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The main objective of the hospital facility layout problem is to place the polyclinics, laboratories and radi-
ology units within the predefined boundaries in such way that minimize the movement cost of patients
and healthcare staff. Especially in big-scaled hospitals including several different specialized depart-
ments, it is important in terms of hospital efficiency that interacting units are placed closely.
Nowadays meta-heuristic algorithms are often used to solve optimization problems such as facility lay-
out. In this study; polyclinic, laboratory and radiology units’ layout of a big-scaled university hospital was
organized using three meta-heuristic algorithms which are migrating bird optimization (MBO), tabu
search (TS) and simulated annealing (SA). The results were compared with the existing clinic layout.
Consequently MBO and SA meta-heuristic algorithms have given the same best results improving the
existing clinic layout efficiency approximately by 58%.
� 2019 Karabuk University. Publishing services by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

Placing facilities in a plant area, often referred to as a facility
layout problem, has a significant impact on production costs, pro-
cess operation, lead times and productivity [1]. The facility layout
problems have gained importance after significant contributions of
some research studies categorizing facility layout problems either
as single floor or multi-floor layout problems [2–4]. The problem of
hospital facility layout has received less attention in the literature
compared to other facilities because many aspects of patient selec-
tion cannot be controlled by health managers [5] and demand is
very uncertain [6]. Therefore, in addition to the complexity of the
algorithms used to solve the problem of hospital placement, estab-
lishing the problem definition, providing the right parameters and
obtaining reliable data are other critical points for obtaining the
best solution. Hospital facility layout problem is an NP-Hard prob-
lem mathematically [3,7,8]. There are three commonly used types
of solution approaches for facility layout problem in the literature,
whether it is a single- or multi-floor settlement problem. The first
is the quadratic assignment problem (QAP) which assumes equal
areas for each department and known locations [9]. The second
is the heuristic approaches which are efficient in solving several
layout problems [10]. The third is the mixed-integer programming
(MIP) which uses a distance-based objective for facility layout [11]
for departments with equal and unequal areas [12]. Facility layout
problem defined by Azadivar and Wang as placing of predeter-
mined given number of facilities in feasible sizes and neighbor-
hoods [13]. Lee and Lee placed facilities in different areas to
improve facility efficiency in a boundary area [14]. Shayan and
Chittilappilly considered the facility layout problem as an opti-
mization problem. They have achieved optimal facility layout, tak-
ing into account interfacility interactions and material handling
costs [15]. Recently, meta-heuristic based and swarm intelligence
based methods have been used for solving facility layout problems.
Sahin and Turkbey proposed a new hybrid meta-heuristic algo-
rithm for the solution of multi objective facility layout problems,
which is based upon simulated annealing (SA) and supported by
taboo list [16]. Cheng and Lien presented a hybrid algorithm for
multi-facility layout problems by integrating bee algorithm (BA)
global search ability with the local search advantages of particle
swarm optimization (PSO) [17]. Luo et al. represented a newmodel
for emergency medical facilities layout planning in city by using
ant colony optimization (ACO) [18]. Ileri used ACO to design the
layout of polyclinics, laboratories and radiology units of a hospital
especially for outpatients to minimizemovement costs [19]. Huyen
et al. investigated hospital-cost analysis. They used autoregressive
integrated moving average (ARIMA) to estimate the number of
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patients which coming to the hospital. Also, geographic informa-
tion system is used to demonstrate the current fact or status
through the distribution of patients and the hospital costs [20].
Aydin and Fogarty proposed a new method that distributed evolu-
tionary SA for solving classical job-shop scheduling problem and
the incapacitated facility location problem [21]. Kaveh and Sharafi
used charged system search (CSS) optimization algorithm that acts
on the basis of the interaction between charged particles to solve
facility layout problem on a network [22]. Kaveh et al. proposed
an adapted harmony search algorithm to find an optimal facility
arrangement in an existing layout [23]. Chan et al. investigated
the fine-tuning mutation rate of the genetic algorithm and the
neighborhood function of the SA for solving the incapacitated facil-
ity location problem. They used variable mutation rate instead of
constant mutation rate or randomly selected genes [24]. Yang
et al. compared the performance of some meta-heuristics algo-
rithms in terms of mathematical model for base station location
planning problem which was modeled as a p-median problem
[25]. As given above, several studies in the literature focused on
layout problems of different facilities, but there are only a few
studies on hospital layout problems. The objective of this study
is to develop a multi-floor facility layout for hospitals to minimize
the movement cost of patients. A cost reduction can be achieved by
minimizing travel among entities. Our optimal hospital facility lay-
out problem seeks the best possible arrangement of departments,
within the predefined area to reduce distance between depart-
ments having close relation to each other. We developed a model
for optimal placement of hospital departments at minimal cost.
Various alternative layouts were also developed from the proposed
strategies and the best possible one was chosen. As a novelty of the
paper the migrating bird optimization (MBO) algorithm is used for
the first time for solving facility layout problem of a hospital. Local
search of MBO algorithm is strong. In order to measure the perfor-
mance of MBO algorithm in real-world problem, results of the MBO
is compared with the results obtained from the Tabu Search (TS)
and SA algorithms. SA algorithm has been chosen for its simplicity
and good localization. TS algorithm prevents local optimum and
global search is effective. The results showed that MBO algorithm
enhanced good performance for solving facility layout problem of
a hospital.

