activity shift generation and assignment prob-
lem. A binary relationship describes whether an employee can carry out a shift,
enabling e.g. categorical skills and personal shift length limits to the model. A
column generation approach based on context-free grammar was presented to solve
the model. Brunner & Bard [28] presented a non-cyclic multi-day shift generation
and assignment problem with breaks and both part-time and full-time employees.
An employee’s class affects the potential starting times and durations of the shifts
assignable to the employee. A minimum ratio between full-timers and part-timers
was used as a parameter to prevent the more flexible part-timer shifts from dominat-
ing the solution. A branch-and-price approach was developed to tackle the problem.

Boyer et al. [29] modeled a multi-activity shift generation and assignment prob-
lem with multiple skills and tasks. The tasks are fitted to timeslots like activities,
and can have e.g. precedence constraints. The shifts are modeled using context-free
grammar. The problems were solved using a branch-and-price scheme. Parisio &
Neil Jones [30] solved a shift generation and assignment problem with uncertainty
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in staff demand. The constraints of the problem were split into staffing level (sec-
ond stage) constraints, which ensure that a suitable number of skilled employees is
used at all times, and other (first stage) constraints. The staffing constraints and costs
were considered over a variety of forecast demand scenarios that were generated us-
ing a hidden Markov model and backward reduction algorithm. The objective was to
minimize the cost of expected changes.

Dahmen & Rekik [31] presented a multi-day shift generation and assignment
model with categorical skills. The model includes an upper bound on the total work-
force budget, while the cost function consists of only overstaffing and understaffing.
A tabu-inspired solution method with a variety of search memories was given to
solve the problem. Lusby et al. [32] presented a one-week cardinality constrained
shift design problem (CCSDP). The problem was to generate shifts while adhering
to a maximum number of different shifts. No shifts spanning more than one day (i.e.
shifts that start strictly before midnight and end strictly after midnight) were allowed,
which allowed decomposition into daily problems. A matheuristic based on Benders
decomposition was used to solve the problem.

Restrepo et al. [33] presented a multi-day multi-activity shift generation and
assignment problem with multiple skills. The problem was solved in a branch-and-
price framework, where a grammar-based approach was used as the pricing subprob-
lem to constrain the search space of shifts. The master problem was solved with
CPLEX. van Hulst et al. [34] presented a shift generation problem for multiple days
that was solved using integer programming. The demand was considered an un-
certain variable. The uncertainty was modelled as a part of the problem, resulting
in a model the solutions of which were more robust with respect to changes in the
demand.

Bonutti et al. [35] considered a real-world based cyclic multi-day multi-activity
shift generation problem with at most a single break per shift. Additional objec-
tives include minimization of the total number of different shifts and average shift
length. A simulated annealing based metaheuristic method was developed to solve
the problem. The method was tested on public real-world based benchmark instances
introduced in the paper. Restrepo et al. [36] considered a discontinuous stochas-
tic multi-day multi-activity shift generation and assignment problem with breaks.
Context-free grammar was used to model the shifts. A multi-cut L-shaped method
was used to solve the problem.

Dahmen et al. [37] modeled a multi-activity shift generation and assignment
problem with breaks for arbitrary period length. All employees are assumed to be
equally capable of carrying out all activities. The model was solved using CPLEX.
Akkermans et al. [38] solved a cyclic multi-day shift generation problem with breaks.
The solution method used has two phases. In the first phase, an integer linear pro-
gram is solved to determine the shifts to use with a fuzzy approach applied for breaks.
In the second phase, an iterative greedy algorithm is used to schedule the actual
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breaks into the shifts.
Kletzander & Musliu [39] modeled the Minimum Shift Design (MSD) problem

using direct, count-based, and network flow based representations. The resulting
models were evaluated on existing benchmark instances using constraint program-
ming and mixed integer programming solvers. The network flow representation was
found to be superior to all existing formulations. Shuqing et al. [40] presented a non-
cyclic multi-day shift generation problem with hierarchical employee levels. Junior
employees are the cheapest but cannot work on their own, and senior employees can
only lead a given number of junior employees at any time. A two-stage algorithm
was presented. In phase one, the shifts were generated without any consideration for
the employee levels. In phase two, the shifts from phase one were given employee
levels. A genetic algorithm with improvement heuristics was used to solve the phases
iteratively.

Smet et al. [41] proposed a cyclical one-day multi-skill shift generation model
with demand smoothing. The idea is to treat extreme peaks in demand by redistribut-
ing the demand from the peak to the surrounding timeslots. The maximum number
of different shifts and the ratio of different short shifts to all shifts are also limited to
offer improved control over extreme peak treatment. Dahmen et al. [42] presented
a shift scheduling problem with multiple departments for a period of multiple days.
The initial problem was first reduced by aggregating adjacent timeslots into larger
timeslots and solving. This reduced problem was then solved using a subset of all
shifts that is grown using a column generation based heuristic. A subset of shifts for
the original problem was generated based on the solution of the reduced problem,
and a variety of heuristics based on decomposition w.r.t. departments and/or time
was developed to yield a solution to the original problem using these shifts.

The first major contribution of the task-based shift generation problem was the
study by Dowling et al. [18]. They developed a day-to-day planning tool for deter-
mining minimal ground staff at an international airport. Their two-stage approach
employs a simulated annealing algorithm. First worker shifts are decided over a two-
week planning horizon. Then tasks are allocated to shifts/workers. Valls et al. [43]
introduced a model to minimize the number of workers performing a machine load
plan with unlimited heterogeneous workforce. The vertex coloring based model is
solved with a branch-and-bound algorithm.

Krishnamoorthy and Ernst [44] introduced a class of problems called Personnel
Task Scheduling Problems (PTSP). Given the rostered staff on a particular day, the
PTSP is to assign tasks with specified start and end times and required skills to avail-
able staff. Later, Krishnamoorthy et al. [2] introduced a special case called Shift
Minimization Personnel Task Scheduling Problem (SMPTSP). The objective of the
SMPTSP is to minimize the number of employees used to perform the tasks. The
problem was called license and shift class design problem by Jansen [45] and tacti-
cal fixed interval scheduling problem by Kroon et al. [46]. The latter also showed
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that the SMPTSP is NP-hard.
Prot et al. introduced an equity objective to the PTSP [20]. The goal is to find

fairer schedules by balancing the employees’ workloads. The constraint that all tasks
must be assigned is relaxed, yielding the primary objective of minimizing the number
of unassigned tasks. The secondary objective is minimizing inequity among the
employees.

2.2 Staff rostering
Staff rostering can include the scheduling of days-off and vacations. The working
and resting times are constrained by the collective labor agreements and government
regulations. The main challenge is to consider the performance of staff on financial
efficiency as well as the health, safety, and well-being of the employees. The basic
requirements are having the correct number of employees with appropriate compe-
tences working at all times (employer perspective) while respecting the employees’
working time limits and other contractual obligations and softer well-being targets
(employee perspective). A good review of staff rostering can be found in Ernst et al.
[4] and. A more recent literature review can be found in [9].

Garey and Johnson [11] and Bartholdi [47] proved the staff rostering problem is
NP-hard. Academic-based commercial software packages for staff rostering began to
rise in the mid-2000s, see e.g. Burke et al. [48], Bard and Purnomo [49], Beddoe et
al. [50], and Bilgin et al. [51]. Staff rostering algorithms have advanced convincingly
since then. A multitude of objectives can be simultaneously optimized, and good
solutions can be reached in practical running times with reasonable hardware. For
examples, see Burke and Curtois [52], Nurmi et al. [53], Jin et al. [54], Gärtner et al.
[55], and Kingston [56].

National working hours acts and employment contract acts set regulations for
shift work. Additional practices may be agreed at the company level. Human as-
pects should be considered as well as legal aspects (see Fig. 2). The most important
optimization targets are resting times, working hours, work and rest during week-
ends, and various domain and company specific constraints on work content. For
example, in the Finnish public health sector the distribution of night shifts tends to
be extremely sensitive.

