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Abstract–The Nurse Scheduling Problem (NSP), like the well-known Travelling Salesman Problem 

(TSP), is an NP-hard problem. In this study, we use a tailor-made meta-heuristic Memetic Algorithm (MA) 

to optimize the NSP.  The MAis a hybrid algorithm, being a combination of the Genetic Algorithm (GA) 

and a local search algorithm. The performance of the MA is found to be superior to that of a solitary 

algorithm like GA. The MA solves the NSP in two stages. In the first stage, the randomly generated 

solutions are evolved till they become feasible (i.e., the hard constraints are satisfied) and in the second 

stage, these solutions are further evolved so as to minimize the violations of the soft constraints. In the final 

stage, the MA produces optimal solutions in which the hard as well as the soft constraints are completely 

satisfied. 

 

1. Introduction 

Many nurse scheduling problems are described in the literature and most papers focus on the 
solution techniques [7], [8], [21], [38]. The nurse scheduling problem (NSP) deals with the task 
of creating weekly or monthly schedules for hospital wards by assigning a feasible shift pattern to 
each nurse. The schedules, while satisfying the working contracts of the nurses as constraints, has 
to meet the demand for a given number of nurses of different grades on each shift. The schedule 
also has to be fair to all the nurses by satisfying their preferences as much as possible and by 
evenly distributing the unpopular shifts [3].  
 
The NSP has traditionally been solved using the Integer Programming Techniques[17],[20], [40], 
Tabu search [14], [15],[37], and heuristic methods [1], [11], [23]. Simulation is also effectively 
used in some studies [9],[10]. Some of the recent AI techniques include the use of Simulated 
Annealing [19], [30], Genetic Algorithm [2],[16],[24],[39], co-operative Genetic algorithm [34-
36],Artificial Immune System [28] and different versions of Evolutionary Algorithms 
[4],[6],[22].The conventional GA does not yield satisfactory solutions [2].Therefore, we believe 
that a hybrid methodology involving an Evolutionary Algorithm that finds several feasible 
solutions and a Local Search exploiting the inherent knowledge of the problem to optimize the 
intermediate feasible solutions is an appropriate tool to tackle this highly complex problem.  
 
The hybridization of evolutionary algorithms (EAs) with other techniques can greatly improve the 
efficiency of search [12], [18]. EAs hybridized with local search techniques are named as 
Memetic Algorithms [26],[29],[31-33].A common approach is to apply the local search to the GA 
population after crossover and mutation, with the aim of exploiting the best search regions. An 
important aspect concerning MAs is the trade-off between the exploration abilities of the EA and 
the exploitation abilities of the local search technique [25].  
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In this study, we use a Memetic Algorithm (MA) to solve the complex nurse scheduling problem. 
The MA algorithm is a hybrid of the Genetic Algorithm (GA) and Local Search (LS). The GA 
follows a simple coding scheme and after the recombination operations, LS is applied using 
problem-specific knowledge. A number of random shift schedules are generated. Penalties are 
imposed for the violation of the hard as well as the soft constraints of the shift schedules. The MA 
solves the problem in two phases. In the first phase, it tries to resolve all the violations of the hard 
constraints. This leads to feasible solutions. In the second phase, MA works with the feasible 
solution and further evolves them eliminating, or at least minimizing the soft constraints. The 
result is optimal solutions satisfying the management requirements as well as the nurses’ 
preferences.  
 
This paper is organized as follows: In section2, we explain the general NSP and a specific version 
that we have solved. In section3, we describe in detail the design and application of a tailor-made 
MA to solve the NSP with the obtained results. We conclude the study in section 4. 
 

2.  Nurse Scheduling Problem (NSP)  
 
There are many versions of the NSP found in literature. However, there exists neither a standard 
version nor benchmark problems to test new solution techniques [7]. In this study, we consider 
the nurse scheduling problem and the datasets provided by the Queen’s Medical Centre (QMC) in 
Nottingham, UK. Our motivation to adopt this problem is that the problem is well-formulated and 
made freely accessible online with its associated data[27].  
 