Rest of the paper is organized as follows. The facility layout
problem definition for hospital and statistical information of the
problem are given at Section 2. MBO, TS and SA meta-heuristic
algorithms are explained in detail at Section 3. Implementation
of the used meta-heuristic algorithms of the problem is addressed
at Section 4. The parameter setting of the used meta-heuristic algo-
rithms is described at Section 5. At Section 6, the computational
results are given and the paper is finalized with conclusions and
discussions.
Fig. 1. Physical structure of the hospital.
2. Model

As presented by Ileri [19], the hospital facility layout design
should incorporate all essential requirements such as modelling
of entities, movement difficulty, motion in the vertical direction,
and the arrangement of departments within the predefined area
in a way that reduces the distance between departments having
high interaction and satisfies the increase in demand. To achieve
efficient placement of the departments, the number of consulta-
tions between departments should be taken into consideration.
This depends on the travel frequency between departments. The
travel frequency determines the relationship factor and the depart-
ments having high traffic between them should be placed closer to
each other than the ones with less traffic.
We analyzed these factors with the aim of minimizing the total
movement cost.

1-. The interaction between departments, which depends on
the traffic intensity between the two departments were cal-
culated to make sure that the departments having more
interaction were placed closer than the ones having lesser
interaction.

2-. The frequency of visits of outpatients to each department
were calculated to be able to place departments to which
patient visits are more frequent closer to hospitals’ main
entrance and patient wards.

3-. The movement cost was calculated directly proportional to
the distance, travel frequency, trip difficulty rating, and
baseline travel cost and thus, varying any of the attributes
changed the movement cost.

4-. The optimal solution was obtained by running simulations
with the aim of altering one or some of these attributes.

For solving this problem, we formulated the objective function
according to the physical structure of the hospital, the number of
polyclinics to be placed with required size and the monthly aver-
age data for a year taken from hospital information system includ-
ing number of inpatients and number of consultations between
each department.

The physical structure of hospital shown in Fig. 1 consists of
three blocks, thirty one feasible polyclinic areas with a size of
800 m2 and one hospital entrance. There are twenty six polyclinics
to be placed with different sizes in the hospital which are given in
Table 1.

In Table 2, a part of consultation numbers for polyclinics brain
surgery, pediatric, medical oncology and otorhinolaryngology is
given because showing all consultation data between polyclinics
will take too much space.

The size and the distance to hospital entrance of the areas to be
placed are given in Table 3.

According to the inputs in Tables 1–3 and the modeling entities
explained above, the objective function of the model is formulated
as in Eq. (1).

min
Xm
i¼0

xiyi þ
Xn
j¼0

Xm
k¼0

zjktjk

 !
ð1Þ

where, n is the number of polyclinic, m is the number of areas that
polyclinics to be placed, xi is the distance of the feasible areas to the
hospital entrance, yi is the monthly number of patients in polyclinic
that placed to ith area, zjk is the number of the patients who sent
from polyclinic that placed to jth area to polyclinic that placed to
kth area. tjk is the distance between jth and kth areas. zjk matrix
can be considered as flow matrix in QAP problems. This matrix con-



Table 3
The size and the distance to hospital entrance of the areas to be placed.

