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Abstract

The location allocation decisions for hospitals and clinics are essential to communities. Ensuring
that these facilities are firstly, accessible to patient populations and secondly, equitably distributed
such that each patient population travels equal or similar distances to their nearest facility is impor-
tant to urban planning and development. This study thus developed a multi-objective optimisation
approach to locate public primary care facilities such that the objectives of accessibility and equity
are achieved. The first model formulated the accessibility objective using the p-median location
problem and the equity objective using the p-center problem. The second model formulated the
accessibility objective using the p-median problem and the coverage objective using the maximal
coverage location problem. The trade-offs between the accessibility and equity objectives were
investigated and mapped on a Pareto frontier. In the first model it was found that there was a
possible trade-off between accessibility and equity, because as equity increased, accessibility de-
creased. In the second model it was found that there was a trade-off between accessibility and
equity until a specific maximum allowable distance value between a facility and the demand points
it serves, thereafter a trade-off no longer existed, because as equity increased, access increased for
those demand points covered at the expense of those demand points not covered.
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Chapter 1

Introduction

1.1 Research Background

Public healthcare institutions such as hospitals and clinics play an important role in communities.
Their locations and demand allocations are of importance to urban planning and development due
to an increasing demand for healthcare as a result of population growth [24]. Sub-optimal facility
location decisions have serious impacts on a community beyond simple cost and service metrics.
Healthcare facilities which are inaccessible and inequitable in terms of travelling distances are likely
to be associated with increased mortality and illness [1]. It is therefore necessary to determine the
optimal number and location when establishing new facilities, such that objectives like accessibility,
efficiency, equity and cost-efficiency are achieved [24].

A primary care facility (PCF) is a healthcare facility like a clinic or hospital that provides
first-contact care such as early diagnosis, timely and effective treatment [1]. Primary healthcare is
widely regarded as the backbone of a national healthcare system [18]. Access to primary health-
care is considered a fundamental human right and a key facilitator in the attainment of overall
population healthcare outcomes [22]. The right to healthcare is provided for in three sections of
the South African constitution. These provide for access to healthcare services including reproduc-
tive health, emergency services and basic healthcare for all citizens [9]. Furthermore the National
Development Plan has as one of its goals to strengthen access to primary healthcare services and
broaden district-based healthcare programmes [8].

In developing countries like South Africa, primary healthcare must be accessible to the vast
majority of the population to be successful [21]. Poor access to primary care is often associated
with adverse pregnancy outcomes, infant mortality, reduced immunisation and vaccination rates.
Furthermore, inaccessibility to clinics may also affect adherence to treatment regiments for chronic
diseases such as TB [21]. Primary care is considered as the first level of contact of individuals,
the family and the community with the national health system [22]. Primary health care brings
healthcare as close as possible to where people live and work and constitutes the first element of a
continuing healthcare process [22]. In the majority of health systems across the world, people often
seek care from their primary physicians before seeking care anywhere else [18]. It has been shown
that health is better in areas with more primary care physicians and that people who receive care
and treatment from primary care facilities are healthier [18].
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This study will focus specifically on public PCF location problems. In managing the location
allocation of public healthcare facilities, it is important to consider accessibility and equity [24].
Accessibility is achieved when the weighted distance between demand points and their assigned fa-
cilities is minimised. This is so that the total distance travelled by the entire population of patients
is minimised such that there is geographic accessibility and efficiency in the utilisation of healthcare
services [15]. Equity is achieved when the maximum distance between all demand points and their
assigned facilities is minimised [24] or the total weight of demand coverage is maximised [7]. This is
so that each patient population travels an equal or similar distance to access their assigned facility
such that there is fairness and equity in travelling to their nearest healthcare facility [15]. The
demand or weighted demand is defined as the size of the population or the number of people who
require access to public healthcare services [1].

Three problem formulations form the basis of discrete facility location problems (FLPs) in this
study.

• The p-median location problem (PMLP) locates p number of facilities at candidate points
such that the sum of the weighted distance (or time) between demand points and facilities
which serve them is minimised [2].

• The p-center location problem (PCLP) locates p number of facilities such that the maximum
travel distance (or time) between all demand points and their assigned facility is minimised
[11].

• The maximal coverage location problem (MCLP) locates facilities such that the weighted
demand covered within a pre-specified maximum coverage distance is maximised [11].

The PMLP focuses on efficiency and accessibility in location allocation [10]. The PCLP focuses
on providing an equitable solution with an objective function that minimises the maximum distance
between demand nodes and the allocated facility [10]. The MCLP focuses on providing either an
equitable or accessible solution based on its variation and use [7,24]. Thus in choosing one model,
a trade-off is made between accessibility, efficiency and equity. It is thus often the case that facility
location problems particularly for public facilities are multi-objective.

1.2 Problem Statement

Single objective facility location models do not adequately consider the complexity of the public
PCF location allocation problem nor do they take into account that these problems have multiple
and often conflicting objectives that must be optimised. Multi-Objective facility location problems
(MOFLPs) are required to solve location allocation problems with multiple objectives. A multi-
objective optimisation approach is thus required to solve the public PCF location problem such
that objectives such as accessibility and equity are achieved.
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1.3 Research Questions and Objectives

1.3.1 Research Question

• The primary research question is: Can a multi-objective optimisation approach provide
an efficient solution to the location allocation of a public PCF?

• The secondary research question is: What are the trade-offs between the accessibility
and equity objectives?

1.3.2 Research Objectives

• To develop a multi-objective optimisation model to solve the public primary healthcare facility
location problem.

• To investigate the trade-offs between the accessibility and equity objectives

1.4 Document Structure

The document is organised as follows. Chapter two provides a full literature review on MOFLPs;
a critical survey of similar work, the modelling approaches and solution methods used to solve
MOFLPs. Chapter three provides a conceptual design of the model developed, the method, data
and tools used in developing the model, as well the model verification and validation. Chapter four
provides the model results and analysis. Chapter five provides the conclusion of the study and the
recommendation for future work.
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Chapter 2

Literature Review

In this chapter, a literature survey is conducted. The purpose of this chapter is to provide a critical
literature survey of the location allocation of the public PCF problem.

2.1 Discrete Facility Location Problems

Facility location is a branch of operations research concerning the siting and locating of facilities
to serve a given demand in order to optimise (maximise or minimise) at least one objective func-
tion [11]. FLPs can be solved using optimal or heuristic models in order to attain efficient solutions.

There are two broad categories for discrete facility location problems. There are covering-based
problem and median-based problems. Covering-based problems assume that demand locations need
to fall within a pre-specified coverage distance (or time) from the facilities that serve them in order
to be covered [1]. Median-based problems locate facilities at candidate points so as to minimise the
weighted average distance (or time) between demand points and the facilities which serve them [1].
The PCLP and MCLP fall under the covering-based category and the PMLP and the fixed charge
location problem (FCLP) fall under the median-based category [1].

The PMLP locates p facilities such that the sum of the demand-weighted distances between
demand points and facilities that serve them is minimised [10]. Figure 2.1 illustrates the PMLP
where there are two facilities (p=2) and ten demand points. The facilities are located in such a way
that the demand-weighted sum of the network is minimised and thus minimising the quantity of
demand-weight that has to travel to its assigned facility. The PMLP however, does not consider the
inequity of travel distance that may exist between each demand point and the facility in the network.
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Figure 2.1: P-median Location Problem (PMLP)

The PCLP locates p facilities such that the maximum allowable distance between a demand
point and the facility that serve it, is minimised [10]. Figure 2.2 illustrates the PCLP where there
are three facilities (p=3) and six demand points. The facilities are located in such a way that each
demand point falls within the maximum allowable distance range between its assigned facility. This
ensures that there is equity of distance for all demand points and the facilities which serve them.

Figure 2.2: P-center Location Problem (PCLP)

The MCLP locates p facilities such that the weighted demand of all the points covered is
maximised [10]. The demand points however must fall within a pre-specified distance range between
the facility which serve them. Demand points that fall outside the range are considered not to be
covered. Figure 2.3 illustrates the MCLP where there are two facilities (p=2), seven demand points
covered and three demand points not covered. The MCLP can either ensure equity of distances or
accessibility depending on how it is defined and its variation in formulation [7, 24].

6



Figure 2.3: Maximal Coverage Location Problem (MCLP)

2.1.1 P-median Location Problem

The basic formulation of the PMLP [1] is as follows:

Sets:
I : The set of demand points
J : The set of candidate facilities

Input Parameters:
dij : The travel distance between demand point i ∈ I and candidate facility j ∈ J
wi : The weight of the demand at demand point i ∈ I
p : The number of facilities to be selected

Decision variables:
xij : 1, if demand i ∈ I is assigned to candidate facility j ∈ J ; 0, otherwise
yj : 1, if candidate facility j ∈ J is opened; 0, otherwise

Formulation:

min z =
∑

i∈I
∑

j∈J widijxij (2.1)

Subject to: ∑
j∈J yj = p (2.2)

∑
j∈J xij = 1, ∀ i ∈ I (2.3)

xij ≤ yj , ∀ i ∈ I and j ∈ J (2.4)

xij ≥ 0, ∀ i ∈ I and j ∈ J (2.5)

yj ∈ {0, 1}, ∀ j ∈ J (2.6)
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The objective function, Eq.(2.1) minimises the sum of the weighted distances between selected
facilities and the demand points they serve. Eq.(2.2) ensures that only p amount of facilities are
selected. Eq.(2.3) ensures that a demand point is assigned to only one facility. Eq.(2.4) ensures
that demand is assigned to a selected facility. Eq.(2.5) and Eq.(2.6) ensure that the binary is
adhered to.