The susceptibility to health issues and pressure on social life caused by shift work
varies between employees. The employees’ ability to affect their working hours is
crucial to tolerating and even overcoming such effects, decreasing sickness absences,
increasing working capacity, and lengthening careers. Personal work time control
has been shown to positively influence mental health outcomes such as affective
well-being and perceived stress [57]. The positive effects have been ascribed to the
improvement of balance between effort and recovery, and between work and non-
work life.
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Figure 2. Legal and human aspects of shift work.

In Finland, The Finnish Institute of Occupational Health (FIOH) has extensively
studied the effects and consequences of shift work. The institute has published their
latest recommendations for shift work [58] in May 2019 based on a ten-year lon-
gitudinal study between 2008 and 2018 on 13 000 hospital workers (see e.g. [59]
and [60]). Fig. 3 shows the fourteen quantitative risk and stress factors presented by
FIOH with a three-week planning horizon.

Figure 3. Fourteen quantitative risk and stress factors and the recommendations for a planning
horizon of three weeks by FIOH [58]. Smaller number denotes higher importance.
1between two days-off, 2shift length should not be under 4h, 3at least one such case,
4between two shifts, 5both Saturday and Sunday free

The recommended values for the individual factors are well justified. However,
in a recent study [61] it was shown that simultaneously satisfying them all is prob-
lematic in real-world scenarios. For example, employee requests can be in direct
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conflict with e.g. the law, personal work contracts, or the ideal recommendations.
Nevertheless, the FIOH recommendations should act as a solid starting point for
general staff rostering rules and practices.

2.3 Effects of shift generation on staff rostering
The generated shifts are used as input in staff rostering, where shifts are assigned
to the employees (see Fig. 1). Streamlining shift generation and staff rostering ulti-
mately enables an organization’s employees to perform at their best.

Next the effect of shift structures on staff rostering optimization is studied. This
is the first time such analysis is conducted. The study shows that the generated
shift structures have a significant effect on optimizing the staff rosters. The study
concerns a real-world instance from a contact center. The solution methods described
in Chapter 5 are used to generate optimized shifts and optimized staff rosters.

The shift generation problem is given as follows using the model in [I] and [II]:

C1 The sum of working time in the generated shifts must match the sum of the
demand for labor as closely as possible.

C2 Excess in shifts (over demand) is minimized.

C3 Shortage in shifts (under demand) is not allowed.

V1 The number of different shifts is minimized.

V3 Shifts of less than 9 hours and over 12 hours (8 and 12 hours for Friday) are
minimized.

V4 The target for average shift length is 10 hours.

P1 Shifts cannot start between 22:01 and 06:59.

P2 Night shifts must end before 08:01.

The staff rostering problem is given as follows using the model presented in [62].
The timeframe is three weeks.

C1 An employee’s shifts must not overlap.

C2 All the generated shifts must be allocated.

R1 An employee’s mandatory limits for working hours and working/off days must
be respected.

R3 At least one free weekend per employee is guaranteed.
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R5 Eleven hours of rest time is guaranteed between adjacent shifts of an employee.

R5b 48 hours of rest time after a night shift is guaranteed.

R7 Employees work consecutively at most four days.

R7b Employees work consecutively at most four evening shifts.

R10 A work period between adjacent days-off should be at most 40 hours.

R11 An employee should have at least one rest period of at least 35 hours each
week.

O1 An employee must have all the competences required for their shifts.

O5 An employee cannot carry out particular shift combinations on adjacent days.

O8 Total working time for each employee should be within ±4 hours from their
personal target.

E1 Single days-off should be minimized.

E2 Single working days should be minimized.

E8 An employee cannot carry out particular shifts immediately after absent days.

E10 An employee’s maximum number of night shifts is four.

E11 Single night shifts are not allowed.

P2 Assign a shift to an employee on a day with a requested day-on. Assign no
shift to an employee on a day with a requested day-off.

P3 Assign a requested shift to an employee on a day with a shift request. Don’t
assign a requested shift to an employee on a day with a request to avoid a shift.

Three different shift structures were generated for the contact center based on the
length of the shifts and the average shift length (see Fig. 4). The allowed shift lengths
used vary from strict 8-hour shifts to 6-12-hour shifts, while the target for average
shift length varies from 8 hours to as long as possible. The total number of required
hours to cover the demand varies from 10617 to 12456 and the number of shifts from
978 to 1557. The average shift length varies between 480 and 651 minutes. Notably,
the number of evening shifts (shift structure B) is greatly reduced when longer shifts
are preferred (shift structure C). Fig. 5 shows an example how well the optimized
shift structure covers the predicted workload.
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Figure 4. The effects of different shift structures on staff rosters.
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Next, the staff was rostered using these three different shift structures. The num-
ber of employees needed to roster all shifts varies between 113 (longest shifts) and
149 (shortest shifts). Note that this study does not include the employees’ requests
due to lack of data and the practical difficulty in gathering it for the different shift
structures.

Figure 5. The shift structure covering a one-week demand using scenario B (see Fig. 4).

Fig. 4 shows the effects of the three different shift structures on the possibility
to generate acceptable staff rosters. The four most evident observations and findings
are the following:

1. Less employees are needed when the average shift length increases.

2. The demand is significantly easier to cover with longer shifts.

3. The stress and risk factors and the FIOH recommendations are better consid-
ered with longer shifts.

4. Less evening shifts are needed with longer shifts.

5. Shift structure has no effect on the number of night shifts.

As much as 32% more employees are needed to carry out the schedule when
comparing scenarios A and C. This is due to the 17% increase in the total number
of required hours to cover the demand, and also partly due to the 60% increase in
number of shifts. This, of course, would increase the payload. Even if it could be
possible to hire more employees, adopting eight-hour shifts would increase the stress
and risk factors to heavy and overload.

On the other hand, versatile shift lengths would enable employees to better target
their shift requests, i.e. reconciling their work and family life. For example, an
employee might want to have a shorter shift either in the morning or in the evening.
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However, Fig. 4 shows that with longer shifts the optimized rosters include more
free weekends and less single days-offs.

According to FIOH, the ideal maximum shift length is ten hours. Fig. 4 shows
that when the average shift length is ten hours (shift structure B), acceptable staff
rosters can be generated. However, 11% more employees are still needed compared
to shift structure C. Furthermore, the number of soft violations is increased to 250%.

An important observation not evident from the computational results is the effect
of having fewer evening shifts. The adequate rest times between the shifts is then
easier to realize. On the other hand, night shifts are the least preferred among the
employees. The presented analysis does not provide a solution to this challenge.

Even though the presented study concerns a single instance from a contact center,
we believe that the results have wide applicability. The study showed that the gen-
erated shift structures have a significant effect on optimizing the staff rosters. The
study also showed that we should allow longer working days, because they imply
better consideration of the stress and risk factors introduced by FIOH.
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3 Employee-Based Shift Generation

Planning horizon is the period of time over which the shifts are generated. The
planning horizon is divided into 𝑛 consecutive, equal-sized timeslots. For example,
if a single day (00:00 - 24:00) is divided into 24 timeslots, the first timeslot is [00:00,
01:00] and the last timeslot is [23:00, 24:00]. A number of employees for a given
activity is required at each timeslot. Demand is the set of employee requirements
over all the timeslots and activities of the planning horizon. For example, a little
grocery store might have two activities, namely working as cashier and shelving
products. A single cashier is needed at all times, another cashier is needed during
rush hours (16:00-19:00), and some shelving work needs to be done in the morning
(6:00-10:00).