Area Code Distance to entrance Size

0 10 800
1 10 800
2 20 800
3 20 800
4 60 800
5 60 800
6 70 800
7 70 800
8 110 800
9 110 800
10 120 800
11 120 800
12 160 800
13 160 800
14 170 800
15 170 800
16 210 800
17 220 800
18 220 800
19 210 800
20 240 800
21 250 800
22 250 800
23 240 800
24 260 800
25 270 800
26 270 800
27 260 800
28 310 800
29 320 800
30 320 800
31 310 800

Table 1
Number of patients coming to the polyclinics and required size for each polyclinic.

Polyclinic
Code

Polyclinic Name Average number of
inpatients per month

Required
size (m2)

0–3 Laboratories – 3200
4 Family Practice 25,609 800
5 Brain Surgery 14,609 800
6–7 Pediatrics 55,406 1600
8 Dermatology 28,540 800
9 Infection 8442 800
10 Psychiatry 10,527 800
11 General surgery 15,135 800
12 Chest diseases 15,659 800
13–14 Eye diseases 38,668 1600
15 Hematology 6772 800
16 Rheumatology 10,613 800
17 Nephrology 5855 800
18 Gastroenterology 8221 800
19 Endocrinology 19,638 800
20 Medical oncology 7483 800
21 Internal diseases 1232 800
22 Gynecology 22,510 800
23 Plastic surgery 11,524 800
24 Cardiology 10,684 800
25–26 Otorhinolaryngology 27,421 1600
27 Neurology 11,578 800
28 Nuclear medicine 140 800
29 Orthopedics 28,155 800
30 Medical genetics 2869 800
31 Urology 13,647 800

Table 2
The patient consultations between the polyclinics.

Sending Polyclinic Accepting Polyclinic Average number of
consultations per month

Brain Surgery Laboratory 70
Brain Surgery Neurology 5
Brain Surgery Orthopedics 5
Pediatric Laboratory 1486
Pediatric Brain Surgery 4
Pediatric Otorhinolaryngology 13
Pediatric Orthopedics 15
Medical oncology Laboratory 364
Medical oncology Infection 4
Medical oncology Chest diseases 6
Medical oncology Cardiology 12
Medical oncology Otorhinolaryngology 4
Medical oncology Neurology 2
Otorhinolaryngology Laboratory 190
Otorhinolaryngology Pediatric 9
Otorhinolaryngology Infection 3
Otorhinolaryngology Chest diseases 7
Otorhinolaryngology Endocrinology 5
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sist of consultation values that are number of intra-movements in
hospital.

Our study had two main restrictions. First of all, the hospital
facility layout must consider the cost associated with patient
movements and the movements of the accompanying people but
we did not consider the number of accompanying people as it
was impossible to reach valid data. Secondly, doctors, medical
and non-medical staff were not considered since their movements
are directly dependent on the needs of the primary travel entities.

3. Methods

3.1. Migrating birds optimization algorithm

MBO firstly proposed by Duman et al. in 2012 [26]. MBO is
inspired from energy saving of migrating birds in V formation fly-
ing. This algorithm is designed for discrete problems and tested on
QAP problems which are based on real life problems.
Most common flying style of the migrating birds is V forma-
tion to be able to fly longer distances. It is known that basic
instinct of this formation is energy saving. Leader bird is the
one which spends the most energy in V formation. Other birds
can fly longer by the wind energy created by wing moves of bird
that in front of.

The MBO algorithm has been used for solving many prob-
lems such as flow shop problem [27–32], credit card fraud
detection problem [33], knapsack problem [34], travelling sales-
man problem [35,36], two-way number partitioning problem
[37], robotic U-shaped assembly line balancing problem [38]
in the literature.