2.1.2 P-center Location Problem

The basic formulation of the PCLP [1] is as follows:

Sets:
I : The set of demand points
J : The set of candidate facilities

Input Parameters:
dij : The travel distance between demand point i ∈ I and candidate facility j ∈ J
wi : The weight of the demand at demand point i ∈ I
p : The number of facilities to be opened

Decision variables:
xij : 1, if demand point i ∈ I is assigned to facility j ∈ J ; 0, otherwise
yj : 1, if candidate facility j ∈ J is opened; 0, otherwise
dmax : The maximum allowable distance between each demand point the facility which serves it

Formulation:

min z = dmax (2.7)

Subject to: ∑
j∈J yj = p (2.8)

∑
j∈J xij = 1, ∀ i ∈ I (2.9)

xij ≤ yj , ∀ i ∈ I and j ∈ J (2.10)

dijxij ≤ dmax, ∀ i ∈ I and j ∈ J (2.11)

xij , yj ∈ {0, 1},∀ i ∈ I and j ∈ J (2.12)

The objective function, Eq.(2.7) minimises the maximum allowable distance between all demand
points and the facilities which serve them. Eq.(2.8) ensures that only p amount of facilities are
selected. Eq.(2.9) ensures that a demand point is assigned to one facility. Eq.(2.10) ensures that
demand is assigned to a selected facility. Eq.(2.11) ensures that the distance between a demand
point and its assigned facility is less than or equal to the maximum allowable distance. The
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maximum allowable distance is constrained such that the distance between demand points and
their assigned facility falls within the distance range. Eq.(2.12) ensures the binary is adhered to.

2.1.3 Maximal Coverage Location Problem

The basic formulation of the MCLP [1] is as follows:

Sets:
I : The set of demand points
J : The set of candidate facilities
N : The set of candidate facilities which can cover the demand point [j ∈ J given dij ≤ r]

Input Parameters:
dij : The travel distance between demand point i ∈ I and candidate facility j ∈ J
wi : The weight of the demand at demand point i ∈ I
p : The number of facilities to be selected
r : The maximum allowable distance range between a demand point and the facility which serves it

Decision variables:
ci : 1, if demand i ∈ I is assigned to a selected facility; 0, otherwise
yj : 1, if candidate facility j ∈ J is selected; 0, otherwise

Formulation:

max z =
∑

i∈I wici (2.13)

Subject to: ∑
j∈J yj = p (2.14)

∑
j∈N yj ≥ ci,∀ i ∈ I (2.15)

ci, yj ∈ {0, 1},∀ j ∈ J (2.16)

The objective function, Eq.(2.13) ensures that the sum of the weighted demand points covered is
maximised. Eq.(2.14) ensures that only p amount of facilities are selected. Eq.(2.15) that demand
is assigned to a selected facility. The model can however choose not to assign a demand point to a
facility if the demand point does not fall into the specified distance range. Eq.(2.16) ensures that
the binary is adhered to.

2.2 Multi-Objective Decision Making

Multi-Objective decision making (MODM) or also referred to as multi-criteria decision making, is
the evaluation of a set of possible courses of action or alternatives. The evaluation may result in
the selection of a preferred alternative, ranking alternatives from best to worst or separating alter-
natives into categories. The set of alternatives may be explicitly defined and discrete in number or
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implicitly defined via constraints in a mathematical programming formulation or weightings in the
objective function [15].

Many techniques have been used to solve MODM problems. Optimisation methods are widely
used, while other methods include geographic information system (GIS) and simulation modelling.
Simulation modelling is rarely used in literature and GIS is typically used in conjunction with
other optimisation methods [11]. The most widely used optimisation methods are global criterion
method, utility function, bounded objective method, sequential multi-objective problem solving,
iterative goal programming, genetic algorithms and simulated annealing [11]. Classical approaches
like utility function, bounded objective method and goal programming attempt to convert multi-
objective problems into a single objective problem and optimise a new single objective problem.
Pareto optimal approaches like iterative goal programming and sequential multi-objective optimi-
sation produce a set of solutions. If the problems are too complex, then they are typically solved
using an evolutionary algorithm like a genetic algorithm [11].

FLPs have historically been rooted in single objective formulation; however as the use of multi-
objective techniques have become widely used in operations research, they have also been adopted
in solving FLPs [11]. This is because decision makers have realised that some FLPs are too complex
and thus require the consideration of more than one objective. This is particularly the case for the
location optimisation problem for public facilities. Application areas for MOFLPs include loca-
tion allocation problems for warehousing, waste disposal, street lighting, cell phone towers, WIFI
hotspots and emergency and humanitarian relief efforts such as shelters, medical centers and water
points [11].

2.2.1 Modelling Approaches

A multi-objective mixed integer program (MIP) is an approach that optimises more than one
objective in a selection problem [16]. In contrast to a single objective optimisation problem the
notion of one optimal solution is not the case in a multi-objective optimisation problem. A solution
that proves best for one objective may rate poorer on another objective. Therefore multi-objective
optimisation approaches should always render efficient points or Pareto optimal points. In most
cases this means that if one objective is improved the other is deteriorated. These solutions are
mapped on a Pareto frontier and thus the decision maker can visually see the trade-offs between
improving one objective over another.

2.2.2 Multi-Objective Optimisation

The constraint method

The Pareto frontier is a plot of the ordered collection of the efficient points of a multi-objective
model [16]. The set of points is constructed through iterative optimisations of the model. This can
be done through the constraint method where one objective is optimised while the other objectives
are constrained through a range of feasible values [15]. This is particularly suited to problems
with only two objectives. This is achieved by enforcing new constraints each time the model is
iterated for one objective while the other objective is optimised and is essentially treated like a
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single-objective optimisation problem [16].

The constraint method or ε-constraint method optimises the single most important objective
function while the other objective functions are constrained such that they form the lower and
upper bounds for the objective function [13]. The lower bound can be obsolete unless the intent is
to achieve a goal or fall within a range of values, rather than to determine a minimum [13].

For example, assume the following MODM problem [14]:

max z = (F1(x), F2(x), F3(x), Fn(x)) (2.17)

Subject to:

x ∈ S (2.18)

where x is the vector of decision variables and F1(x), ..Fn(x) are the n number of objective
functions and S is the feasible region. Using the constraint method the problem will be formulated
as follows [14]:

max z = F1(x) (2.19)

Subject to:

F2(x) ≥ ε2 (2.20)

F3(x) ≥ ε3 (2.21)

Fn(x) ≥ εn (2.22)

x ∈ S (2.23)

where x is the vector of decision variables, F1(x), ..Fn(x) are the n number of objective functions,
ε1, ..., εn are the bounds for each constrained objective function and S is the feasible region.

The pre-emptive method

When a multi-objective problem has more than one constraint it is computationally impractical
to construct a Pareto frontier. Thus, to obtain useful solutions, the problem is converted into a
single-objective formulation using the pre-emptive method or the weights method [16].

The pre-emptive method performs multi-objective optimisation by considering objectives one
at a time by order of importance [16]. The most important objective is optimised first; then the
second objective and so on, subject to the preceding objective achieving its optimal value first.
This method recognises that not all objectives are of priority and thus optimises each objective by
priority [16].

The formulation [13] of a problem using this method is as follows:
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min z = Fi(x) (2.24)

Subject to:

Fj(x) ≤ Fj(xj∗), j = [1, 2, ..., i− 1, i ≥ 1] (2.25)

i = [1, 2, ..., k] (2.26)

x ∈ S (2.27)

where i represents an objective function’s position in the priority sequence and Fj(xj∗) repre-
sents the optimum of the jth objective function found in the jth iteration.

The weights method

The weights method performs multi-objective optimisation by combining all the objectives into a
single objective function to be optimised [16]. Positive weights are multiplied with objectives that
are to be maximised and negative weights are multiplied with objectives that are to be minimised
in a maximisation function, while the converse is done in a minimisation function [16]. The signs
ensure that the objectives are in the same direction while the weights reflect the objective’s relative
importance or priority.

The formulation [13] of a problem using this method is as follows:

max z = w1F1(x) + w2F2(x) + w3F3(x) + wnFn(x) (2.28)

Subject to:

x ∈ S (2.29)

where x is the vector of decision variables, F1(x), ..Fn(x) are the n number of objective functions,
w1, ..., wn are the weights of each function and S is the feasible region.

Goal Programming

Goal Programming is a multi-objective formulation that seeks to achieve a set of targets or goals [20].
Goal Programming allows decision makers to set target values that the objectives must achieve.
For example decision makers would set a minimum target distance between demand point and open
facilities. The objectives are therefore formulated as target or goals to which the solution must be
as close as possible to the target. A disadvantage of goal programming is that it introduces another
variable (the target/goals) that decision makers must set.

The goals in a goal programming model can be thought of as soft constraints. Soft constraints
are the targets that the model may violate in solving for a feasible solution [16]. Once the goal is
formulated as a soft constraint, it is then necessary to introduce a non-negative deficiency variable
to the model. For a target that the decision maker wishes to exceed, the deficiency variable is
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written as an under achievement that must be added; and for a target that the decision maker
wishes to minimize, the deficiency variable is written as an excess that needs to be subtracted.
The objective function of the model then minimises the sum of the deficiency variables. Lastly
non-negativity constraints are added such that the deficiency variables are not rendered negative
by the model. The formulation [16] is written as follows:

Input Parameters:
o1 : Objective 1 to be achieved
o2 : Objective 2 to be achieved
o3 : Objective 3 to be achieved
t1 : Target 1 set
t2 : Target 2 set
t3 : Target 3 set

Decision variables:
d1 : Deficiency variable 1
d2 : Deficiency variable 2
d3 : Deficiency variable 3

Formulation:

min z = d1 + d2 + d3 (2.30)

Subject to:

o1 − d1 ≤ t1 (2.31)

o2 + d2 ≥ t2 (2.32)

o3 + d3 − d3 = t3 (2.33)

d1, d2, d3 ≥ 0 (2.34)

Goal Programs can also be formulated using the pre-emptive and weights method [19]. In the
weights method the single objective function is the weighted sum of the functions representing the
goals. In the pre-emptive method the goals are prioritized and solved in order of importance. The
model then optimised the goals one at a time in order of priority [19].

2.2.3 Tools and Solution Methods

Mathematical formulations of MOFLPs such as goal programs and MIPs can be solved using
optimisation softwares such as CPLEX, Lingo, Xpress or Gams [1]. Heuristic and metaheuristic
methods can be solved by a tabu search, a genetic algorithm or simulated annealing. [1].
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2.3 Multi-Objective Facility Location

A comprehensive survey of healthcare FLPs was conducted by Ahmadi-Javid et al [1]. The review
provides a thorough classification of healthcare FLPs and surveys the literature on healthcare fa-
cility location in the last decade. The survey categorises healthcare facilities into non-emergency
and emergency locations. Non-emergency facilities are defined as first-contact care facilities and
specialised facilities like clinics, doctors offices and healthcare centers, blood banks and long-term
nursing homes. Emergency facilities are defined as trauma centers, emergency centers, ambulance
stations and temporary medical centers. Hospitals and clinics are classified as non-emergency facil-
ities thus the literature on emergency healthcare facilities was negligible for this review. Ahmadi-
Javid et al [1] classify hospitals that provide primary care or first-contact care as their main task
under the non-emergency category. However if a hospital focuses on a combination of emergency
and non-emergency tasks it was not classified as a PCF or under the non-emergency category.