A shift is a mapping of a set of consecutive timeslots to activities. A solution
is a multiset of shifts. An active shift w.r.t. to a solution 𝑆 is a shift that is used
at least once within 𝑆. Excess at slot 𝑠 for a given activity 𝑎 in solution 𝑆 is the
positive difference between the number of times activity 𝑎 appears in slot 𝑠 over all
the shifts in solution 𝑆 and the demand in slot 𝑠 for activity 𝑎, and shortage is the
opposite. For example, Figure 6 shows a scenario where the shifts meet the demand
exactly between 00:00 to 07:00 and 16:00 to 00:00. From 07:00 to 08:00 the shifts
have in total 10 employees, which yields excess of one employee for an hour since
the demand is only 9 employees at the time. Similarly from 08:00 to 16:00 the shifts
have in total 20 employees, which yields varying amounts of excess and shortage as
the employee demand varies between 12 (08:00 to 09:00) and 30 (12:00 to 13:00)
employees.

Given employee demand over time and a set of usable shifts, the employee-based
shift generation problem is to choose a multiset of shifts s.t. the deviation between
employee demand and shift activity is minimized.

3.1 Problem Characteristics
The following characteristics are found in literature. Table 1 lists the less-used op-
tions for each characteristic from the relevant articles found in Chapter 1. For ex-
ample, a model from any article showing on the single-activity row of Table 1 only
represents one activity, while a model in an article not appearing on said row can
represent multiple activities.
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Figure 6. A small instance of the ESG and the deviation from it of a simple feasible solution. Each
bar depicts the number of employees.

• The number of different activities can range from one to many. A single-
activity model is less expressive than a multi-activity model.

• The number of days in a planning horizon can range from one to many. A
single-day model should be used in cases where there is no need for night
shifts, i.e. the work does not take place 24/7. It is sometimes possible to
use single-day models for longer planning horizons, but this usually results in
worse solutions, as shifts that start and end on different days cannot be fully
considered.

• Demand can be certain or uncertain. Certain demand calls for a static num-
ber of employees per timeslot and activity, while with uncertain demand the
required number of employees is a random variable or even a decision variable.

• Shift assignment means assigning shifts to actual employees to form a staff
roster. When shift assignment is combined with shift generation, the process is
sometimes called tour scheduling. In most models shifts are generated without
assignment.

• Breaks can be scheduled within shifts. This can be especially important in
cases with high peaks in demand.

• The number of different shifts can be minimized or limited. This can lead to
shift structures that are easier to schedule, comprehend and change as more
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shifts end up being interchangeable.

• A few models consider transitions, i.e. travelling between locations. Trav-
elling takes time, money and can be considered undesirable by employees.
Locations may be e.g. different departments in a store or different stores close
to each other.

• Larger aggregates of work that should be carried out by a single person can be
represented as tasks. Very few models consider both demand and tasks.

Table 1. Classification of employee-based shift generation problems.

Single-activity [7; 8; 23; 24; 25; 28; 30; 32; 34; 38; 39]
Single-day [24; 27; 32; 41]
Uncertain demand [30; 34; 41]
Shift assignment [26; 27; 28; 29; 30; 31; 33; 36; 37; 42]
No breaks [7; 8; 23; 32; 34; 39; 40; 42]
Shift count minimization/limit [7; 8; 25; 32; 39; 41]
Transitions [22; 26; 42]
Tasks [26; 29]

3.2 A Simple Model
The following model depicts a single-activity shift generation problem without breaks
for an arbitrarily long planning horizon. The objective is to minimize weighted ex-
cess and shortage. This version of the problem is actually polynomial in the number
of usable shifts [8], assuming every shift consists of consecutive activity slots (i.e.
the shifts have no breaks). The model has been adapted from [8].

Notation:

𝑇 The set of (consecutive) timeslots.
𝑆 The set of allowed shifts.
𝑑𝑡 Employee demand at timeslot 𝑡.
𝑎𝑠𝑡 1 if shift 𝑠 has activity in slot 𝑡, 0 otherwise.
𝑐+, 𝑐− Costs for excess and shortage of employees per slot.

Decision variables:

𝑥𝑠 = the number of copies of shift 𝑠 ∈ 𝑆 used.
𝑦+𝑡 = the excess in timeslot 𝑡 ∈ 𝑇.

𝑦−𝑡 = the shortage in timeslot 𝑡 ∈ 𝑇.
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Problem-ESG:

𝑍𝐸𝑆𝐺 = 𝑚𝑖𝑛

(︃∑︁
𝑡∈𝑇

𝑐+𝑦+𝑡 +
∑︁
𝑡∈𝑇

𝑐−𝑦−𝑡

)︃
s.t. (1)

∑︁
𝑠∈𝑆

𝑎𝑠𝑡𝑥𝑠 = 𝑑𝑡 + 𝑦+𝑡 − 𝑦−𝑡 ∀𝑡 ∈ 𝑇 (2)

𝑥𝑠 ≥ 0, 𝑥𝑠 ∈ Z ∀𝑠 ∈ 𝑆 (3)

𝑦+𝑡 , 𝑦
−
𝑡 ≥ 0 ∀𝑡 ∈ 𝑇 (4)

The objective function (1) minimizes the weighted sum of deviations from de-
mand.

Equation 2 links excess and shortage to selected shifts.
Equations 3 and 4 set the domains on the decision variables. Note that 𝑦+𝑡 , 𝑦

−
𝑡

are always integral.
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4 Task-Based Shift Generation

A task is a piece of work that takes some time (duration), has to be carried out
somewhere (location) at some time (within a time window, i.e. the task needs to
start between its earliest and latest starting time), and may require some competence,
permit etc. (skills) of the person carrying it out. An employee may use some mode
of transport to move (transition) between locations. The time taken by traveling
(transition time) that varies between different locations must also be considered. A
precedence constraint between two tasks either enforces one to precede the other
(i.e. task 𝑡1 must end before task 𝑡2 begins), or both to occur simultaneously (i.e.
task 𝑡1 must start at the same time as task 𝑡2).

The problem is to assign a set of tasks of arbitrary length to a set of possible
shifts. The tasks may contain e.g. skills or precedence constraints (task 𝑡1 must be
carried out before/during/after task 𝑡2) that must be considered. The tasks may have
unique locations s.t. transition times between tasks must be considered.

An example of a task-based shift generation problem is given in Fig. 7. The
rectangles indicate the strict times when the tasks must be carried out. The letters
indicate employees able to carry out a task. The parentheses and the colors indicate
assignment of tasks to employees and shifts, respectively, of one possible solution.
The solution contains 6 shifts, which is the smallest possible number as 6 tasks over-
lap at 11 o’clock. There are in total 18 feasible (shift, employee) pairs, i.e. the 6
shifts can be assigned to the employees in total 18 times if each shift and employee
is considered in isolation.

4.1 SMPTSP
Given tasks and employees, the Shift Minimization Personnel Task Scheduling Prob-
lem (SMPTSP) is to assign all the tasks to the minimum number of employees s.t.
the employees have the requisites to carry out the tasks assigned to them, and that
no two tasks assigned to the same employee overlap in time. The problem was first
introduced and modelled by Krishnamoorthy et al. [2] as a specific type of Personnel
Task Scheduling Problem [44]. The problem is NP-hard [46].

An example of SMPTSP is given in Fig. 7. The rectangles indicate the strict
times when the tasks must be carried out. The letters indicate employees able to
carry out a task. The parentheses and the colors indicate assignment of tasks to
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Figure 7. A small task-based instance without transitions, along with a feasible solution, as
presented by Nurmi et al. [V].

employees and shifts, respectively, of one possible solution. The solution contains 6
shifts, which is the smallest possible number as 6 tasks overlap at 11 o’clock.

This NP-hard problem can be formulated as follows [2]. Notation:

𝐽 The set of tasks. Each task has a starting time, ending time and
a set of skills required to carry it out.

𝑃 The set of employees.
𝑃𝑗 ⊆ 𝑃 The set of employees that may carry out task 𝑗.
𝐾𝑡 The set of tasks active at time 𝑡.
𝐾𝑤

𝑡 The set of tasks active at time 𝑡 that worker 𝑤 can perform.
𝐶 The family of sets containing all such sets 𝐾𝑡 that

𝐾𝑡 ̸⊆ 𝐾𝑡′ ∀ 𝑡 ̸= 𝑡′.