In the QMC nurse scheduling problem, a medium-sized group of nurses (20-30) should be 
scheduled over a planning period of four weeks. The daily schedule consists of the following 
three shifts: early (E; 7:00~14:45), late (L; 13:30~21:15) and night (N; 21:00~7:15) each with 
different coverage demand. The schedule should simultaneously satisfy the coverage demand and 
the working regulations constraints, as well as the nurses’ preferences as far as possible. There 
are 6 hard constraints (must be satisfied) and 6 soft constraints (should be satisfied) which are 
listed below. 
 
Hard Constraints 

OneShiftADay: A nurse can work only one shift per day. 
MaxHours: Nurses work a maximum number of hours. 
MaxDaysOn : Nurses work a maximum number of consecutive days without a break. 
MinDaysOn : Nurses work a minimum number of consecutive days. 
Succession : Several shift combinations are not allowed ,e.g. night shift followed by early 
shift and vice-versa.  
Hard Request :Nurses must take the annual leave they are entitled to.  
 

Soft Constraints 
SoftRequest: Nurses prefer some favorable shifts (or days-off) for some days once in a 
while. 
SingleNight: Nurses prefer to work night shifts in blocks of two or more. 
WeekendBalance: Nurses should not work more than 3 out of 4 consecutive weekends. 
WeekendSplit: As for the weekends, the nurses prefer to work both days of the weekend or 
take both the days of the weekend off. 
Coverage: The coverage demand for each shift should be satisfied as closely as possible. 
CoverageBalance: The deficit/surplus of coverage demand should be balanced for all 
shifts in the planning period.  
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Nurses in QMC are employed either as 
work at most 75 hours per fortnight while part
belong to one of the four possible qualification categories. 
Auxiliary (AN) and Student (SN). RNs and ENs are classified as qualified (QN) while QNs and 
ANs are both employed (PN). 

 
Table 1．The cover requirements of nurses with different qualifications

 

QNs 

RNs 

ETs 

 

3.NSP optimization using MA
 
The Memetic Algorithm (MA) we have used to solve the above QMC NSP consists of the 
Genetic Algorithm combined with a local search. The MA flowchart is shown in Fig. 1.  
describes in detail each of the steps of the MA.
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Step 1:  Random generation of shift tables
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NSP optimization using MA 
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in detail each of the steps of the MA. 

 
Fig.1.Memetic Algorithm flowchart 
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N number of shifts tables is generated randomly. 
preferences of the nurses is shown
explained below the table. The MA coding shown in Table 
while 1 implies a particular shift for a given nurse. 4 implies that the nurse does not want to work 
on that particular shift and 5 implies the annual 
the canonical bit-string GA. The advantage is that it avoids the 
about by the genotype-phenotype conversion.
 

Table 2.

 
The symbols in the above data represent the following:
21:15; N(Night: 21:00-7:15); O (Free day); AL (Annual leave)
 

 
 
 

5 6 7 8 9 10 11 12

M T W Th F S Su M

Anita E O O L E

Cheryl AL L O O

Chris E L E N

Claire O O AL

Daryl O O O L L O L

Julie P O E L E O O L O

Kriska

Linda B L E E E E O O N

Linda W

Liz O O

Louise L

Malinka L L L E O O O

Margaret O L L E O O L

Nicola E O E O N N E O

Nynke O O O O O O L E

Sue E N N O O O L L L

Susan O L E E O O O AL

Tess O O AL L O L E

Tricia E E N N O O E E
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generated randomly. A typical shifts table created according 
shown in Table 2. The meanings of the entries in 

The MA coding shown in Table 3 is as follows: 0 implies a free day 
shift for a given nurse. 4 implies that the nurse does not want to work 

shift and 5 implies the annual leave. The real-number coding does not follow 
. The advantage is that it avoids the computational overhead

phenotype conversion. 