The MBO algorithm is started with randomly generated initial
solutions and these solutions are tried to improve at every step.
Swap, insert and inverse operations are used generate candidate
solutions for neighbor to improve the current solutions. Then, the
generated candidate neighbor solutions is shared with the solution
that following it. Each current solutions are compared to the best
neighbor solution. If the neighbor solution is better than the cur-
rent solution, the neighbor solution replaces with the current solu-
tion. In addition, a leader replacement is carried out at certain
times to transfer better solutions to both sides of the flock. The
MBO algorithm consists of the initial population generation, candi-
date solution generation, neighbor sharing process and leader
replacement stages.
3.1.1. Initial population generation
The MBO algorithm is started with initial solutions that ran-

domly generated and try to improve these solutions. One of these
solutions is assigned as leader bird and rest solutions are placed on
left and right side of the leader bird. Thus, the initial population is
generated like Fig. 2.

In the initial population each bird represents a solution.



Fig. 2. Initial population of the MBO.

Fig. 4. Neighbor sharing for k = 3 and p = 1.
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3.1.2. Candidate solution generation
The MBO algorithm uses swap, insert and inverse operations to

generate candidate neighbors for local search. In this study, candi-
date neighbor solutions are generated with swap operation of
selected two positions randomly from the current solution. Num-
ber of candidate neighbor solutions for leader bird and number
of candidate solutions for rest birds are different because of the
structure of the MBO algorithm. Number of candidate neighbor
solutions are calculated according to the Eqs. (2)–(4) [36].

k 2 Nþ; k � 3; k ¼ 3;5;7;9; � � �f g ð2Þ

p 2 Nþ;1 � p � k� 1ð Þ=2 ð3Þ

r ¼ k� p ð4Þ
where, k is number of neighbor solutions of the leader bird, r is
number of neighbor solutions of other birds which except leader
bird, p is number of neighbor sharing.

An example of generating candidate neighbor solution with
swap operation is shown in Fig. 3 [36].

3.1.3. Neighbor sharing process
Neighbor sharing process is a specific feature of the MBO algo-

rithm that distinguish the MBO from other meta-heuristic algo-
rithms. This feature provides interaction of all birds in the flock.
Neighbor solutions of the leader bird are shared to left and right
side. Neighbor solutions of the other birds are shared to only
own side. According to Eq. (2), k neighbor solutions are generated
for leader bird. These k neighbor solutions are evaluated according
to objective function and they are sorted from the best solution to
the worst solution. The best solution is compared with the current
solution of the leader bird. If the neighbor solution is better than
the current solution, the neighbor solution replaces the current
solution. Remaining p neighbor solutions are transferred to the
bird which is following on left side of the leader bird. After these
processes, the remaining neighbor solutions (if any) are discarded.
r neighbor solutions are generated for the bird at the left rear posi-
tion of the leader and added p solutions which are coming from the
leader. These p + r solutions are evaluated and sorted from best to
worst. The best neighbor solution is compared with the current
solution of this bird. If the neighbor solution is better than the cur-
Fig. 3. Neighbor solution generation.
rent solution, the neighbor solution replaces the current solution.
Remaining p solutions are transferred to the following bird and
other neighbor solutions are discarded. This process is applied to
the right side of the flock too. Neighbor sharing is repeated until
the end of the flock. Neighbor sharing is shown in Fig. 4 [36].

3.1.4. Leader replacement
In the MBO algorithm, a flap parameter (f) is used to keep indi-

viduals in the same sequence for a certain period of time. Then, lea-
der replace processing is applied. First replacement is applied to
the left side of the flock. While the leader is sent behind the left
side of the flock, another bird that follows the leader is replaced
by the leader. Thus, a new sequence is created and parameter m
is reset. The next replacement is applied to the right side of the
flock. This process is continued until the algorithm is terminated.
Leader replacement process is shown in Fig. 5 [36].

The pseudo code of the MBO algorithm is given in Algorithm 1
as follows:

Algorithm 1. The pseudo code of the MBO algorithm

Generate random initial population
Repeat

Repeat
Generate k neighbors for leader
Generate r neighbors for other solutions
Share best p neighbors to rear solution
If (best neighbor solution < current solution)
Current solution = neighbor solution

Until flap value
Replace leader

Until termination criterion
Return best solution in the flock
Fig. 5. The leader replacement.
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3.2. Tabu search algorithm

The TS algorithmwas first proposed by Glover for combinatorial
optimization problems in 1989 [39]. In the literature, the TS algo-
rithm has been used in many different optimization problems such
as vehicle routing problem [40], flow shop problem [41], traveling
salesman problem [42].