𝐶𝑤 The family of sets containing all such sets 𝐾𝑤
𝑡 that

𝐾𝑤
𝑡 ̸⊆ 𝐾𝑤

𝑡′ ∀ 𝑡 ̸= 𝑡′.

Decision variables:

𝑥𝑗𝑤 =

{︃
1 if task 𝑗 ∈ 𝐽 is assigned to employee 𝑤 ∈ 𝑊

0 otherwise.

𝑦𝑤 =

{︃
1 if employee 𝑤 ∈ 𝑊 is active, i.e. has assigned tasks

0 otherwise.
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Problem-SMPTSP:

𝑍𝑆𝑀𝑃𝑇𝑆𝑃 = 𝑚𝑖𝑛
∑︁
𝑤∈𝑊

𝑦𝑤 (5)

s.t.
∑︁
𝑤∈𝑃𝑗

𝑥𝑗𝑤 = 1 ∀𝑗 ∈ 𝐽 (6)

∑︁
𝑗∈𝐾𝑤

𝑡

𝑥𝑗𝑤 ≤ 𝑦𝑤 ∀𝑤 ∈ 𝑊,𝐾𝑤
𝑡 ∈ 𝐶𝑤 (7)

𝑥𝑗𝑤 ∈ {0, 1} ∀𝑗 ∈ 𝐽,𝑤 ∈ 𝑊 (8)

0 ≤ 𝑦𝑤 ≤ 1 ∀𝑤 ∈ 𝑊 (9)

The objective function (5) minimizes the number of used employees.
Equation 6 ensures that each task will be carried out by exactly one able worker.
Equation 7 ensures that no overlapping tasks are assigned to any employee, and

that the indicator for using a worker actually indicates worker usage.
Equations 8 and 9 set the bounds on the decision variables. Note that 𝑦𝑤 will

only get integral values due to equations 5 and 7.

4.2 ESMPTSP
Given tasks and employees, the Extended Shift Minimization Personnel Task Schedul-
ing Problem (ESMPTSP) is to assign all the tasks to the minimum number of em-
ployees s.t. the employees have the requisites to carry out the tasks assigned to them,
and that no two tasks assigned to the same employee overlap in time. Additionally,
shifts (i.e. all the task assignments of a single employee) are rewarded for each ad-
ditional employee that can carry out the same shift - the number of feasible (shift,
employee) pairs is maximized. This leads to improved interchangeability of shifts
between employees and leads to e.g. easier management of ad-hoc absences. The
problem was first introduced, along with a mathematical model, by Kyngäs et al.
[VI] as an extension to the SMPTSP [2].

An example of ESMPTSP is given in Fig. 7. The rectangles indicate the strict
times when the tasks must be carried out. The letters indicate employees able to
carry out a task. The parentheses and the colors indicate assignment of tasks to
employees and shifts, respectively, of one possible solution. The solution contains 6
shifts, which is the smallest possible number as 6 tasks overlap at 11 o’clock. There
are in total 18 feasible (shift, employee) pairs, i.e. the 6 shifts can be assigned to the
employees in total 18 times if each shift and employee is considered in isolation.

This NP-hard problem can be formulated as follows [VI]. Notation:
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𝐽 The set of tasks. Each task has a starting time, ending time and
a set of skills required to carry it out.

𝑃 The set of employees.
𝑃𝑗 ⊆ 𝑃 The set of employees that may carry out task 𝑗.
𝐾𝑡 The set of tasks active at time 𝑡.
𝐾𝑤

𝑡 The set of tasks active at time 𝑡 that worker 𝑤 can perform.
𝐶 The family of sets containing all such sets 𝐾𝑡 that

𝐾𝑡 ̸⊆ 𝐾𝑡′ ∀ 𝑡 ̸= 𝑡′.

𝐶𝑤 The family of sets containing all such sets 𝐾𝑤
𝑡 that

𝐾𝑤
𝑡 ̸⊆ 𝐾𝑤

𝑡′ ∀ 𝑡 ̸= 𝑡′.

𝛼 The weight for the number of shifts in the objective function.
𝛽 The weight for the number of feasible (shift, employee) pairs

in the objective function.

Decision variables:

𝑥𝑗𝑤𝑣 =

{︃
1 if task 𝑗 ∈ 𝐽 is assigned to employee 𝑤 ∈ 𝑊 and 𝑣 ∈ 𝑃𝑗

0 otherwise.

𝑦𝑤𝑣 =

⎧⎪⎨⎪⎩
1 if employee 𝑤 ∈ 𝑊 is active and employee 𝑣 ∈ 𝑊 can

carry out the shift of 𝑤

0 otherwise.

For 𝑤 ̸= 𝑣, call 𝑥𝑗𝑤𝑣 pseudoassignments of 𝑣 to 𝑤 with respect to 𝑗, as they represent
whether task 𝑗 could be assigned to 𝑣 assuming 𝑗 is assigned to 𝑤. Similarly we call
𝑦𝑤𝑣 pseudoassignments of 𝑣 to 𝑤, as they represent whether all the tasks (and thus
the entire shift) assigned to 𝑤 could be assigned to 𝑣.

Problem-ESMPTSP:

𝑍𝐸𝑆𝑀𝑃𝑇𝑆𝑃 = 𝑚𝑖𝑛

⎛⎝𝛼 *
∑︁
𝑤∈𝑊

𝑦𝑤𝑤 − 𝛽 *
∑︁

𝑤,𝑣∈𝑊
𝑦𝑤𝑣

⎞⎠ (10)

s.t.
∑︁
𝑤∈𝑃𝑗

𝑥𝑗𝑤𝑤 = 1 ∀𝑗 ∈ 𝐽 (11)

∑︁
𝑗∈𝐾𝑤

𝑡

𝑥𝑗𝑤𝑤 ≤ 𝑦𝑤𝑤 ∀𝑤 ∈ 𝑊,𝐾𝑤
𝑡 ∈ 𝐶𝑤 (12)

𝑦𝑤𝑣 ≤ 𝑥𝑗𝑤𝑣 − 𝑥𝑗𝑤𝑤 + 1 ∀(𝑗, 𝑤, 𝑣) ∈ 𝐽 ×𝑊 ×𝑊 : 𝑤 ̸= 𝑣 (13)

34



Task-Based Shift Generation

𝑦𝑤𝑣 ≤
∑︁
𝑗∈𝐽

𝑥𝑗𝑤𝑤 ∀(𝑤, 𝑣) ∈ 𝑊 ×𝑊 (14)

𝑥𝑗𝑤𝑣 = 0 ∀(𝑗, 𝑤, 𝑣) ∈ 𝐽 ×𝑊 ×𝑊 : 𝑤 ̸∈ 𝑃𝑗 or 𝑣 ̸∈ 𝑃𝑗 (15)

𝑥𝑗𝑤𝑣 = 𝑥𝑗𝑤𝑤 ∀(𝑗, 𝑤, 𝑣) ∈ 𝐽 ×𝑊 ×𝑊 : 𝑤, 𝑣 ∈ 𝑃𝑗 (16)

𝑥𝑗𝑤𝑣 ∈ {0, 1} ∀(𝑗, 𝑤, 𝑣) ∈ 𝐽 ×𝑊 ×𝑊 (17)

𝑦𝑤𝑣 ∈ {0, 1} ∀𝑤 ∈ 𝑊, 𝑣 ∈ 𝑊 (18)

The objective function (equation 10) is a weighted sum of the number of used
employees and the number of able (employee, shift) pairs.

Equation 11 ensures that each task will be carried out by exactly one able worker.
Equation 12 ensures that at most one task per clique (maximal set of overlapping

tasks) is assigned to a single employee, and that the indicator for using a worker
indicates worker usage.

Equation 13 ensures that a shift cannot be pseudoassigned to a worker if it has
tasks the worker is unable to do.

Equation 14 ensures that empty shifts are not counted as pseudoassignments.
Equations 15 and 16 ensure tasks are pseudoassigned according to both actual

assignments and the abilities of the workers.
Equations 17 and 18 force the variables to be binary.