Therefore this study will similarly focus on clinics and hospitals that provide primary care or
first-contact care as their main task. The survey was useful because it classified current literature
on PCF location problems by considering the solution method, modelling approach, basic model
formulation, constraints, decision variables, objective function(s), input data and if the problem
was multi-period and if it considered uncertainty. A summary of the literature surveyed is shown
in Figure 2.4.

2.3.1 Related Works

Mitropoulos et al [15] determined the locations of health centers and hospitals in Greece using a
multi-level bi-ojective model by considering two objectives. The two objectives were the minimisa-
tion of distance between patients and facilities, and the equitable distribution of facilities among
citizens. The problem was formulated using a multi-level variation of the the PMLP to achieve the
first objective and the classic PCLP for the second objective. Mitropoulos et al [15] argued that an
efficient healthcare system is one that maximises the social welfare by locating healthcare facilities
such that firstly the total travelling distance (and therefore travelling cost) is minimised and that
secondly that there is equitable and fair distribution of facilities such that patients with the same
health profile have equitable access to a facility.

The model firstly differentiated between hospitals and health centers and thus capacitated health
centers in terms of the number of patients a health center was allowed to serve and uncapacitated
hospitals. It then secondly considered patient preferences by first determining public preference be-
tween hospitals and health centers and thus estimated a parameter (α) that represented the patients
preference. The parameter was then used as an input for bi-objective location allocation model.
The model was solved by a MIP model using the constraint method with Xpress Solver to produce a
set of efficient solutions. The solutions were graphed on a Pareto frontier to determine the trade-offs
between the equity and efficiency objectives. The sets of solutions are further mapped using GIS
software and compared to existing health care facilities in Greece. The study found that there is
existed a trade-off between the accessibility and equity objective by constructing the Pareto frontier.

Burkey et al [7] examined the efficiency, service availabilty and equity objectives provided by
hospitals in the United States. Their study compared existing locations with optimal locations by
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minimising the distance between patient demand nodes and hospital facilities as well as maximising
the number of patients covered within a pre-specified distance. The first objective measured effi-
ciency while the second objective measured service availability. The problem was formulated using
the PMLP and the MCLP to achieve each objective respectively while the equity objective was
formulated and measured in terms of a Lorenz curve. Burkey et al [7] argued that accessibility of
service is measured in terms of both efficiency and service availabity; thus the distance a between
patient and a facility and the expected coverage of the population within a given amount of distance
or time.

This study is relevant as it combined two single-objective basic facility location problems into a
multi-objective formulation in order to locate public PCF facilities in order to ensure accessibility
in terms of efficiency and service availability. It did not however address the equity objective using
an FLP nor did it address the trade-offs between the objectives. This study was different from the
Mitropoulos et al, [15] study in the way it defined and formulated the objectives . Mitropoulos
et al, [15] formulates access (efficiency) and equity using the PMLP and PCLP while Burkey et
al [7] formulates efficiency, service availability and equity using the PMLP, MCLP and the Lorenz
curve respectively. Furthermore Burkey et al [7] found that when the goal was improving service
availability that an increase in availability resulted in reduced travel times for for the worst served
however this also resulted in increasing times for the majority and thus decreasing efficiency. In
contrast, when the goal was improving efficiency this resulted in increased availability.

Beheshiftar & Alimoahmmadi [4] determined optimal sites for new clinics by considering four
objectives. The four objectives were minimising total travel cost, minimising inequity in access
to clinics, minimising the land-use incompatibility in the study area and minimising costs of land
acquisition. The problem was formulated using the PMLP. The problem is solved using a combina-
tion of GIS and a non-dominated genetic algorithm approach in order to produce a set of efficient
solutions. This study was useful in identifying that a number of objectives can be used in solving
location problems for clinics as well as illustrating that a set of solutions can be achieved by chang-
ing the variable p. The study did to some extent discuss the trade-offs between objectives.

Zhang et al [24] determined optimal locations for public healthcare facilities in Hong Kong by
considering four objectives. The four objectives were maximising the accessibility for the entire
population, minimising the inequity of accessibility, minimising the uncovered population and min-
imising the cost of building new facilities. The problem was formulated using the PCLP, fixed
charge location problem (FCLP) and a variation of the MCLP. It was solved using a genetic algo-
rithm to produce a set of efficient solutions. The study further evaluated the trade-offs between
conflicting objectives.

Although the study done by Sahin et al [17] did not focus specifically on public PCFs but
rather on the location of blood banks in Turkey, it was useful for this literature review because
the location of blood banks is classified under the non-emergency category. Furthermore the study
made use of a hierarchical PMLP and a set covering location problem (SCLP) to achieve the access
and equity objectives respectively. The model was developed and solved as a MIP in CPLEX. The
study however did not critically investigate the trade-offs between the objectives.
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Similarly Bruni et al [6] located transplant centers (also classified as non-emergency facilities)
in Italy. The study made use of the PMLP to achieve the efficiency objective and set a maximum
distance as a constraint in the model between a demand node and a facility in order to achieve the
equity objective. The model was developed and solved as a MIP in Lingo. This study too, did not
investigate the trade-offs between objectives.

Similarly, the study done by Karatas & Yakici, [12] did not focus specifically on a public PCFs,
it combined the objectives of the PMLP, PCLP and MCLP to develop a methodology for solving a
MOFLP for public emergency service stations. The study found a set of efficient solutions using a
combination of a branch and bound method and an iterative goal programming algorithm. Wichapa
& Khokhajaikiat, [23] used fuzzy analytical hierarchy process and goal programming to determine
optimal locations for infectious waste disposal facilities.

Figure 2.4: Summary of Related Works

In problems of locating public healthcare institutions, various objectives have been considered.
It is clear that the majority of the literature reviewed agree that in locating PCFs there is a trade-off
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between the accessibility, efficiency, equity and cost objectives. The most crucial objective is firstly
that of accessibility and efficiency [7, 15]. The differences are in the definitions of accessibility and
efficiency. Some papers differentiate between efficiency and accessibility and some papers assume
that accessibility is equal to efficiency. Mitropoulos et al, [15] consider accesibility and efficiency
to be the same because geographic access to healthcare services correlate with utilisation of these
services. While Burkey et al [7] consider accessibility to be equal to efficiency and service avail-
abity thus minimising the total distance and maximising coverage. This difference in assumption
determines how the problem is formulated and which basic discrete facility location problem is
used to formulate the objectives. The PMLP is most commonly used to formulate accessibility
and efficiency. Secondly the recognition of improving the equity of access has grown recently in
literature [4, 7, 15, 24]. The PCLP is used to formulate the equity objective. Lastly reducing cost
(formulated using the FCLP), increasing flexibility in service location and increasing the number
of people covered by atleast one facility within an acceptable travel distance has been used in lit-
erature as objectives [4, 5, 7, 24].

Exact solutions methods used to solve MOFLPs for public PCFs include MIPs and goal pro-
grams while heuristic solutions include non-dominated genetic algorithms [11]. Some models have
been iterated using the constraint, branch and bound and bounded objective methods to produced
a set of pareto efficient solutions for which decision makers can choose from while others have only
produced a single solution. Producing a set of efficient solutions has allowed decision makers to
investigate the trade-offs between objectives by mapping Pareto frontiers and thus determining the
effects of choosing one solution over another.

Literature shows that most models have been developed using MIPs or goal programs and solved
with optimisation softwares. Mixed integer programming along with the constraint method pro-
vides a more suitable approach compared to goal programming because goal programming requires
additional variables; the targets to be achieved. Furthermore the constraint method allows decision
makers to repeatedly iterate the model through a range of feasible values to find the efficient points
and thus construct a Pareto frontier and investigate the trade-offs between the objectives.

2.4 Conclusion

The literature review provided a critical review of MOFLPs for public PCF facilities by first sur-
veying literature on single-objective FLPs and MODM. It was concluded that the problem was
essentially a MOFLP. Thereafter a thorough literature review was conducted on MOFLPs for pub-
lic PCFs. Literature showed the most common objectives were that of accessibility, efficiency and
equity. These were modelled using the PMLP, PCLP and/or MCLP respectively. Literature showed
that these problems could be modelled and solved using MIPs or Goal Programs in optimisation
softwares or using evolutionary algorithms like genetic algorithms. This study therefore draws on
literature to solve the public PCF problem by modelling the access and equity using the PMLP,
PCLP and MCLP respectively.
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Chapter 3

Method

3.1 Introduction

In this chapter, the development of the model is discussed. The purpose of this chapter is to provide
a conceptual design of the model; the data, methods of verification and validation and the solutions
and tools used to develop the model.

The development of the model was divided into two main phases. The first phase was developing
a model in which the access and equity objectives were formulated using the PMLP and PCLP
respectively. The second phase was developing a model in which the access and coverage objectives
were formulated using the PMLP and MCLP respectively. Each model was then run using data
from the JE Beasley OR Library [3]

3.2 Conceptual Design

The purpose of this study was to develop a multi-objective optimisation approach for the FLP of a
public PCF like a clinic or hospital. The objectives of the model were accessibility or access (used
interchangeably) and equity.

The accessibility objective was thus assumed to be equal to efficiency since geographic acces-
sibility results in higher utilisation of the services [15]. This is because when a reduced demand
population has to travel to their assigned facility, the total travelling distance (or travelling time
and cost) is reduced and patients are likely to utilise the services [15]. Thus accessibility was defined
as the minimisation of the sum of the weighted distances between demand points and the facilities
which serve them and was formulated using the PMLP.

The equity objective was chosen to ensure that all patients travelled distances that are the the
same or less between their demand point and their assigned facility. This objective was thus defined
as the minimisation of the maximum allowable distance between a demand point and its assigned
facility and was formulated using the PCLP.