In the TS algorithm, a single solution is generated and tried to
find the global optimal solution by applying local search tech-
niques like swap and insertion operations. There are usually two
different memory structures in the TS algorithm. These are short-
term memory and long-term memory structures. The short-term
memory allows the selection of the best possible move to generate
a new solution and prevents some solutions from being generated
which are called tabu. In this way, the TS algorithm avoids from
local optimum and finds global optimum. When the predeter-
mined iteration value is reached, the specified tabu is broken and
previously found solution can be selected again as a solution.
Throughout the search process, the best solution found by the TS
algorithm is taken into the long-termmemory and all the solutions
generated are compared with the best solution. If there is a better
solution than the best solution, the long-term memory is updated.

The pseudo code of the TS algorithm is given in Algorithm 2 as
follows:

Algorithm 2. The pseudo code of the TS algorithm

Generate randomly initial solution. Set this solution as the
current solution and the best solution.

Repeat
Find neighboring solutions using local search techniques.
Select a neighboring solution that non-tabu or meets tabu

break criteria, even if it is tabu.
If the new solution is better than the current solution, set the

new solution as tabu.
If the new solution is better than the best solution, set the

new solution as the best solution.
Until termination criterion
Fig. 6. Permutation coding for a solution.
3.3. Simulated annealing algorithm

SA algorithm is proposed by Kirkpatrick et al. for the solution of
combinatorial problems [43]. The SA algorithm is designed to find
global optimum by avoiding local solutions for functions with mul-
tiple variables. This algorithm takes this name due to the fact that
it exemplifies the perfect arrangement of atoms and minimizes
potential energy while cooling solid objects. The process of heating
the solid to the melting point and then cooling it slowly until it
crystallizes in the perfect lattice structure is called annealing.
Annealing is achieved in three stages: heating the material to a cer-
tain temperature (heating), keeping this temperature for a suitable
period (waiting) and reducing the temperature in a controlled
manner (cooling). During heating, the particles in the solid object
are randomly transformed into liquid form, and when properly
cooled, the crystal particles of regular structure are formed.

The physical annealing process is based on the method of
Monte Carlo by Metropolis et al. [44] At a given temperature T,
the probability distribution of the system energies is determined
according to Eq. (5).

P Eð Þ ¼ e�E=ðkTÞ ð5Þ
where, E is the system energy and k is the Boltzmann constant.

In case of a slight change in the state of the system, the new
energy of the system is calculated according to the Metropolis
algorithm. The current state of the solid with E1 energy is mechan-
ically changed by displacement of a randomly selected small part
and the energy level E2 is switched to the other state. If the energy
is reduced (DE = (E2-E1) < 0), the system changes to this new state.
If the energy is increased (DE > 0), it is decided whether or not to
accept the energy state E1 according to Eq. (6). A uniform number
is generated (ɤe[0,1]). If the condition given in Eq. (6) is provided,
the new solution is accepted as the existing solution. Otherwise,
the existing solution is not changed.

c 6 eDE=T ð6Þ
where, DE is the difference between the energy levels of the two
states. This acceptance criterion is known as the Metropolis crite-
rion. According to Eq. (5), for all energy states at high temperatures,
P(E) converges to 1. With a small probability, the systemmay have a
high energy level, even at low temperatures.

Simulated annealing algorithm has provided successful results
in vehicle routing [45–47], feature selection [48] traveling sales-
man problem [49], facility layout problems [50] and job shop
scheduling [51].