4.3 GTSGP
The General Task-based Shift Generation Problem (GTSGP) was first introduced
by Nurmi et al. [III] as a task-based shift generation problem. The mathematical
model was presented by Kyngäs et al. [IV]. In addition to the components present
in ESMPTSP, the GTSGP models time windows for tasks, travel between tasks, and
shift-local precedence constraints between tasks.

An example of GTSGP is given in Fig. 7. The rectangles indicate the strict times
when the tasks must be carried out. The letters indicate employees able to carry out
a task. The parentheses and the colors indicate assignment of tasks to employees and
shifts, respectively, of one possible solution. The solution contains 6 shifts, which is
the smallest possible number as 6 tasks overlap at 11 o’clock. There are in total 18
feasible (shift, employee) pairs, i.e. the 6 shifts can be assigned to the employees in
total 18 times if each shift and employee is considered in isolation.

This NP-hard problem can be formulated as follows [IV]. Notation:

𝑆 The resulting set of shifts.

𝑇𝑆 The planning horizon, i.e. the contiguous set of timeslots.

𝑇 The set of tasks.
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𝐸 The set of employees.

𝐿 The set of locations.

𝐶 The set of skills.

𝑅 The set of transport types.

𝐺 The set of task types.

𝑀 The travel times of possible transitions. For any given transport type,

the travel times must adhere to the triangle inequality, yet multiple

modes of transport may be used.

𝑃 The set of shift-local precedence constraints.

𝑐𝑒 The cost of using employee 𝑒 in a single shift.

𝑒𝑙𝑏𝑒 Lower bound (incl.) on total working time of employee 𝑒 ∈ 𝐸.

𝑒𝑢𝑏𝑒 Upper bound (incl.) on total working time of employee 𝑒 ∈ 𝐸.

𝑙𝑠𝑒 Starting location of employee 𝑒 ∈ 𝐸.

𝑙𝑒𝑒 Ending location of employee 𝑒 ∈ 𝐸.

𝑟𝑒 Transport type of employee 𝑒 ∈ 𝐸.

𝑎𝑠𝑒 Earliest timeslot (incl.) of availability of employee 𝑒 ∈ 𝐸.

𝑙𝑠𝑒 Latest timeslot (incl.) of availability of employee 𝑒 ∈ 𝐸.

𝑑𝑡 Duration of task 𝑡 ∈ 𝑇 .

𝑡𝑙𝑏𝑡 Earliest timeslot (incl.) for starting time of task 𝑡 ∈ 𝑇 .

𝑡𝑢𝑏𝑡 Latest timeslot (incl.) for ending time of task 𝑡 ∈ 𝑇 .

𝑔𝑡 Task type of task 𝑡 ∈ 𝑇 .

𝑙𝑡 Location of task 𝑡 ∈ 𝑇 .

𝑡𝑡𝑐𝑟 Task transition working time coefficient of transport type 𝑟 ∈ 𝑅

(𝑡𝑡𝑐𝑟 ∈ [0, 1]). Transition time between two tasks is considered working

time with 𝑡𝑡𝑐𝑟 as coefficient, i.e. working time = transition time * 𝑡𝑡𝑐𝑟.

𝑒𝑡𝑐𝑟 Employee transition working time coefficient of transport type 𝑟 ∈ 𝑅

(𝑒𝑡𝑐𝑟 ∈ [0, 1]). Transition time to/from the first/last task of a shift is

considered working time with 𝑒𝑡𝑐𝑟 as coefficient, i.e.

working time = transition time * 𝑒𝑡𝑐𝑟.

𝑒𝑡𝑎𝑟 Employee transition availability requirement of transport type 𝑟 ∈ 𝑅

(𝑒𝑡𝑎𝑟 ∈ {0, 1}), i.e. must the first/last transition of a shift be

considered with respect to the assigned employee’s availability?

𝑚𝑟𝑙𝑙′ Travel time from location 𝑙 ∈ 𝐿 to location 𝑙′ ∈ 𝐿 using transport type

𝑟 ∈ 𝑅 (𝑚𝑟𝑙𝑙′ ∈ 𝑀).
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𝑝𝑔,𝑔′ Shift-local precedence constraint that dictates tasks of task type 𝑔 ∈ 𝐺

cannot be succeeded by tasks of task type 𝑔′ ∈ 𝐺.

𝑞𝑒𝑡 Does employee 𝑒 have the skills necessary to do task 𝑡? (𝑞𝑒𝑡 ∈ {0, 1}).

𝑇𝑒 The set of tasks doable by employee 𝑒 ∈ 𝐸 (𝑇𝑒 ⊆ 𝑇 ).

𝐸𝑡 The set of employees capable of carrying out task 𝑡 ∈ 𝑇 (𝐸𝑡 ⊆ 𝐸).

𝛼 The weight of the cost of employees used in the objective function.

𝛽 The weight of feasible (shift, employee) pairs in the objective function.

𝛾 The weight of traveling time in the objective function.

Decision variables:

𝑥𝑠𝑒𝑡 =

{︃
1 if for shift 𝑠(𝑒) the first task is 𝑡,

0 otherwise.

𝑥𝑒𝑡𝑡′ =

{︃
1 if task 𝑡 is immediately followed by task 𝑡′ in shift 𝑠(𝑒) with 𝑡 ̸= 𝑡′

0 otherwise.

𝑥𝑓𝑒𝑡 =

{︃
1 if for shift 𝑠(𝑒) the last task is 𝑡,

0 otherwise.

𝑏𝑒𝑡 =

{︃
1 if task 𝑡 belongs to shift 𝑠(𝑒)

0 otherwise.

𝑠𝑥𝑒 =

{︃
1 if shift 𝑠(𝑒) is non-empty

0 otherwise.

𝑦𝑒𝑡 = starting time (i.e. first slot) of task 𝑡 ∈ 𝑇 assuming the shift it

belongs to is assigned to employee 𝑒 ∈ 𝐸.

𝑤𝑡𝑒𝑒′ = working time for employee 𝑒 ∈ 𝐸 assuming 𝑒 carries out the shift

assigned to employee 𝑒′ ∈ 𝐸.

𝑣𝑒𝑒′𝑒 =

{︃
1 if employee 𝑒 may not carry out shift 𝑠(𝑒′)

0 otherwise.

𝑣𝑠𝑒′𝑒 =

{︃
≥ 1 if employee 𝑒 does not have the skills for shift 𝑠(𝑒′)

0 otherwise.

𝑣𝑤𝑢𝑒′𝑒 =

{︃
≥ 1 if shift 𝑠(𝑒′) has too much working time for employee 𝑒

0 otherwise.

𝑣𝑤𝑙𝑒′𝑒 =

{︃
≥ 1 if shift 𝑠(𝑒′) has too little working time for employee 𝑒

0 otherwise.
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𝑣𝑡𝑢𝑒′𝑒𝑡 =

{︃
≥ 1 if employee 𝑒 would be late at task 𝑡 if carrying out shift 𝑠(𝑒′)

0 otherwise.

𝑣𝑡𝑒𝑢𝑒′𝑒𝑡 =

⎧⎪⎨⎪⎩
≥ 1 if employee 𝑒 would be late at their end location due to

the last task 𝑡 of shift 𝑠(𝑒′) if carrying out shift 𝑠(𝑒′)

0 otherwise.