The study conducted by Burkey et al [7] provided important points to consider for locating
public PCF facilities and thus a second model was developed to explore coverage and how cover-
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age interacts with accessibility and equity as defined in the first model. Burkey et al [7] defined
accessibility as efficiency and service availability where efficiency was formulated using the PMLP
and service availability was formulated using the MCLP.

A model was developed where these objectives were investigated. However the first objective
was defined as accessibility or access (the minimisation of the sum of the weighted distance between
demand points and the facilities which serve them) while the second objective was defined as cov-
erage (the maximisation of the weighted coverage of demand points covered within a pre-specified
distance range) in order to compare critically with the first model. Lastly since the equity objective
is encompassed in the coverage definition since coverage is defined as the population of demand
points covered within a maximum allowable distance range, there was be no need to use the PCLP
to explicitly define it the model.

The models were then formulated and solved using the constraint method. This method firstly
allows decision makers to iteratively produce a set of efficient solutions such that these solutions can
be mapped on a Pareto frontier. The study by Mitropoulos et al [15] makes use of the constraint
method to effectively construct a Pareto frontier and assess the trade-offs between the accessibility
and equity objectives. Secondly the constraint method is suitable for problems where there are only
two objectives to be achieved. Thus in this method was appropriate for this study since two objec-
tives were investigated and compared with each other by mapping the solutions on a Pareto frontier.

3.2.1 Model A: Accessibility versus Equity

The formulation of Model A derived from Ahmadi et al [1] and Mitropoulos et al [15] is as follows:

Sets:
I : The set of demand points
J : The set of candidate facilities

Input Parameters:
dij : The travel distance between demand point i ∈ I and candidate facility j ∈ J
wi : The weight of the demand at demand point i ∈ I
p : The number of facilities to be selected
dallowable : The allowable distance between each demand point and its assigned facility
n : The number of demand points

Decision variables:
xij : 1, if demand i ∈ I is assigned to candidate facility j ∈ J ; 0, otherwise
yj : 1, if candidate facility j ∈ J is selected; 0, otherwise
dmax : The maximum distance between each demand point and its assigned facility
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Formulation:

Objective Function: Access

min z =
∑

i∈I
∑

j∈J widijxij (3.1)

Objective function 3.1 minimises the weighted sum of the distances between demand points and
the facilities which serve them.

Objective Function: Equity

min z = dmax (3.2)

Objective function 3.2 minimises the maximum allowable distance between a demand point and
the facility which serves it.

Combined Objective Function

min z = 1
n

∑
i∈I

∑
j∈J widijxij + dmax (3.3)

Since the first two objective functions are minimised it is thus possible to combine them into
a single objective such that a single optimal solution is sought by the model. However since the
accessibility objective is significantly larger than the equity objective in terms of distance value,
it is thus necessary to introduce a weight so as to balance out the objective function. Thus the
accessibility objective is divided by the number of demand points (n).

Subject to: ∑
j∈J yj ≤ p (3.4)

∑
j∈J xij = 1,∀ i ∈ I (3.5)

xij ≤ yj , ∀ i ∈ I and j ∈ J (3.6)

dijxij ≤ dallowable,∀ i ∈ I and j ∈ J (3.7)

dmax ≤ dallowable (3.8)

xij ∈ {0, 1}, ∀ i ∈ I and j ∈ J (3.9)

yj ∈ {0, 1}, j ∈ J (3.10)

20



Eq.(3.4) ensures that only p amount of facilities are selected. Eq.(3.5) ensures that a demand
point is assigned to only one facility. Eq.(3.6) ensures that a demand point can only be assigned
to a facility if it is selected. Eq.(3.7) ensures that the distance between a demand point and its
facility is less than or equal to the maximum allowable distance. Eq.(3.9) and Eq.(3.10) ensure the
binaries are adhered to.

3.2.2 Model B: Accessibility versus Coverage

The formulation of Model B derived from Ahmadi et al [1] and Burkey et al [7] is as follows:

Sets:
I : The set of demand points
J : The set of candidate facilities
N : The set of candidate facilities which can cover the demand points [j ∈ J given dij ≤ r]

Input Parameters:
dij : The travel distance between demand point i ∈ I and candidate facility j ∈ J
wi : The weight of the demand at demand point i ∈ I
r : The maximum allowable distance range between a facility and the demand points it serves
p : The number of facilities to be selected

Decision variables:
xij : 1, if demand i ∈ I is assigned to candidate facility j ∈ J ; 0, otherwise
yj : 1, if candidate facility j ∈ J is selected; 0, otherwise
ci : 1, if demand i ∈ I is covered by a selected facility; 0, otherwise

Formulation:

Objective Function: Access

min z =
∑

i∈I
∑

j∈J widijxij (3.11)

Objective function 3.11 minimises the weighted sum of the distances between the demand points
and the facilities which serve them.

Objective Function: Equity

max z =
∑

i∈I wici (3.12)

Objective function 3.12 maximises the sum of the demand points covered by the candidate
facilities in the maximum allowable distance range.

Since one objective function is a minimised and the other is a maximised, it is therefore not
possible to combine them into a single objective function to obtain a single optimal solution.
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Subject to: ∑
j∈J yj ≤ p (3.13)

∑
j∈J xij ≤ 1, ∀ i ∈ I (3.14)

xij ≤ yj , ∀ i ∈ I and j ∈ J (3.15)

∑
j∈N yj ≥ ci,∀ i ∈ I (3.16)

xij ∈ {0, 1}, ∀ i ∈ I and j ∈ J (3.17)

yj ∈ {0, 1}, j ∈ J (3.18)

ci ∈ {0, 1},∀ i ∈ I (3.19)

Eq.(3.13) ensures that only p amount of facilities are selected. Eq.(3.14) ensures that a demand
point is assigned to only one facility. Eq.(3.15) ensures that a demand point can only be assigned
to a facility if it is selected. Eq.(3.16) ensures that a demand point is assigned to a selected facility
in the maximum allowable distance range. Eq.(3.17), Eq.(3.18) and Eq.(3.19) ensure the binaries
are adhered to.

3.3 Data Collection and Analysis

The JE Beasley OR library [3] provided datasets for uncapacitated and capacitated PMLPs. Ten
datasets from the capacitated p-median text file were used for the study. The selected datasets
were named DS1 to DS7 and DS11 to DS13 to correspond with the numbering in the JE Beasley
OR library [3].

These datasets were used because they included the demand variables which were necessary for
this study that the uncapacitated datasets did not have. The capacity and demand variables were
included in the validation phase of the model. However the capacity variables were ignored in the
full model tests and iterations due to the nature of the public PCF problem not taking into account
capacity.

For Model A, all ten datasets were assessed while for the Model B only datasets DS1 to DS7
were assessed. The data was in the format of a text file with the first line of each row being; the
dataset number and the the best solution found while the second row; the number of points, the
median and the capacity of each median. The following rows were the number of the point, its
associated x and y coordinate and its demand weight.

Each file was read into a python program such that the distances between each of the points
could be calculated to form a distance matrix. Lastly the distance matrix and the demand variables
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for each point was exported to an excel file for ease of use. The python script can be found in
Appendix A.

A table summarising the datasets in Figures 3.1 and 3.2 shows each dataset, the number of
points, the medians and the dallowable value used for each iteration for each model.

Table 3.1: The data used in Model A

Dataset name Data points Medians dallowable tested

DS1 50 5 ≥0 ,120,100,80,60,45,40,35,33,30

DS2 50 5 ≥0 ,120,100,80,60,50,40,35,33,31

DS3 50 5 ≥0 ,120,100,80,60,40,35,33,30,29,28,27

DS4 50 5 ≥0 ,120,100,80,60,40,35,33,32

DS5 50 5 ≥0 ,120,100,80,60,50,40,35,33,30,29,28,27

DS6 50 5 ≥0 ,120,100,80,60,50,40,35,33,30,29,28

DS7 50 5 ≥0 ,120,100,80,60,50,40,35,33, 31,30

DS11 100 10 ≥0 ,120,100,80,60,50,45,40,35,30,29,28,26,25,20,19

DS12 100 10 ≥0 ,120,100,80,60,50,45,40,35,30,25,22,19

DS13 100 10 ≥0 ,120,100,80,60,50,45,40,35,30,25,22,20,19

Table 3.2: The data used in Model B

Dataset name Data points Medians r value tested

DS1 50 5 29,28,27,26,25,24,23,22,21,20,19,18,17

DS2 50 5 30,29,28,27,26,24,23,22,21,20,19,17

DS3 50 5 26,25,24,23,22,21,20

DS4 50 5 31,30,29,28,27,26,25,24,23,22,21,20,19,18,17

DS5 50 5 26,25,24,23,22,21,20,19,18,17

DS6 50 5 27,26,25,24,23,22,21,20,19,18,17

DS7 50 5 29,28,27,26,25,24,23,22,21,20,19,18,17

3.4 Validation and Verification

3.4.1 Model A: Accessibility versus Equity

A test model was developed in which only the first five data points from the DS1 were run. The
median (p value) was set to two and dallowable was constrained to be greater than 0.

The output of the model was checked to ensure that:

• Only two facilities were selected

• Each demand point was assigned to one facility
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• A demand point was assigned to an open/selected facility

• dmax was greater than zero

• All the binary variables were adhered to.

The results of the test model shown in Tables 3.3 and 3.4 show that the constraints are adhered
to and thus the model is verified. The Lingo script and a screenshot of the excel spreadsheet
showing the output of the test model can also be found in Appendix B.

Table 3.3: The facilities selected by the test model

Facilities Value

1 1

2 0

3 0

4 1

5 0

Table 3.4: The assignment results of the test model

Demand/Facilities 1 2 3 4 5

1 1 0 0 0 0

2 0 0 0 1 0

3 1 0 0 0 0

4 0 0 0 1 0

5 0 0 0 1 0

The model was validated by comparing the best solution found by the model with the solutions
given by the JE Beasley OR library [3]. In running the model, dallowable was negligible. The Lingo
script can be found in Appendix B and the results of the solutions for each dataset are shown in
Table 3.5. The small differences in solutions from some of the datasets are as a result of rounding off
differences when the distance matrices were calculated. The distance matrices used for the model
were rounded to the nearest integer.
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Table 3.5: Validated model solutions

Dataset Model Solution Data points Medians

DS1 706 50 5

DS2 740 50 5

DS3 735 50 5

DS4 650 50 5

DS5 661 50 5

DS6 769 50 5

DS7 761 50 5

DS11 996 100 10

DS12 962 100 10

DS13 1013 100 10

3.4.2 Model B: Accesibility versus Coverage

The model was verified by checking that:

• Only p amount of facilities were selected

• A demand point was considered covered if it was assigned to a selected facility

• A demand point was assigned to only one facility.