The pseudo code of the SA algorithm is as follows:
Algorithm 3. The pseudo code of the SA algorithm

The pseudo code of the SA algorithm as follow.
Generate randomly initial solution Si
Repeat

Generate a neighbor solution Sn
if (Sn better than Si)
Set the Sn as existing solution

else if (random(0,1) < eDE/T)
Set the Sn as existing solution

Update T
Until termination criterion
4. Implementation of meta-heuristics to the hospital facility
layout problem

The problem addressed in this study is a discrete problem. TS,
SA and MBO meta-heuristics are designed for discrete problems.
Therefore, there is no change in the structure of algorithms to solve
the hospital facility layout problem. In the solution of this problem,
the polyclinic codes given in Table 1 are arrayed randomly. The size
of this array is equal to the number of fields (32) which is shown in
Fig. 1. The index of array shows the number of the area where the
polyclinic is placed. The value in the array is the polyclinic number.
An example arrangement of polyclinics are shown in Fig. 6.

In Fig. 6, the polyclinic 2 is placed in area 0. After all polyclinics
are placed in the available areas, the fitness of the solution is eval-
uated according to Eq. (1). The solution is evaluated that consider-
ing the distance from the area where the polyclinics placed are
distance to entrance of the hospital, number of patients coming
to polyclinics, patient consultation between polyclinics and dis-
tance between polyclinics.



956 V. Tongur et al. / Engineering Science and Technology, an International Journal 23 (2020) 951–959
Example. Assume that four polyclinics (A, B, C, D) will be placed in
five equal areas. In the Tables 4–6 the number of patients coming
to the polyclinics, the patient consultations between the polyclin-
ics, the areas to be placed and the distances to the hospital
entrance are given respectively.

In Table 4, polyclinic B is shown as two separate polyclinics
because it has double the amount of the area to be placed. The
number of patients in Table 4 represents the y variable in Eq. (1).

In Table 5, columns 2 and 3 represent the same polyclinics (B)
and need to place in the adjacent area. Therefore, the number of
consultations among themselves is very large (500). Table 5 repre-
sents matrix z in the Eq. (1).

According to the sample solution, the polyclinic 4, 2, 5, 1 and 3
are placed in the 1st, 2nd, 3rd, 4th and 5th areas respectively.

Table 7 represents matrix t in the Eq. (1). A sample solution is as
follows.
Ta
Th

Ta
Nu

Ta
Th

Ta
Siz
4

ble 7
e distance between

1

1 0
2 5
3 10
4 10
5 20
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No 1 2
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2 14 0
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10 2
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s.

g consultations

3 4 5

75 16 8
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9 0 6
3 4 0

e to the entrance (
3

5. Parameter settings

In order to obtain the best solution from the polyclinic place-
ment problem, parameter settings are performed for both algo-
0
0
0
0

2)

5
1
1
3

x)
rithms. In parameter settings, the TS and the MBO algorithms are
run 30 times independently and the parameters are selected
according to the average of the best results.

5.1. MBO parameter setting

Four parameters of the MBO algorithm is examined. These
parameters are population, flapping, neighborhood, and sharing.

In Table 8, the population parameter is evaluated with values of
31, 41, 51 and 61, respectively. Flap, neighborhood and sharing
parameters are fixed to 20, 3, and 1 respectively. As can be seen
from Table 8, the best average value is obtained at population = 61.
As can be seen from Table 9, the best average value is obtained at
flap = 20.

In Table 9, the flap parameter is evaluated with values of 20, 30,
40 and 50, respectively. Population, neighborhood and sharing
parameters are fixed to 61, 3, and 1 respectively.

In Table 10, the neighbor parameter is evaluated with values of
3, 5, 7 and 9, respectively. Population, flapping and sharing param-
eters are fixed to 61, 20, and 1 respectively.

As can be seen from Table 10, the best average value is obtained
at neighbor = 3. Due to the structure of the MBO algorithm, the
minimum value of the neighbor parameter can be assigned as 3.
According to Eq. (3), if k = 3, sharing parameter (p) can be only 1.
Therefore, the sharing parameter is not examined and its value is
assigned as 1.

According to the results obtained from parameter examining,
the best parameters of the MBO algorithm are given in Table 11.

5.2. TS parameter setting

Three parameters of the TS algorithm is examined. These
parameters are tabu length, penalizing long term and long term
length.
Table 8
Parameter setting of population.

Fixed Parameters Population Value Fitness Average

Parameter Value

Flap 20 31 10447906,36
Neighbor 3 41 10381691,10
Share 1 51 10340931,30

61 10290411,95

Table 9
Parameter setting of flap.