Problem-GTSGP:

𝑍𝐺𝑇𝑆𝐺𝑃 = 𝑚𝑖𝑛

(︃
𝛼 *
∑︁
𝑒

𝑠𝑥𝑒𝑐𝑒 (19)

− 𝛽 *
∑︁
𝑒,𝑒′

(1− 𝑣𝑒𝑒′𝑒) (20)

+ 𝛾 *
(︂∑︁

𝑒

𝑤𝑡𝑒𝑒 −
∑︁
𝑡

𝑑𝑡

)︂)︃
(21)

s.t.
∑︁
𝑡

𝑥𝑠𝑒𝑡 ≤ 1 ∀𝑒 ∈ 𝐸 (22)∑︁
𝑡

𝑥𝑓𝑒𝑡 ≤ 1 ∀𝑒 ∈ 𝐸 (23)∑︁
𝑒

𝑏𝑒𝑡 = 1 ∀𝑡 ∈ 𝑇 (24)

𝑏𝑒𝑡 = 𝑥𝑠𝑒𝑡 +
∑︁
𝑡′

𝑥𝑒𝑡′𝑡 ∀𝑒 ∈ 𝐸, 𝑡 ∈ 𝑇 (25)

𝑏𝑒𝑡 =
∑︁
𝑡′

𝑥𝑒𝑡𝑡′ + 𝑥𝑓𝑒𝑡 ∀𝑒 ∈ 𝐸, 𝑡 ∈ 𝑇 (26)

𝑠𝑥𝑒 ≤
∑︁
𝑡

𝑏𝑒𝑡 ∀𝑒 ∈ 𝐸 (27)

𝑠𝑥𝑒 ≥ 𝑏𝑒𝑡 ∀𝑒 ∈ 𝐸, 𝑡 ∈ 𝑇 (28)

𝑦𝑒𝑡 ≥ 𝑡𝑙𝑏𝑡 ∀𝑒 ∈ 𝐸, 𝑡 ∈ 𝑇 (29)

𝑦𝑒𝑡 ≥ 𝑎𝑠𝑒 + 𝑒𝑡𝑎𝑟𝑒𝑚𝑟𝑒𝑙𝑠𝑒𝑙𝑡 ∀𝑒 ∈ 𝐸, 𝑡 ∈ 𝑇 (30)

𝑦𝑒𝑡′ + 𝑑𝑡′ +𝑚𝑟𝑒𝑙𝑡′ 𝑙𝑡 ≤ 𝑦𝑒𝑡 +𝑀1(1−
∑︁
𝑒′

𝑥𝑒′𝑡′𝑡)

∀𝑒 ∈ 𝐸, 𝑡, 𝑡′ ∈ 𝑇 (31)

𝑦𝑒𝑡′ + 𝑑𝑡′ +𝑚𝑟𝑒𝑙𝑡′ 𝑙𝑡 ≤ 𝑦𝑒𝑡 + (2− 𝑏𝑒𝑡 − 𝑏𝑒𝑡′) *𝑀1

∀𝑒 ∈ 𝐸, 𝑡, 𝑡′ ∈ 𝑇 : 𝑝𝑔𝑡,𝑔𝑡′ ∈ 𝑃 (32)

𝑤𝑡𝑒𝑒′ = 𝑒𝑡𝑐𝑟𝑒
∑︁
𝑡

(︁
𝑚𝑟𝑒𝑙𝑠𝑒𝑙𝑡𝑥

𝑠
𝑒′𝑡 +𝑚𝑟𝑒𝑙𝑡𝑙𝑒𝑒𝑥

𝑓
𝑒′𝑡

)︁
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+
∑︁
𝑡

(︃
𝑡𝑡𝑐𝑟𝑒

∑︁
𝑡′

𝑚𝑟𝑒𝑙𝑡𝑙𝑡′𝑥𝑒′𝑡𝑡′

)︃
+
∑︁
𝑡

𝑑𝑡𝑏𝑒′𝑡 ∀𝑒 ∈ 𝐸, 𝑒′ ∈ 𝐸 (33)

𝑣𝑒𝑒𝑒 = 0 ∀𝑒 ∈ 𝐸 (34)

𝑣𝑠𝑒′𝑒 ≥ 𝑏𝑒′𝑡(1− 𝑞𝑒𝑡) ∀𝑡 ∈ 𝑇, ∀𝑒, 𝑒′ ∈ 𝐸 (35)

𝑣𝑤𝑢𝑒′𝑒 ≥ 𝑤𝑡𝑒𝑒′ − 𝑒𝑢𝑏𝑒 ∀𝑒, 𝑒′ ∈ 𝐸 (36)

𝑣𝑤𝑙𝑒′𝑒 ≥ 𝑒𝑙𝑏𝑒 − 𝑤𝑡𝑒𝑒′ ∀𝑒, 𝑒′ ∈ 𝐸 (37)

𝑣𝑡𝑢𝑒′𝑒𝑡 ≥ 𝑦𝑒𝑡 − 𝑡𝑢𝑏𝑡 + 𝑑𝑡 − 1 +𝑀1 * (𝑏𝑒′𝑡 − 1)

∀𝑡 ∈ 𝑇, ∀𝑒, 𝑒′ ∈ 𝐸 (38)

𝑣𝑡𝑒𝑢𝑒′𝑒𝑡 ≥ 𝑦𝑒𝑡 + 𝑑𝑡 + 𝑒𝑡𝑎𝑟𝑒𝑚𝑟𝑒𝑙𝑡𝑙𝑒𝑒

− 𝑎𝑠𝑒 − 1−𝑀1 * (1− 𝑥𝑓𝑒′𝑡)

∀𝑡 ∈ 𝑇, ∀𝑒, 𝑒′ ∈ 𝐸 (39)

𝑀2 * 𝑣𝑒𝑒′𝑒 ≥ 𝑣𝑠𝑒′𝑒 + 𝑣𝑤𝑢𝑒′𝑒 + 𝑣𝑤𝑙𝑒′𝑒

+
∑︁
𝑡

(𝑣𝑡𝑢𝑒′𝑒𝑡 + 𝑣𝑡𝑒𝑢𝑒′𝑒𝑡)

∀𝑒, 𝑒′ ∈ 𝐸 (40)

𝑥𝑠𝑒𝑡 = 𝑥𝑓𝑒𝑡 = 0 ∀𝑒 ∈ 𝐸, 𝑡 ∈ 𝑇 : 𝑡 ̸∈ 𝑇𝑒 (41)

𝑥𝑒𝑡𝑡′ = 0 ∀𝑒 ∈ 𝐸, 𝑡, 𝑡′ ∈ 𝑇 : 𝑒 ̸∈ 𝐸𝑡 ∩ 𝐸𝑡′ (42)

𝑥𝑠𝑒𝑡, 𝑥𝑒𝑡𝑡′ , 𝑥
𝑓
𝑒𝑡 ∈ {0, 1} ∀𝑒, 𝑒′ ∈ 𝐸, 𝑡 ∈ 𝑇 (43)

𝑏𝑒𝑡, 𝑠𝑥𝑒, 𝑣𝑒𝑒′𝑒 ∈ {0, 1} ∀𝑒, 𝑒′ ∈ 𝐸, 𝑡 ∈ 𝑇 (44)

The objective function is a weighted sum of minimizing the cost of used employ-
ees (19) and traveling time considered working time (21) and maximing so-called
able pairs (20), i.e. the number of (shift, employee) pairs where the employee may
carry out the shift.

The sequential structure of individual shifts is considered in equations (22) -
(26). Each nonempty shift has a first task, a last task, and a possibly empty chain
of tasks between them. A single task belongs to exactly one shift. Equations (27)
and (28) ensure 𝑠𝑥𝑒 indicates nonemptiness of the shift corresponding to employee
𝑒 ∈ 𝐸. Equation (27) is actually redundant from the viewpoint of the model, but it is
included for the sake of clarity.

Equations (29) - (31) enforce lower bounds on starting times of tasks. The re-
spected bounds are the earliest starting time of the task, the earliest availability of the
employee and preceding task in the shift.

Equation (32) ensures that shift-local precedence constraints are respected when-
ever constrained tasks are assigned to the same shift.

39



Nico Kyngäs

Equation (33) calculates working times for (shift, employee) pairs.
Equation (34) ensures that each employee may carry out their corresponding

shift.
Equations (35) - (39) calculate the violations in individual constraints between

all (shift, employee) pairs. Equation (40) composes these into indicator variables to
signal whether individual pairs are compatible.