The model was verified using DS1. The test model’s lingo script can be found in Appendix C.
The model was validated by comparing its solutions with Model A’s solutions. Since this model
had one objective (coverage) that was different to that of the first model; the weighted coverage
was maximised and the weighted distance was constrained or set to the values found in the first
model solutions. In order to ensure model validation, the model solution thus had to cover all
demand points, open the same facilities and assign the same demand points to selected facilities
as Model A when the same weighted distance and dallowable (or in this model, r value) values were set.

Table C.1 in Appendix C shows that for the same weighted distance and distance values, the first
and second model selected the same facility. Furthermore it must be highlighted second model’s
weighted coverage result is equal to the sum of the total demand weight for each dataset. This
should be the case, since every demand point is assigned to a facility and is therefore considered
covered.

3.5 Method

3.5.1 Model A: Accessibility versus Equity

This model was run using the constraint method. The first iteration was run such that dallowable

was constrained to be greater than zero and the weighted sum of the distances between the facilities
and the demand points was minimised. Thereafter dallowable was reduced with each model iteration
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until a feasible solution could no longer be found. The model was run using the selected JE Beasley
OR Library data. The lingo script for each dataset can be found in Appendix D.

3.5.2 Model B: Accesibility versus Coverage

This model was run using the constraint method. The model was run by maximising the cover-
age and then constraining the weighted distance and maximum allowable distance distance range
(dallowable) through a range of feasible values for each iteration. For this model dallowable was named
r.

Since the weighted coverage was maximised, and the goal was to see how coverage changes
when r and the weighted distance is constrained this model was not first iterated by letting r be
greater than equal to zero (like in the previous model) but rather was constrained to be less than
equal to the last feasible dallowable value found in the first model. This is because this model would
always yield the maximum coverage value (which is equal to the sum of the weighted demand for
each dataset) for all feasible dallowable values of the previous model since all demand points were
assigned to a facility in the previous model and would thus be considered covered.

For example the last feasible value for dallowable in Model A for DS2 was 31. Therefore in Model
B, the model was first iterated by constraining r to be less than or equal to 30. Secondly, the
weighted distance was constrained to be greater than zero. Once a solution was found the model
was then iterated again such that the weighted distance was constrained to be less than equal to the
last achieved value for the same weighted coverage and r value. This was done so that the model
could find a lower solution for the weighted distance value if it existed. For example, in dataset
two, in the first iteration r was constrained to be less than equal to 30 and the weighted distance
constrained to be greater than zero. The model found a solution where the weighted distance was
11099 and the weighted coverage was 497. The model was iterated again such that r was still
constrained to be less than equal to 30 but the weighted distance was constrained to be less than
11099. The solution that was thus found by the model was 4023 and 497 for the weighted distance
and the weighted coverage respectively. The Lingo script as it was run for each dataset can be
found in Appendix E

3.6 Scope

The assumptions in developing the model were as follows:

• the facilities were uncapacitated in terms of the number of patients served

• the facilities were not multi-level therefore there were no referrals

• the regions studied were assumed to have population with an identical health profile, and

• the demand was homogeneous
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3.7 Tools

The data analysis and the converting of the data points into the distance matrices was run in
Python. The models were developed and run in Lingo17 on a laptop with an Intel i5 processor
running at 1.70 GHz using 4.00 MB of RAM running on 64-bit Windows 10 operating system.
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Chapter 4

Results and Analysis

4.1 Introduction

This section provides the results and analysis of the models. The first section provides the results
for selected datasets for each model. The second section provides an in-depth analysis of the results
using selected datasets as examples to demonstrate observations about facility changes, assignment
changes, coverage changes. Lastly, accessibility versus equity and the Pareto efficiency of each
model are discussed.

4.2 Results

4.2.1 Model A: Accessibility versus Equity

Figures 4.1 and 4.2 show the model results for each iteration or time the model was run through a
range of feasible values. Access represents the sum of the weighted distances between the facilities
and the demand points they serve. Equity represents the maximum allowable distance between an
open facility and the demand point it serves.

The model results show that firstly, as dmax decreased then the weighted sum of the distances in-
creased. This means that when equity increased (by way of dmax decreasing) then access decreased
(by way of the sum of the weighted distances between demand points and facilities increasing).

Secondly, the first few iterations of the model were Pareto inefficient. Model results are said to
be Pareto efficient if by improving one of the objective function results in the deterioration of the
other objective function [16]. Thus, Figures 4.1 and 4.2 show that the first few the solutions were
Pareto inefficient. The results became Pareto efficient once the equity values became smaller. This
was because, for example, when dallowable was constrained to be less than or equal to 100 the model
stopped running once that constraint was met even if a value existed that was much lower for the
same access objective. It was therefore necessary to iterate the model multiple times through a
range of feasible values such that the Pareto efficient solutions were determined.
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Figure 4.1: Model A Results for DS1 to DS5
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Figure 4.2: Model A Results for DS6 to DS13

Figures 4.1 and 4.2 were then constructed into graphs to determine the Pareto frontiers for
each dataset. Figures 4.3 to 4.6 show the Pareto graphs for selected datasets while the rest of the
Pareto graphs can be found in Appendix F. The Pareto frontiers are essentially the collection of
all the efficient solutions mapped on a graph. Solutions below or above the frontier are considered
inefficient while those on the frontier are considered efficient.
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Figure 4.3: Graph showing the Pareto frontier for DS2

Figure 4.4: Graph showing the Pareto frontier for DS5
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Figure 4.5: Graph showing the Pareto frontier for DS12

Figure 4.6: Graph showing the Pareto frontier for DS13

Thirdly, the model results show that as the number of data points increased the range of feasible
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values and therefore feasible solutions increased. This is shown by comparing DS1 to DS7 with
DS11 to DS13 which have 50 and 100 data points respectively. It was observed that the smallest
equity values were 29 and 19 respectively. This means that the model could search through a
larger distance matrix to find solutions that were feasible. Furthermore it was observed that small
changes in the dallowable values in DS11, DS12 and DS13 resulted in Pareto efficient solutions. The
results for each dataset can be found in figures G.1 to G.6 in Appendix G.

Figure 4.7: Model A’s Results for DS2

Figure 4.8: Model A’s Results for DS5
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Figure 4.9: Model A’s Results for DS12

Figure 4.10: Model A’s Results for DS13

4.2.2 Model B: Accessibility versus Coverage

The results for this model for each dataset are shown in the Figures 4.11 to 4.15. Figure 4.11
shows the model solutions for DS1. For this dataset from iterations one and four when the r value
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and the sum of weighted coverage decreased, the sum of the weighted distances increased. This
means as equity increased (by way of the r value decreasing), access decreased (by way of the sum
of the weighted distance increasing). However from iteration four to thirteen, when the r value
and the sum of the weighted coverage decreased, the sum of the weighted distance decreased. This
means that when equity increased, access increased for only those demand points covered. This
was because as the number of demand points not covered increased (and therefore both access and
equity decreased for these points) the model was able to optimise both access and equity for the
demand points that fall within the maximum allowable distance range of coverage.

Figure 4.11: Model B’s Results for DS1

Figure 4.12 shows the model solutions for DS2. For this dataset each iteration was recorded
to demonstrate the method described in chapter 3. For the first iteration of the model r was
constrained to 30 and the weighted distance (access) was constrained to greater than zero. Then
the in the second iteration, the weighted distance was constrained to less than 11099 and thus the
solution was 5347 for the same r value and the same weighted coverage value. This means that in
the first iteration the model stopped running once a weighted distance value greater than zero was
achieved even if a value lower than the achieved value existed. Thus it was necessary to constrain
the weighted distance through a range of feasible values. This method of constraining was done for
each r value.

Secondly, if the lowest achieved weighted distance values for the same r and weighted coverage
values are compared it was observed that between iterations one through to eleven, as equity
increased (by way of r decreasing), access decreased (by way of the sum of the weighted distance
increasing). However once r was less than 23, when equity increased, then access increased for
those demand points covered. Similar to DS1, this was because as the number of demand points
not covered increased, the model was able to optimise both access and equity for the demand points
covered.
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Figure 4.12: Model B’s Results for DS2

Figure 4.13 shows the model results for DS3. The model solutions show that as equity increased
(by way of r decreasing), access also increased (by way of the sum of the weighted distance decreas-
ing). Even though there were few exceptions like when r was equal to 24 and 23. The general trend
shows that there was no trade-off between access and equity in this dataset. The first iteration
begins at r equal to 26, because dallowable equal to 27 is the last feasible maximum allowable distance
range value in the first model for this dataset.

Figure 4.13: Model B’s Results for DS3

Figure 4.14 shows the model results for DS5. If the lowest achieved weighted distance value
for each r values is compared (from iteration one to eight), when equity increased then access
decreased. However once r was equal to 22, when equity increased then access increased for those
demand points covered. Similarly, the more demand points excluded by the model, the more the
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model was able to optimise access and equity for those demand points covered.

Figure 4.14: Model B’s Results for DS5

Figure 4.15 shows the model results for DS7. For this dataset the iterations were recorded such
that for the same r value, the weighted distance was constrained until the weighted coverage value
deteriorated. Thus for iterations one to eight when r was 29 the weighted distance was constrained
to determine what effect it had not only the solution weighted distance but the solution weighted
coverage value. Therefore from iteration one to three it was observed that the weighted coverage
value stayed the same even when the weighted distance (access) value decreased. However once the
weighted distance was constrained to less than 6638 then the weighted coverage value decreased.
This means for the same r value; when access increased (by way of the weighted distance decreasing)
then the weighted coverage decreased, thus more demand points got excluded; shown by comparing
the model solutions of iteration one through to iteration eight.