Fixed Parameters Flap Value Fitness Average

Parameter Value

Population 61 20 10237226,00
Neighbor 3 30 10276514,80
Share 1 40 10302385,16

50 10256843,93

Table 10
Parameter setting of neighbor.

Fixed Parameters Neighbor Value Fitness Average

Parameter Value

Population 61 3 10224274,63
Flap 20 5 10275422,16
Share 1 7 10305902,26

9 10269521,46



Table 12
Parameter setting of tabu length.

Fixed Parameters Tabu length Value Fitness Average

Parameter Value

Penalizing long term 10 10 11324841,17
20 11162676,17

long term length 100 30 11000655,80
40 11293772,77

Table 11
Best parameters for the MBO.

Parameters Value

Population 61
Flap 20
Neighbor 3
Share 1
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In Table 12, the tabu length parameter is evaluated with values
of 10, 20, 30 and 40, respectively. Penalizing long term and long
term length parameters are fixed to 10 and100 respectively. As
can be seen from Table 12, the best average value is obtained at
tabu length = 30.

In Table 13, the penalizing long term parameter is evaluated
with values of 5, 10, 15 and 20, respectively. Tabu length and long
term length parameters are fixed to 30 and 100 respectively. As can
be seen from Table 13, the best average value is obtained at penal-
izing long term = 20.

In Table 14, the long term length parameter is evaluated with
values of 80, 90, 100 and 110, respectively. Tabu length and penal-
izing long term parameters are fixed to 30 and 20 respectively. As
can be seen from Table 14, the best average value is obtained at
long term length = 80.

According to the results obtained from parameter examining,
the best parameters of the TS algorithm are given in Table 15.
Table 13
Parameter setting of penalizing long term.

Fixed Parameters Penalizing long term Fitness

Parameter Value Value Average

tabu length 30 5 11163703,20
10 11391734,70

long term length 100 15 11268983,43
20 11133762,73

Table 14
Parameter setting of long term length.

Fixed Parameters long term length Fitness

Parameter Value Value Average

tabu length 30 80 10979237,50
90 10991142,00

penalizing long term 20 100 11203672,33
110 11203930,57

Table 15
Best parameters for the TS.

Parameters Value

tabu length 30
penalizing long term 20
long term length 80
6. Experimental results

It is not possible to compare the results of this problemwith the
results of benchmark problems in literature because this is a speci-
fic and special problem. Therefore, this problem is solved with not
only the MBO but also the TS and SA to ensure accuracy of the
results. Experiments are run with Intel(R) Core(TM) i5-3330 CPU
@ 3.00 GHz processor, 4 GB RAM and Linux Ubuntu 14.04 (64-
bit) operating system. All algorithms are coded with QT Creator
3.0.1 gcc compiler and C++ language. Algorithms are independently
run 30 times in order to make sure the results. Runtime of each
experiment is 120 s. 120 s are considered to be sufficient for both
algorithms according to parameter settings. Polyclinic layouts
obtained from the experiments of the MBO, TS and SA are given
in Table 16.

According to Table 16, the best result of the MBO and SA algo-
rithms are 10142848. On the other hand, according to Table 16, the
best result of the TS algorithm is 10254893. This result is about
1.1% worse than the MBO and SA algorithms.

The existing polyclinic layout and polyclinic layout obtained
best result from the MBO and SA algorithms are given in Table 17.

According to Table 17, polyclinics 0–3 are placed to the 0th floor
of C-Block. According to the number of consultation, it seems that
there is flow from each polyclinic to laboratories. When examined
consultation numbers of the polyclinics and distance to the labora-
tories, the laboratories are placed to the 0th floor of C-Block may be
considered reasonable. Polyclinics 6 and 7 are placed to 0th floor of
B-Block, polyclinics 13 and 14 are placed to 0th floor of A-Block and
polyclinics 25 and 26 are placed to 1st floor of A-Block. As seen in
Table 17, the proposed polyclinic layout and the existing polyclinic
layout are almost completely different except policlinics 10 and 17.
They are placed to 1st floor of B-Block in both cases. In addition,
the fitness values of the proposed layout and the existing layout
are given in Table 17. According to the proposed layout, the current
layout has been improved by about 58%.