All parameters affecting 𝑦𝑒𝑡 have integral values, hence 𝑦𝑒𝑡 will always be inte-
gral.
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5 Solution Methods

Efficient solution methods exist for the employee-based shift generation problem,
see Table 1. The simple employee-based model presented in Chapter 3 is solvable in
polynomial time with respect to the number of different shifts available as a network
flow problem, assuming every shift consists solely of consecutive activities (i.e. there
are no breaks in any shift) [8]. Adding virtually any relevant component to the model,
for example multiple activities, breaks, or assignment of shifts to employees, makes
the problem NP-hard, see e.g. [11; 12; 13; 14; 15].

In the Minimum Shift Design problem [8], the number of different shifts over
the planning horizon must be minimized along with deviation from the employee
demand. Kletzander & Musliu [39] presented an exact network flow based model for
the problem that proved computationally superior to other existing models, yielding
first proven optimal solutions to well-known benchmark instances with Gurobi and
CPLEX.

There are eight notable methods for the SMPTSP, of which three are purely
heuristic [2; 63; 64], two are exact [65; 66], and three are hybrid methods [1; 67; 68].
The best currently known solution method for the SMPTSP was given by Chan-
drasekharan et al. [68], followed by Nurmi and Kyngäs [V]. Chandrasekharan et al.
solved to optimality 242/247 of the well-known benchmark instances [69]. Nurmi
and Kyngäs selected 47/247 hard instances to solve based on how difficult they had
been for other published solution methods, and solved 44/47 to optimality as opposed
to 42/47 [68]. It is hard to derive state-of-the-art from these diverse methods.

There are only three papers available on the recently introduced problems of the
ESMPTSP [VI] and the GTSGP [III, IV].

5.1 PEASTP
The PEAST algorithm [5] is a population-based local search method that was devel-
oped to solve real-world scheduling problems. In this thesis we give PEASTP [V],
a parallelized version of PEAST. The PEASTP algorithm combines features from
some well-known metaheuristics: genetic algorithms [70], ejection chains [71], tabu
search [72], and simulated annealing [73]. The metaheuristic has been used for com-
mercial purposes for several years, for example in staff rostering [74] and in profes-
sional sports league scheduling [75; 76]. PEAST and PEASTP have been applied to
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various shift generation problems [I, II, III, IV, V].

5.2 Solyali Lower Bounding Process for the SMPTSP
Solyali [65] developed a process for finding lower bounds for the minimum number
of shifts in SMPTSP instances. The process exploits the idea that the set of workers
that are used to perform any given set of tasks 𝑆 that overlap in time has to contain
at least |𝑆| workers. Since there are an exponential number of such sets, it is bene-
ficial to not add constraints for all such sets in the model at once. A logical starting
point is having a constraint for each maximal overlapping set. New constraints are
dynamically added for violated subsets in a branch-and-cut framework.

In practice, the process yields high quality lower bounds for very little computa-
tion time. The process was used to find lower bounds for the minimum number of
employees of the new benchmark instances in [VI]. While the instances were gen-
erated in such a way that the total number of employees was a good estimate for
the minimum, the Solyali process quickly revealed instances that could have lower
minimums to be confirmed with other methods.

5.3 New Ruin and Recreate Heuristic
This version of ruin and recreate heuristic (2RH, first presented in [VI]) based on [77]
was created to solve practical GTSGP instances. Pseudocode for the 2RH algorithm
is given in Figure 8.

5.4 Implementation Notes on the 2RH
The implementation language was chosen based on performance and the ability to
try out arbitrary high or low level optimizations. Thus C++ was chosen.

By far the most crucial part of the 2RH is evaluating the cost of a single addition.
It is usually beneficial to use more storage resources (main memory, cache space)
and more calculation when applying moves if it speeds up evaluation of addition.

The time windows in the problems are by nature hard, i.e. a task’s starting time
must be within the given constraints. However, they can be implemented as soft
constraints in order to allow interim solutions with constraint violations to better
traverse the search space. They are the most significant time sink with respect to
calculation time. To use the reoptimization data [78] as efficiently as possible, the
data has to be stored in adjacent memory. It is interesting to note that no matter
how the data was stored, using AVX-256 to do the time window calculations of
up to 8 tasks at once was much slower than letting the compiler (Intel Compiler
19.1) optimize the non-vectorized code on the test machine. This was the case even
after the time window implementation was changed to treat the constraint as soft
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(e.g. violations in time windows were allowed in intermediate solutions, as opposed
to stopping move evaluation and rejecting the candidate move if a violation was
found), which removes the bias caused by the fact that the vectorized version would
do spurious work compared to the non-vectorized version.
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Figure 8. Pseudocode for the 2RH algorithm, as presented by Nurmi et al. [VI].
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6 Results

In [I] four real-world industry benchmark instances of an employee-based shift gen-
eration problem were introduced. The goal was to stick to the demand while min-
imizing the number of non-eight-hour-shifts and keeping the average length of the
shifts as close to six hours as possible. The instances were solved with the PEAST
algorithm. The results showed that shorter timeslots lead to better results and high,
sharp peaks in demand lead to shorter shifts.

In [II] five real-world industry benchmark instances of an employee-based shift
generation problem covering the period of one week were introduced. The instances
contain three different task types with the demand split into 15-minute time slots be-
tween 6am and 10pm every day. The number and length of breaks per shift depends
on the shift length. The results showed that multiple task types and breaks could be
scheduled in the shifts with the PEAST algorithm.

In [III] eight task-based shift generation problems were solved with the PEAST
algorithm. Seven of the problems were SMPTSP problems from the KEB dataset [2]
and one was a simple GTSGP problem, so few features of the full GTSGP model
were used. The number of tasks per instance varied between 40 and 665. It was
shown that the PEAST algorithm can be used for this kind of problems, but not very
effectively.

In [IV] the GTSGP was formally modelled and 15 new benchmark instances
were introduced. The number of tasks per instance varied between 18 and 425.
Different aspects of the GTSGP, such as precedence constraints, travel costs, and
maximum total worker time, were present in the instances. It was shown that the
PEAST algorithm can be used for this kind of problems, but transportation between
tasks was not handled particularly well. CPLEX and Gurobi unsurprisingly yielded
high quality solutions fast on smaller instances but failed to find solutions for larger
instances.

In [V] a set of 47 historically challenging SMPTSP instances were solved with a
new hybrid algorithm created for the more general GTSGP problems. The number of
tasks per instance varied between 104 and 1577, while the number of resulting shifts
varied between 20 and 320. The hybrid algorithm found more optimal solutions than
any other solution method had, but not on the SWMB dataset [3].

In [VI] a set of 56 historically challenging SMPTSP instances and 30 new bench-
mark instances were solved as ESMPTSP problems using a new ruin and recreate
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heuristic. The number of tasks per instance varied between 59 and 2473, while the
number of resulting shifts varied between 20 and 496. The results showed that the
ratio of feasible pairs to the number of generated shifts varied greatly between in-
stances, meaning that the interchangeability of the resulting shifts varied as well.
At worst the ratio was exactly one, indicating a unique correspondence between the
shifts and the employees. At best the ratio was greater than two, indicating that on
average each shift could be carried out by two different employees.
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7 Discussion

7.1 Research questions
7.1.1 Employee-based demand can be efficiently met with al-

gorithmically generated shifts whose structure is not rig-
orously constrained

Employee-based models have direct application areas in e.g. hospitals, retail stores,
and call centers. The main goal is the performance of staff and financial efficiency.
Other important goals include fairer workloads and employee satisfaction.

Unlimited shift generation problems with and without breaks were introduced.
This was the first time such problems were introduced. The unconstrainedness of
an individual shift’s structure provides flexibility to the model that might be hard
to achieve otherwise. The usefulness of the model was demonstrated by real-world
benchmark instances.