Secondly if the lowest achieved weighted distance value for each r value and weighted coverage
value (iteration three and iteration ten) is compared, the general trend is observed; that as equity
increases (by way of r decreasing) then access decreases (by way of the weighted distance increasing)
until r is equal to 27, then access increases and equity increases for all those demand points covered
because more demand points are excluded. There is however an exception to this trend when r is
equal to 25 and 24 as shown in the figure.
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Figure 4.15: Model B’s Results for DS7

4.3 Analysis

4.3.1 Facility Changes

The analysis of the changes in facility selection focus on the results of Model A. The results of Model
A show that when the access objective significantly increased and the equity objective decreased
through each model iteration, the solution resulted in the selection of new facilities and thus the
new assignment of demand. Figures 4.16, 4.17 and 4.18 show the change in facility selection and
location as well as the change in facility assignment for DS2. When the location allocation diagram
of iteration one is compared to that of iteration eight there is significant changes in the location
of facilities and the allocation of demand. This is because iteration one’s solution favoured a more
median-based (access) solution where the location allocation focused mainly on minimising the
sum of the weighted distance between facilities and demand points while iteration eight favoured
a more center-based (equity) solution where the location allocation focused mainly on minimising
the maximum allowable distance between a selected facility and the demand point it serves. This is
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illustrated in the diagrams. Figure 4.16 locates median facilities such that demand is fairly evenly
spread around the facilities. In contrast, Figure 4.18 locates facilities such that demand points are
clustered around their respective selected facility.

Figure 4.16: Location Allocation Diagram for DS2: Iteration one

Figure 4.17: Location Allocation Diagram for DS2: Iteration six
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Figure 4.18: Location Allocation Diagram for DS2: Iteration eight

Table 4.1: DS2: Iteration one assignment

Facility selected Demand point assigned

4 2,3,4,5,22,32,46

29 29,41

37 6,8,11,12,13,14,16,18,20,21,23,24,25,27,30,31,35,37,38,40,42,45,47,49,50

39 1,7,9,10,15,17,26,39,43,45

44 19,33,34,36,44

Table 4.2: DS2: Iteration six assignment

Facility selected Demand point assigned

4 2,3,4,5,11,12,22,31,32

37 6,8,11,13,14,16,20,21,23,24,25,27,28,30,36,37,38,40,42,45,47,50

39 1,7,9,10,15,17,26,39,43,45, 48 49

44 19, 25,33,34,36, 41,44

46 46
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Table 4.3: DS2: Iteration eight assignment

Facility Selected Demand point assigned

11 2,4,11,12,22,31,32

19 3,5,19,33,34,36,44,46

26 1,9,17,21,25,26,29,42,48,49

37 6,8,13,14,16,20,24,25,28,30,37,38,40,42,45,47,50

39 10,15,18,23,27,35,39,43

Tables 4.1, 4.2 and 4.3 show the facilities selected by the model and the demand points each
facility served. It must be noted that a facility chosen serves its own demand point as demonstrated
by the results.

Facility changes can also most notably be observed in Figures 4.19 and 4.20 for DS7; Figures
4.21 and 4.22 for DS12 and Figures 4.23 and 4.24 for DS13.

Figure 4.19: Location Allocation Diagram for DS7: Iteration one
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Figure 4.20: Location Allocation Diagram for DS7: Iteration nine

The location allocation diagrams for DS7 (Figures 4.19 and 4.20) show that the first iteration’s
solution favoured a median based solution where the total weighted distance for each facility and
its assigned demand points was minimised. The individual distance between a facility and its
demand point was not the focus of this solution but rather, the total demand-weighted distance of
the network. For example; iteration one and specifically, facility 5 and its assigned demand points
(shown by the red squares in the diagram), the demand points are evenly spread out. However
in iteration nine the facilities and their assigned demand points tend to be more clustered around
their facility. Furthermore facility 8 and 43 were selected in iteration nine to serve demand that
was previously served by facility 5 (in iteration one) in order to produce a solution that was more
equity-based.

Figure 4.21: Location Allocation Diagram for DS12: Iteration one
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Figure 4.22: Location Allocation Diagram for DS12: Iteration thirteen

The location allocation diagrams for DS12 (Figures 4.21 and 4.22) and DS13 (Figures 4.23
and 4.24) show that for larger data points, the model solutions also produced a solution that was
median-based in the first iteration and center-based in the last iteration. As shown in Figure 4.24
the demand points tended to cluster around their facility so as to adhere to the given dallowable con-
straint. Furthermore new facilities were selected and therefore new demand assignments occurred
to give rise to the clustering effect.

Figure 4.23: Location Allocation Diagram for DS13: Iteration one
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Figure 4.24: Location Allocation Diagram for DS13: Iteration thirteen

Table 4.4: DS7: Iteration one assignment

Facility selected Demand point assigned

5 3,5,9,10,16,22,23,24,27,28,29,34,37,38,43,48,49

17 1,11,14,17,33,36,40

30 13,30,40,44,46,50

32 2,6,7,8,12,15,21,26,32,41,45

35 4,18,19,20,25,31,35,42,47

Table 4.5: DS7: Iteration nine assignment

Facility selected Demand point assigned

3 3,5,9,10,13,22,27,28,30,38,40,46,50

8 2,6,7,8,12,15,26,32,49

17 1,11,14,17,33,34,36,39

18 4,18,19,20,21,23,26,31,35,37,41,42,45,47

43 16,24,29,43,44,48
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Table 4.6: DS12: Iteration one assignment

Facilities Selected Demand point assigned

1 1,11,13,21,33,35,36,48,51,62,69,73,81,82,93,97

5 3,5,12,22,70,78,80,92,96

28 28

44 44

53 14,27,42,53,60,84

65 4,9,10,17,26,31,49,50,65,86,94

66 20,40,66,95

68 24,30,32,34,37,39,41,47,52,55,57,63,68,71,79,83,87,98,99

75 8,15,16,19,38,43,45,56,68,74,75,85,89,90,91

77 2,6,7,18,23,25,46,54,58,59,61,64,72,76,77,88,100

Table 4.7: DS12: Iteration thirteen assignment

Facilities Selected Demand point assigned

13 1,11,13,21,33,35,36,51

27 27,42,44,53,84

34 14,28,34,39,41,60

50 4,9,17,26,31,48,49,50,62,65,73,81,82,86,93,97

52 24,46,52,54,83

71 20,47,68,71,79

74 8,15,16,19,45,56,67,74,75,85,90

77 2,6,7,18,23,25, 29,38,58,59,61,64,72,76,77,88,89,100

80 3,5,10,12,22,43,63,70,78,80,91,92,94,96

87 30,32,37,40,55,57,66,87,95,98,99
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Table 4.8: DS12: Iteration one assignment

Facilities Selected Demand point assigned

10 10,18,27,91

23 7,8,13,20,21,23,28,35,38,39,45,47,50,51,53,54,57,66,77,78,79,81,86,89,93,96,97

46 46

49 1,3,5,9,19,25,26,29,33,34,36,41,43,44,48,49,56,60,62,65,67,74,80,83,85,87,92,95,100

61 15,61,88

64 11,12,14,22,31,52,58,63,64,72,73,94

68 30,40,68,75,84,90,98

71 2,4,32,55,59,71

82 6,16,24,37,42,76,82

89 17,69,70,99

Table 4.9: DS13: Iteration thirteen assignment

Facilities Selected Demand point assigned

1 1,29,41,43,49

7 7,9,26,39,48,51,57,77,87,89

20 8,13,20,21,23,28,35,38,45,47,50,53,78,96,97

59 2,4,5,32,55,59,60,71

64 11,12,14,22,31,52,58,63,64,72,73,79,81,86,93,94

82 6,16,24,37,42,68,76,82

83 19,25,33,34,36,44,56,65,67,74,80,83,92,95

90 10,18,27,30,40,66,75,84,90,91,98

99 15,17,61,69,70,85,88,99

100 46,55,62,100

4.3.2 Assignment Changes

The analysis of the changes in demand assignment focus on the results of Model A. The results
of Model A show that when there was a marginal increase in the access objective, a decrease in
the equity objective and the selected facilities remained the same between iterations, then there
was a change in the assignment of demand points to the selected facilities. The location allocation
diagrams of DS7 and DS13 in Figures 4.25 to 4.29 illustrate this point.

The location allocation graphs for DS7 shown in Figures 4.25 to 4.27 as well as Tables 4.10 to
4.12 show that when facilities remained the same the assignment of demand points to the selected
facilities changed. For iteration six the access objective was 4424 and the equity objective was 35;
for iteration seven the access objective was 4728 and the equity objective was 33 while for iteration
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eight the access objective was 4894 and the equity objective was 31.

The aforementioned figures and tables show that between iterations six and seven; demand
point 50 moved from facility 5 to facility 29. This was such that the constraint dallowable be less
than equal to 33 be adhered to and thus the assignment changed so that demand point 50 could be
in the maximum allowable range between its assigned facility. Between iterations seven and eight;
demand point 35 moved from facility 5 to facility 19 such that the constraint dallowable be less than
31 be adhered to. This resulted in the sum of the weighted sum of the distances increasing to allow
for that constraint to be adhered to.

Figure 4.25: Location Allocation Diagram for DS7: Iteration six

Figure 4.26: Location Allocation Diagram for DS7: Iteration seven
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Figure 4.27: Location Allocation Diagram for DS7: Iteration eight

Table 4.10: DS7: Iteration six assignment

Facilities selected Demand point assigned

5 3,4,5,9,10,13,14,18,20,22,23,24,27,28,31,34,35,36,37,38,40,47,48,49,50

8 2,6,7,8,12,15,26,32

11 1,11,17,30,33,39

19 19,21,25,41,42,45

29 16,29,43,44,46

Table 4.11: DS7: Iteration seven assignment

Facilities selected Demand point assigned

5 3,4,5,9,10,13,14,18,20,22,23,24,27,28,31,34, 35,36,37,38,40,47,48,49

8 2,6,7,8,12,15,26,32

11 1,11,17,30,33,39

19 19,21,25,41,42,45

29 16,29,43,44,46,50
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Table 4.12: DS7: Iteration eight assignment

Facilities selected Demand point assigned

5 3,4,5,9,10,13,14,18,20,22,23,24,27,28,31,34,36,37,38,47,48,49

8 2,6,7,8,12,15,26,32

11 1,11,17,30,33,39,40

19 19,21,25,35,41,42,45

29 16,29,43,44,46,50

Similarly, the location allocation graphs for DS13 shown in Figures 4.28 and 4.29 as well as
Tables 4.13 and 4.14 show that when the facilities stayed the same the assignment of demand
points to the selected facilities changed. For iteration seven the access objective was 2264 and
the equity objective was 40 while for iteration eight the access objective was 2292 and the equity
objective was 35. The aforementioned figures and tables show that demand point 74 moved from
facility 49 between iteration seven and eight; demand points 5 and 60 moved from facility 49 to
facility 71 and demand point 81 moved from facility 10 to facility 64. These assignment changes
occurred such that each demand point could fall into the maximum allowable distance range.