Also, convergence curves of the MBO, TS and SA algorithms are
given Figs. 7, 8 and 9, respectively.

According to Figs. 7, 8 and 9, convergence rate of the MBO and
TS algorithms are close to each other and more speed than SA algo-
rithm. However, obtained results from the SA algorithm are better
than the MBO and TS algorithms according to the average and
worst results.
Table 16
The results obtained from the MBO, TS and SA.

Algorithms

MBO TS SA

Min. 10142848,0 10254893,0 10142848,0
Avg. 10236612,3 11054017,2 10158816,4
Worst 10652953,0 11872804,0 10331538,0

Table 17
Existing and proposed polyclinic layout.

Block Floor Proposed Polyclinic Layout Existing Polyclinic Layout

A-Block 0 13, 14, 29, 8 29, 23, 30, 22
1 26, 25, 5, 12 8, 16, 24, 31

B-Block 0 4, 6, 7, 11 15, 18, 19, 28
1 10, 27, 17, 23 10, 11, 17, 21

C-Block �1 19, 16, 31, 22 12, 20, 4, 5
0 2, 0, 3, 1 6, 7, 9, 27
1 18, 9, 15, 24 13, 14, 25, 26
2 21, 28, 30, 20 0, 1, 2, 3

Fitness Value 10, 142, 848 17, 433, 012



Fig. 8. Convergence curves of the TS.

Fig. 9. Convergence curves of the SA.

Table 18
p-values obtained from Wilcoxon test.

p-values

MBO&TS MBO&SA SA&TS

0 0,149 0

Fig. 7. Convergence curves of the MBO.
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The results obtained from all three meta-heuristics are exam-
ined statistically. Wilcoxon test is used in this study to test
whether there is a significant difference between the methods used
[52]. There is no significant difference between the two methods
compared according to the H0 hypothesis. There is a significant dif-
ference between the two methods compared according to the
alternative hypothesis H1. Acceptance rate of H0 hypothesis is
determined as 95%. That is, if the difference between the two
methods is less than 5% (a = 0,05), there is a significant difference
between the two methods. The results of the methods at 5% signif-
icance level are given in Table 18.
According to Table 18, there is no significant difference between
the MBO and SA algorithms (0,149 > 0,05). On the other hand, it is
seen that there is a significant difference between the MBO and TS
algorithms and the TS and SA algorithms (0 < 0,05).
7. Conclusion and discussion

Optimization problems are real life problems which we can face
in several areas in our daily life. Nowadays, generally meta-
heuristic algorithms are mostly used in solution of these optimiza-
tion problems. Placing the facilities in suitable areas in the facility
layout problem increases operational efficiency by reducing pro-
duction costs, processing process and delivery times. The way the
polyclinics are placed within the hospital has an important role in
determining the transportation times of the patients and the hos-
pital staff. It is the time of transportation for a patient is to come
directly to the polyclinic for treatment or to be served from one
polyclinic to another polyclinic. The prolongation of these trans-
portation times leads to a long hospital stay and a decrease in hos-
pital efficiency. Therefore, correct placement of these outpatient
clinics ensures the best use of the medical workforce, minimizing
the unnecessary distance between patients, staff and visitors and
increasing hospital productivity. In the study, we used the MBO,
SA and the TS meta-heuristics for the polyclinic layout problem
of a big scaled hospital. According to the obtained results of the
experiments, success of the MBO, SA and the TS algorithms on
facility layout problems are tested on a real life problem and it is
seen that total cost of the MBO and SA algorithms much better
than the TS algorithm. When the fitness value obtained from
experimental results is compared with the existing fitness value,
it is seen that the efficiency is 58% better. As a result, meta-
heuristics can be used in polyclinic layout problem for hospitals.
For future work, some assumptions and constraints can be added
to the problem. Such as an inpatient has several appointments in
several polyclinic or some inpatients requires assistance staff for
their transfer with wheelchairs and stretchers. Discharge opera-
tions of inpatients also can be considered.
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