2. Shifts according to the nurses’ preferences 
 

in the above data represent the following: E(Early: 7:00-14:30); L(Late
); O (Free day); AL (Annual leave) 

Table 3．MA coding 
 

12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

M T W Th F S Su M T W Th F S Su M T W Th

E E O O AL AL AL AL AL AL AL AL AL L E

AL AL AL AL AL AL AL AL AL L

L L AL E L O O O O O O O O O O O

E AL AL L

L O L AL AL AL N O O L O L L AL AL AL AL AL

O O N N O O O O E L E O O L O E E AL

E O O L AL AL AL AL AL AL AL

N N O E AL O O L E O O L L L E E E O

AL AL AL AL AL

O O O

N N

O L O E L L E L L L O O E L L AL AL

L E O O O L E L N N L O O O

O O O O L O E E O O O L O E E O O O

E L O O O O O N N O O O O O O O O O

L E L E O O O L E L L O O O L E O O

AL AL AL O O O O AL O O O E E E N N O O

E O O O O O O L E O

E E L E O O E E E E E O O E E L
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meanings of the entries in the table are 
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Step 2: Fitness &Selection 

 
The better fit solutions are selected using the tournament selection. The fitness function which 
acts as the criterion for selection is defined as follows:  Penalties are imposed on the violations of 
the hard constraints (Table 4) and on the violations of the soft constraints, as well (Table 5).  
 

Table 4.  Penalties on the violations of the hard constraints 
 

Hard Constraints             Penalty hip  

OneShiftADay 4000 
MaxHours 2000 
MaxDaysOn 3000 
MinDaysOn 1000 
Succession 6000 
HardRequest 5000 

 
Table 5.  Penalties on the violations of the soft constraints 

 
Soft Constraints Penalty cip  

SoftRequest 4 
SingleNight 1 
WeekendBalance 2 
WeekendSplit 3 

Coverage 5 
 
The total penalties on the violations of the hard constraints are given by: 

∑
=

=

N

i

ihi xpf
1

 (1) 

The total penalties on the violations of the soft constraints are given by: 

∑
=

=

N

i

ici xpg
1

      (2) 

The objective function is given by: 
gfh +=       (3) 

),1,,2,1(}1,0{ NNix −=∈ L　　 (4)  

 
Penalties are arbitrary and need not be an exact indicator of cost, time, etc. [13]. They can serve 
as fitness functions to guide the search. In our study, we consider the fitness function to be the 
same as the objective function and being a minimization problem, the solutions with lower values 
of fitness function are better than those with higher values. We have imposed arbitrary 1000 unit 
penalties on the violation of hard penalties and 1 unit on the violation of soft penalties. The 
motivation behind this is that, when the evolving solutions reach a fitness function value which is 
less than 1000 (lower value is better), it is an indication that all the hard constraints are being 
satisfied and the solutions are feasible.  
 
Step 3: Crossover 

 
We have tailored the crossover operator to suit the QMC NSP tabular representation. The ith row 
and the jth column in the shifts table are randomly selected and used to demarcate the shifts tables 
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in four parts as shown in Fig. 2. The offspring are obtained by interchanging the corresponding 
parts as shown in Fig. 3.  
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. Parents selected for crossover 
 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 3. Offspring obtained after crossover 
 

Step 4: Mutations 
Mutations are done by randomly selecting a bit and converting it into zero if it is non-zero and 
vice-versa.  
 

Step 5: Local Search 
We employ the following greedy Local Search approach which incorporates the intrinsic 
knowledge of the problem. The QMC NSP has six hard constraints which correspond to the 
managementrequirement. Any one of the six hard constraints are randomly imposed as explained 
below. 
 

1.OneShiftADay:A nurse canwork only one shift per day  
If any nurse has more than one shift assigned to her in a given day, the shift is altered so that she 
has no more than a single shift that day as shown in Fig. 4.  