Figure 4.28: Location Allocation Diagram for DS13: Iteration seven
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Figure 4.29: Location Allocation Diagram for DS13: Iteration eight

Table 4.13: DS13: Iteration seven assignment

Facilities Selected Demand point assigned

10 10,18,27,91

23 6,7,8,13,20,21,23,24,28,35,38,39,45,47,50,51,53,54,57,66,77,78,79,81,86,89,96,97

49 1,3,5,9,19,25,26,29,33,34,36,41,43,44,48,49,56,60,65,67,74,80,83,85,87,92,95

61 15,61,88

62 62

64 11,12,14,22,31,52,58,63,64,72,73,93,94

68 16,30,37,40,42,68,75,76,82,84,90,98

71 2,4,32,55,59,71

99 17,69,70,99

100 46,100
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Table 4.14: DS13: Iteration eight assignment

Facilities Selected Demand point assigned

10 10,18,27,91

23 6,7,8,13,20,21,23,24,28,35,38,39,45,47,50,51,53,54,57,66,77,78,79,86,89,96,97

49 1,3,9,19,25,26,29,33,34,36,41,43,44,48,49,56,65,67,80,83,85,87,92,95

61 15,61,88

62 62,74

64 11,12,14,22,31,52,58,63,64,72,73,81,93,94

68 16,30,37,40,42,68,75,76,82,84,90,98

71 2,4,5,32,55,59,60,71

99 17,69,70,99

100 46,100

4.3.3 Coverage Changes

The analysis of coverage focuses on the results of Model B. Figures 4.30 to 4.34 are the location
allocation diagrams for DS1 while Figures 4.35 to 4.38 are the location allocation diagrams for DS7.

In DS1 it was observed how coverage changes from iterations one through to thirteen. In the
first iteration when r was equal to 29, then only one demand point was excluded from coverage and
therefore not assigned to a facility. In the fifth iteration when r was equal to 25 then two demand
points were excluded from coverage. The clustering of facility and demand points remained largely
the same as in the first iteration but the facility selection changed which resulted in the demand
points that were excluded being in a different region than that of in the first iteration.

Figure 4.30: Location Allocation Diagram for DS1: Iteration one
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Figure 4.31: Location Allocation Diagram for DS1: Iteration five

In the seventh and eighth iteration, four and five demand points were excluded from coverage
respectively. The facilities and assignment remained the same, except demand point 42 was no
longer covered by facility 45 in iteration eight.

In iteration thirteen, 12 demand points were excluded from coverage. Each cluster region of
facility and demand points lost atleast one demand point from coverage with the most affected
region being the cluster served by facility 17. This resulted in the increase in accessibility (the
decrease in the sum of the weighted distance of each facility and demand network) for those demand
points covered by their facility.

Figure 4.32: Location Allocation Diagram for DS1: Iteration seven
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Figure 4.33: Location Allocation Diagram for DS1: Iteration eight

Figure 4.34: Location Allocation Diagram for DS1: Iteration thirteen

In DS7, the location allocation diagrams show the effect of constraining the sum of the weighted
distance had on the solution weighted coverage for the same r value. In the first iteration only
one demand point was excluded from coverage. However as the sum of the weighted distance
was constrained, then coverage decreased as shown by two, three and nine demand points being
excluded from iterations four, six and eight respectively. This was because when the sum of the
weighted distance was constrained and thus only allowed to be equal to a certain value, even if a
demand point fell within the maximum allowable coverage range, it was excluded if it had a large
weighted demand value to reduce not only the total sum of the weighted distance but also the sum
of the weighted distance for each facility and demand point network.
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Figure 4.35: Location Allocation Diagram for DS7: Iteration one

Figure 4.36: Location Allocation Diagram for DS7: Iteration four
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Figure 4.37: Location Allocation Diagram for DS7: Iteration six

Figure 4.38: Location Allocation Diagram for DS7: Iteration eight

4.3.4 Accessibility vs Equity

Model A: Accesibility versus Equity

The results of the first model show that there was a possible trade-off between accessibility and
equity even though both objective functions were minimised. As equity increased, by way of dmax

decreasing then accessibility decreased by way of the sum weighted of the distances between facili-
ties and demand points.

This possible trade-off is best explained using Figures 4.39 and 4.40. Figure 4.39 shows that in
a network of points, when there is no constraint on dallowable, the model will minimise the sum of
the demand-weighted distances such that a median-based solution is produced. This will result in
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the solution choosing an accessible solution at the expense of an equitable solution in terms of the
distance between each demand point and its assigned facility. This results in a lower quantity of
weighted demand travelling to its nearest facility but at different distances for each demand point.
The sum of the weighted distances is minimised to 10075 while the maximum allowable distance is
23.

However once a constraint is introduced; for example if dallowable is constrained to be less than
or equal to 20 then the solution (shown in Figure 4.40) will be one that favours a center-based so-
lution where an equitable solution will be favoured at the expense of an accessible one. This means
that a higher weighted demand will have to travel to its nearest facility but at similar distances for
each demand point. The sum of the weighted distances thus increases to 10850 while the maximum
allowable distance decreases to 18.

The Pareto graphs also show a clear trade-off between the access and equity objectives. Further-
more, plotting the Pareto frontiers can help decision makers choose a preferred solution depending
on the accessibility and equity objective they would like to achieve. This may have significant
impacts on not only on location allocation decisions for healthcare facilities but also on policy and
capacity planning for these facilities. Where demand allocation is highest or the total sum of the
demand-weighted distance is larger such that dmax between a demand point and its assigned facility
can be lower then policy makers and decision makers can choose to build larger hospitals and clinics
in order to meet to the increased demand.

Figure 4.39: A Median-based Solution

∑
i∈I

∑
j∈J widijxij = 10075 (4.1)

dmax = 23 (4.2)
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Figure 4.40: A Center-based Solution

∑
i∈I

∑
j∈J widijxij = 10850 (4.3)

dmax = 18 (4.4)

An example of the trade-off between accessibility and equity can also be shown graphically
using the results of Model A. Using DS2 as an example; the network assignment for facility 4 for
iteration one and six is shown in Figures 4.41 and 4.42. The figures show that in the first iteration
when dallowable is constrained to be greater than zero and the weighted distance is minimised, the
solution thus minimises the weighted distance such that the result is 1704. However once dallowable

is constrained to be less than 40 in iteration six, the solution ensures that all demand points are
within the maximum allowable distance range and then minimises the weighted distance such that
the result is 2195. The diagrams demonstrate the clustering effect caused by the constraining on
dallowable.
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Figure 4.41: The Location Allocation Network of Facility 4 for DS2: Iteration one

Table 4.15: The demand points assigned to facility 4 in iteration one

point x y demand distance to point 4 weighted distance

2 56 13 17 7 119

3 40 29 20 26 520

4 53 6 2 0 0

5 45 25 12 20 240

22 73 12 20 20 400

32 55 18 15 12 180

46 4 4 5 49 245

1704

∑
i∈I

∑
j∈J widijxij = 1704 (4.5)

dmax = 49 (4.6)
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Figure 4.42: The Location Allocation Network of Facility 4 for DS2: Iteration six

Table 4.16: The demand points assigned to facility 4 in iteration six

point x y demand distance to point 4 weighted distance

2 56 13 17 7 119

3 40 29 20 26 520

4 53 6 2 0 0

5 45 25 12 20 240

11 84 6 6 31 186

12 86 18 5 35 175

22 73 12 20 20 400

31 73 12 20 20 400

32 77 14 15 25 375

2195

∑
i∈I

∑
j∈J widijxij = 2195 (4.7)

dmax = 35 (4.8)

Model B: Accessibility versus Coverage

The results of Model B show firstly a general trend; that when equity increased then accessibility
decreased until a certain r value. Then after that r value there existed no trade-off between access
and equity because the model excluded more demand points from the coverage range. Thus access

59



and equity increased for the demand points covered. However accessibility and equity was signifi-
cantly reduced for the demand points that were not covered. Thus this model not only highlighted
a trade-off between accessibility and equity but also introduced another dimension of coverage.

An advantage of this model is that it allows decision makers to use maximum distance ranges
that were infeasible in the Model A. It however comes at the expense of excluding a number of
demand points to not only achieve a lower r value but to achieve even lower weighted distance
values as demonstrated by the model results.

Figure 4.43 explains how both accessibility and equity increase for demand points covered when
another demand point is excluded from the coverage network. For example if decision makers let r
be less than 22, then naturally point c will be excluded from coverage thus increasing access and
equity for points A,B,D and E.

Figure 4.43: A Maximal Coverage Solution

∑
i∈I

∑
j∈J widijxij = 5475 (4.9)

r ≤ 22 (4.10)

DS1 can be used to illustrate the aforementioned concept more clearly. The facility-demand
networks of iterations eight and thirteen are compared with each other in Figures 4.44 and 4.45.
Facilities 45 and 17 are chosen because they are in the same region or network. Between iterations
eight and thirteen it can be observed that demand points 7, 11 and 23 are excluded as r decreases
from 22 to 17. Thus as equity increases for the demand points covered so does access, as the sum
of the weighted distance of the network decreases.
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Figure 4.44: The Location Allocation Network of Facility 45 for DS1: Iteration eight

Table 4.17: The demand points assigned to facility 45 in iteration eight

point x y demand distance to point 45 weighted distance

7 77 85 14 17 238

10 59 72 6 12 72

11 39 82 10 21 210

13 44 76 3 18 54

17 58 72 14 12 168

23 51 94 13 13 169

30 69 67 17 19 323

38 66 69 9 16 144

45 60 84 8 0 0

1378

∑
i∈I

∑
j∈J widijxij = 1378 (4.11)

r ≤ 22 (4.12)
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Figure 4.45: The Location Allocation Network of Facility 17 for DS1: Iteration thirteen

Table 4.18: The demand points assigned to facility 17 in iteration thirteen

point x y demand distance to point 17 weighted distance

10 59 72 6 1 6

13 44 76 3 15 45

17 58 72 14 0 0

30 69 67 17 30 510

38 66 69 9 19 171

45 60 84 8 12 96

48 54 59 9 14 126

954

∑
i∈I

∑
j∈J widijxij = 954 (4.13)

r ≤ 17 (4.14)

4.3.5 Pareto Efficiency

Model A: Accesibility versus Coverage

A solution of a multi-objective model is defined as Pareto efficient if by improving one objective
deteriorates the other objective [16].