At the same time, the chosen solution method is a generic method capable of
solving various NP-hard problems and not particularly suited for shift generation.
Therefore good solutions are not generated fast. This can be problematic for real-
world adoption in cases where quick prototyping of different shift structures for a
client is highly beneficial. [8]

7.1.2 Task-based demand can be efficiently met with algorith-
mically generated shifts

Task-based models have direct application areas in e.g. home care, cleaning, and
delivery of goods. The goals are similar to those of employee-based models as pre-
sented in the previous section.

An existing problem from literature, SMPTSP, was considered. The SMPTSP
has direct practical applications in task-based settings with negligible transition times
with many available on-demand workers.

Two new problems, GTSGP and ESMPTSP, were introduced. The SMPTSP is
too simple to handle many practical real-world cases in task-based shift generation.
For example, in practical applications tasks must often be completed within a time
window instead of being fixed in time. Both GTSGP and ESMPTSP aim to make
the resulting shift structure more flexible for staff rostering and resilient to inavoid-
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able daily changes that stem from e.g. sick leaves and changes in requirements. In
practice, a solution with an equal number of shifts but more feasible pairs is better
because on average each shift has more assignable employees, making staff rostering
and daily changes easier.

SMPTSP and ESMPTSP are solved with a combination of PEASTP and 2RH
to reach high quality solutions much faster than with PEASTP alone. The SMPTSP
solutions are better than any others in the literature. Since 2RH achieves good results
by itself, in real applications PEASTP can be left out in order to speed up the solving
process considerably. As a more generic method developed for GTSGP, it is still not
as fast as existing SMPTSP solutions.

7.1.3 Shift structure optimization has significant effect on the
achievable staff rosters

Employee-based and task-based problems can be solved efficiently, as demonstrated
in research questions one and two. In Section 2.3, the effect of shift structure on the
final rosters was examined for the first time. The experiment was not too compre-
hensive, including only a single instance from a Finnish contact center. However,
it underlines well the significant impact of shift structure on e.g. the number of re-
quired employees. In practice shift structure is often highly constrained by legislative
or practical human considerations, greatly affecting efficiency. For example, the ex-
treme demand peaks often encountered in airports would require unreasonably short
shifts to fulfill without major overstaffing.

In Section 2.3 it was found that increasing the average shift length from 8 to 10
hours yielded significant improvements in both shift structure and staff rosters. In
the 4-year registry study by Vedaa et al. [79], long shifts were found to be associated
with less sick leave days. A potential explanation offered to this relationship was
extra days off and their rejuvenative effects. In the shift work study considering
industry workers in large Finnish companies [80], the employees were found to sleep
and feel better when the length of the working day was twelve hours instead of eight
hours. This demonstrates the potential positive effects of non-standard shift lengths.

7.2 Other considerations
The solution methods used are heuristics made for finding a single best solution.
Thus, a human planner using these methods will not be provided a host of good (e.g.
Pareto optimal) alternatives to choose from. However, the methods can be modified
to provide a set of reasonably good solutions with little computational overhead if
necessary.

Most solution methods introduced are made for solution quality over speed.
Thus, they might provide relatively low quality results with low computation re-
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sources, and more greedy solution methods may provide better results in such set-
tings. Adoption by users might also prove challenging in practice. However, in
real-world applications it is often advantageous to use more computation time in or-
der to generate shifts and rosters that are of high value and acceptable considering
their release time.

Continuous problems with planning horizons of longer than one day were not
considered in the present work. While this might limit real-world applicability in
some cases, in many cases it is acceptable. For example, functions that either are
not operated around the clock or have near-zero minimum employee needs in early
morning hours can usually be treated as separate days.

The methods presented yield demonstrably good practical results. However,
practical adoption of complex optimization algorithms to complex optimization prob-
lems is no trivial task. The optimization algorithm needs various data to function, e.g.
HR data and work data. Before optimization, it may be necessary for a human re-
source planner to modify said data, especially if the other data modules were not
designed with optimization in mind. The optimization algorithm needs hardware to
run, the amount of which depends on e.g. the number of customers and the inter-
leavedness of their planning schedules. After optimization has been done, a human
planner may once again need to make changes to the plan, or reoptimize it fully or
partially. After the plan has been carried out, employees need to be paid.

Without all of these auxiliary functions, the greatest optimization algorithm in
the world by itself is useless. There are at least two ways to approach the problem:
either attach the algorithm to an existing system, or build a new system designed to
leverage optimization as a central function. The former approach can be easier and
faster, and lead to getting the work out to real clients quickly. However, the end result
might not be satisfactory. A system originally designed solely for manual planning
will almost certainly not be able to leverage optimization fully. If the algorithms
were developed without knowledge of the target system, incompatibilities between
the data required by the optimization and the data provided by the system may rise.
Building a new system designed from the ground up to leverage optimization at every
level will almost certainly yield a better product, but it is a vastly more complex and
expensive undertaking. It is also more risky, as there is no guarantee of getting clients
due to e.g. newness, complexity, or price. Meanwhile an existing system usually has
existing, convertible clients.

Based on a ten-year experience in cooperating with workforce management soft-
ware companies and working closely with customers and end-users, in practice the
usefulness and utility of the optimized shift structures and rosters depends heavily
on

1. willingness and effort to map, reconsider, and renew the workforce scheduling
process and practices, from the management to the resource planners down to
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the individual employees,

2. high-quality input data that potentially requires additional effort compared to
manual planning to maintain,

3. centralization of planning and larger planning units, and

4. fairness and transparency towards the employees.

7.3 Future research
7.3.1 The GFA Algorithm for the SMPTSP

The 2RH algorithm was developed to solve a wide variety of GTSGP instances. To
focus solely on the SMPTSP, improvements to the best found SMPTSP results can
be made.

The pack problem [44] is the problem of maximizing the contribution of a single
employee with respect to a given metric. A single employee and a set of tasks with
weights are given, and the objective is to maximize the total weight of the tasks car-
ried out by the employee. This problem, also known as weighted interval scheduling,
can be efficiently solved in polynomial time [81].

The GFA (Gulls and Flying Ants) algorithm created specifically for SMPTSP is
a metaheuristic that combines a powerful pack-based local search operator with a
reinforcement learning weighting scheme for the tasks. In each iteration, a subset
of employees with tasks assigned are randomly selected. For each such employee in
turn, all assigned tasks are unassigned, and the resulting set of both previously and
newly unassigned tasks is offered to every employee with no tasks assigned. The
best of all examined (remove an employee’s tasks, give an employee tasks) pairs of
moves is committed. This is followed by offering all remaining free tasks to each
employee with at least one task assigned, until no offering improves the solution.
Any task unassigned at this point has its weight dynamically grown. A small elitist
pool of solutions, in which the worst current solution is replaced by the best current
solution each generation, is used.

Crucial components for getting good results include a pool of solutions, using
task duration for initial task weights, and increasing task weight for ’difficult’ tasks.
The heuristic produces results of high quality in well-known benchmark instances
reasonably fast. The method presented in [V] produced the best known results on
the well-known SMPTSP instances by feeding the 2RH results to the PEASTP algo-
rithm. The GFA alone produces even better results and much faster. GFA produces
equal or better results on all the 47 instances solved in [V].

This is ongoing joint research with the developer of the constructive matheuristic
[68] that produced the best results on the SMPTSP until this thesis.
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7.3.2 The effects of shift generation on staff rosters

In Section 2.3, the effect of shift structure on the final rosters was examined for the
first time. Shift structure optimization was found to have a significant effect on the
staff rosters. An important finding was that longer working days should be allowed,
because they imply better consideration of the stress and risk factors introduced by
the Finnish Institute of Occupational Health. PEASTP will be used to justify the
findings in the ongoing research. Results obtained earlier in a Finnish contact center
will be expanded to other domains.
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[80] Kati Karhula, Annina Ropponen, Mikko Härmä, Tarja Hakola, Mia Pylkkönen, Mikael Sallinen,
and Sampsa Puttonen. 12 tunnin vuorojärjestelmien turvallinen ja työhyvinvointia edistävä toteut-
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