 

    ↓ 

 
Fig. 4. Local Search: One Shift A Day 

0 1 1Early Late Night 
0 1 0Early Late Night 0 0 1Early Late Night 
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2. MaxHours: The nurses work a maximum of 40 hours a week 
If any nurse is exceeds the maximum number of hours allowed per week, her shifts are randomly 
adjusted to reduce the number of hours as shown in Fig. 5. 

   
Fig. 5. Local Search: Maximum hours a week 

 
3.MaxDaysOn:(not more than six days in a row) 
If any nurse is found to do more than the six days in a row, she is made to take a break in between 
as shown in Fig. 6. 

 
 

Fig. 6. Local Search: Max Days On 
 

4. MinDaysOn: (At least two days a week in succession) 
If any nurse is found not to have a shift of at least two days in succession, her shift is altered as 
shown in Fig. 7. 

 

↓ 
 

 
 
 

Fig. 7. Local Search: Min Days On 
 
5. Succession(No day shift after a night shift) 
If any nurse is found to do a day shift immediately after a night shift or vice versa, her shift is 
altered as shown in Fig. 8. 
 

Wed Thu Fri0 1 0Wed Thu Fri0 1 1 Wed Thu Fri1 1 0
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  6. Hard Request (Nurses must take annual leave)
Nurses must take the annual leave they are entitled to. If nay nurse is 
shift, her shifts are altered so that she can take the due 
 

 
The hybrid MA solves the NSP in two phases. In the first phase it tries to search for the nurses
shift patterns that do not violate the hard constraints. 
value of less than 1000. In the second
minimize the penalties on the soft constraints. One of the
shown in Table 6.  

Table 6.  A 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
4. Conclusion 
 
The Nurse Scheduling Problem (NSP), like the well
is an NP-hard problem. Some 

EarlyWed Thu0 0 0 1 0Early Late Night Early Late
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↓ 

Fig. 8. Local Search: Succession 
 

(Nurses must take annual leave) 
must take the annual leave they are entitled to. If nay nurse is found not to take the annual 

shift, her shifts are altered so that she can take the due annual leave as shown in Fig. 

↓ 

 
Fig. 9. Local Search: Hard Request 

NSP in two phases. In the first phase it tries to search for the nurses
shift patterns that do not violate the hard constraints. These solutions are indicated by a fitness 

second phase, the MA further evolves these feasible solutions to 
soft constraints. One of the optimal solutions to the QMC NSP is 

Table 6.  A shifts schedule optimized using MA 

The Nurse Scheduling Problem (NSP), like the well-known Travelling Salesman Problem (TSP)
 studies show that the straightforward implementation

Wed Thu0 0 1 1 0 0arly Late Night Early Late Night Thu 0ate Night Wed Thu0 0 1 0Early Late Night Early L
5 5 5Early Late Night 

0 0 0Early Late Night 
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not to take the annual 
leave as shown in Fig. 9.  

NSP in two phases. In the first phase it tries to search for the nurses’ 
hese solutions are indicated by a fitness 

phase, the MA further evolves these feasible solutions to 
optimal solutions to the QMC NSP is 

known Travelling Salesman Problem (TSP), 
implementation of the 

Thu0 0Late Night 
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Genetic Algorithm is incapable of obtaining a satisfactory solution. Therefore, we believe that a 
hybrid methodology involving an Evolutionary Algorithm that finds several feasible solutions 
and a Local Search exploiting the inherent knowledge of the problem to optimize the intermediate 
feasible solutions is an appropriate tool to tackle this highly complex problem. With this intuition, 
we have tailor-made a Memetic Algorithm (GA + local search) to solve the Queen’s Medical 
Centre (Nottingham, UK) NSP that is freely available online. The hybrid MA solves the NSP in 
two phases. In the first phase it tries to search for the nurses’ shift patterns that do not violate the 
hard constraints. In the second phase, the MA further evolves these feasible solutions to minimize 
the penalties on the soft constraints and obtains optimal and near optimal solutions. 
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