Model A’s solutions show that the first few iterations for all datasets were not Pareto efficient
because as the equity objective increased the access objective did not change. Thus for the first
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few iterations most dataset’s solution were not efficient until iteration four for DS4, DS5, DS6 and
DS7; iteration five for DS2, DS3 and DS13; iteration six for DS1; iteration seven for DS11 and
iteration eight for DS12 (see Figures 4.1 and 4.2).

Although the model eventually yielded efficient solutions as dallowable got smaller, it requires de-
cision makers to repeatedly run the model and thus construct a Pareto frontier to determine where
the efficient solutions lie. However if decision makers are not necessarily looking to repeatedly run
the model a combined solution can be found since both the sum of the weighted distance and dmax

are minimised.

Lastly, the Pareto frontier shows the optimal or efficient solutions for each objective at a given
value. Furthermore it demonstrated the possible trade-off between access and equity thus proving
that this model and approach does indeed produce efficient solutions.

Model B: Accessibility versus Coverage

Model B’s solutions did not definitively demonstrate that they were Pareto optimal. This was
because there was no clear trend that showed that when r decreased, the sum of the weighted
distance increased like in Model A. The added dimension of coverage resulted in a model where
even though r decreased, the fact that the model could choose not to cover certain points resulted
in a weighted distance that decreased. Therefore there was no clear trade-off between r and the
sum of the weighted distances. Thus a Pareto frontier could necessarily be constructed. However
it could be observed that there was a trade-off between r and coverage; thus equity and service
availabilty (as defined by Burkey et al [7]). The model results for each dataset showed that when
r decreased, coverage decreased.

63



Chapter 5

Conclusion and Future Work

5.1 Conclusion

Public healthcare is an essential public good to communities all over the world. Hospitals and
clinics that provide primary care; first contact care, treatment and diagnosis of diseases are essen-
tial to the productivity and vitality of a nation. The location of these facilities is thus important.
Inaccessible facilities are linked with higher mortality and morbidity rates. It is therefore important
to locate facilities in which the population can access them as well as access them equally.

The purpose of this study was thus to develop a multi-objective optimisation approach for the
FLP of a public PCF like a clinic or hospital. The objectives of the model were accessibility and
equity.

Model A defined accessibility as the sum of the weighted distance between a facility and its
assigned demand points using the PMLP; and defined equity as the maximum allowable distance
range between a facility and its assigned demand point using the PCLP. This model yielded Pareto
efficient solutions and allowed for the construction of a Pareto frontier to determine the trade-off
between the accessibility and equity objectives. It was observed that as equity increased, accessi-
bility decreased. Thus decision makers can readily determine and identify their preferred solution
based on what accessibility and equity values they would like to achieve.

The disadvantage of this model was that for certain maximum allowable distance values the
model solutions are infeasible because every demand point had to be assigned to a facility within
the maximum allowable range. Thus if there was only one facility that fell outside this range the
model produced an infeasible solution.

Model B defined accessibility as the sum of the weighted distance between a facility and its
assigned demand points using the PMLP; and defined equity as the sum of the weighted coverage
given a maximum allowable distance range. This model yielded solutions in the first few iterations
where, as equity increased, access decreased. However for certain maximum allowable distance
values when equity increased, access also increased. Thus there existed no clear trade-off (in terms
of all demand points) between access and equity. However there existed a trade-off between equity
and coverage; as equity of distance increased, coverage decreased. This model was advantageous in
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that it allowed decision makers to investigate maximum allowable distance values that are consid-
ered infeasible in the Model B. Furthermore if decision makers allow flexibility in terms of coverage
and one or two demand points can be excluded from coverage then this model allows decision mak-
ers to find solutions for that flexibility. The disadvantage of this model is that the model must be
repeatedly iterated to find the lowest weighted sum value for the same maximum allowable distance
value and weighted coverage values. This could be time-consuming for decision makers. Another
disadvantage of this model is that access and equity of coverage for demand points not covered
essentially do not exist and this is not suitable for the public PCF problem.

It can thus be concluded that the Model A thus proves best suited to locate public PCF as the
objectives are clearly defined, the solutions are effiecient and a Pareto frontier can be constructed
to select a solution that is preferred by decision makers.

5.2 Future Work

Recommendations for future work of this project is to apply Model A and Model B to a real life
case study. Secondly the cost objective needs to be investigated and thus investigated if there exists
a trade-off between cost, accessibility and equity. Lastly a multi-level formulation of the problem
could also be investigated in order to introduce referrals to the system.
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Appendix A

The Distance Matrices

This section includes the Python script for the calculation of the distance matrices.
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# -*- coding: utf-8 -*-
"""
Created on Fri Jun 15 11:10:19 2018

@author: Lehlohonolo
"""
#import all the required packages
import math
from numpy import array
from numpy import zeros
from numpy import reshape
#Read the data from the text file
f= open("pmedcap13.txt", "r")
xcoords = []
ycoords = []
demand = []

#Initialise the line by line reading of the data
for line in f:
    columns = line.split()
    xcoords.append(columns[1])
    ycoords.append(columns[2])
    demand.append(columns[3])
    
#Combine the x and y coordinates into a matrix    
coords= [list(a) for a in zip(xcoords, ycoords)]
coords= array(coords, dtype=int)
coords = reshape(coords, (100,2))
points= zeros((100,2))

# Make a second matrix for the points
for line in f:
    columns = line.split()
    xcoords.append(columns[1])
    ycoords.append(columns[2])
        
points= [list(a) for a in zip(xcoords, ycoords)]
points= array(points, dtype=int)
points = reshape(points, (100,2))
        
#Begin calculations for the distance matrix
rows,cols= coords.shape
dmat= zeros((rows,rows))

1



d=0
r=0 
c=0
i=0 
j=0

for P in points:
    r= r +1 # To keep track of which row in the coords we're in
    i= r -1 # To keep track of which row in the distance matrix we're in
    for A in coords:
        d= math.sqrt((P[0]-A[0])**2 + (P[1]-A[1])**2)
        c= c+1 # To keep track of the column number iteration
        j= c-(rows*i) -1 #calculating the distance matrix column         
        dmat[i][j]= round(d)    
        
#convert matrix into an integer array        
dmat=array(dmat, dtype=float)
print dmat
print demand

#write the distance matrix into a csv file
import csv

#create a csv file 
with open("pmedcap13.csv", "wb") as csvfile:
     csvwriter = csv.writer(csvfile, delimiter= ",") 
     for r in dmat: #write each row of the matrix into the file
         csvwriter.writerow(r)

#write the demand points into a csv file 
#with open("pmedcap13demand.csv", "wb") as csvfile:
     #csvwriter = csv.writer(csvfile, delimiter= ",") 
     #csvwriter.writerow(demand)

2



Appendix B

Verification and Validation: Model A
Lingo Scripts

This section includes the Lingo scripts of the verification and validation Model A and a screenshot
of the Excel output of the test model.
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MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links:distance* assign);

access= @SUM(Links:distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links:distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedshorttest.xlsx','demandpoints');
J= @OLE('Pmedshorttest.xlsx','facilities');

!Input values;
weight=@OLE('Pmedshorttest.xlsx','weights');
distance=@OLE('pmedshorttest.xlsx','distance') ;

p=2;

!Exporting Results to the Excel File;
@OLE('pmedshorttest.xlsx','open')=open;
@OLE('pmedshorttest.xlsx','dmax')= dmax;
@OLE('pmedshorttest.xlsx','access')= access;
@OLE('pmedshorttest.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I: weight;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: distance* assign);

access= @SUM(Links: distance* assign);

!Objective 2 constrained;
dmax>0;

!Only p number of facilities can be opened;
@SUM(J: open ) = p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the capacity;
@For(J: @SUM(I: weight*assign) <= capacity*open);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!Input values;
capacity=@OLE('pmedcapinputs.xlsx','capacities') ;
weight= @OLE('pmedcapinputs.xlsx','weights1') ;
distance=@OLE('pmedcap1.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap1.xlsx','open')=open;
@OLE('pmedcap1.xlsx','dmax')= dmax;
@OLE('pmedcap1.xlsx','access')= access;

ENDDATA

END
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Appendix C

Verification and Validation: Model B
Lingo Scripts

This section includes the Lingo script of the verification and validation of Model B and the table
of results validating Model B.
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MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)<=1145 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights1') ;
distance=@OLE('2pmedcap1.xlsx','distance1') ;

p=5;
r=120;

!Exporting Results to the Excel File;
@OLE('2pmedcap1.xlsx','open')=open;
@OLE('2pmedcap1.xlsx','assign')=assign;
@OLE('2pmedcap1.xlsx','coverage')= coverage;



@OLE('2pmedcap1.xlsx','access')= access;
@OLE('2pmedcap1.xlsx','dmax')= equity;
ENDDATA

END



Table C.1: Comparison of Model A’s solutions with Model B’s solutions
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Appendix D

Model A Lingo scripts

This section includes the Lingo script of Model A for each dataset. Each page is the individual
script for each dataset.
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MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights1');
distance=@OLE('pmedcap1.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap1.xlsx','open')=open;
@OLE('pmedcap1.xlsx','dmax')= dmax;
@OLE('pmedcap1.xlsx','access')= access;
@OLE('pmedcap1.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights2');
distance=@OLE('pmedcap2.xlsx','distance') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap2.xlsx','open')=open;
@OLE('pmedcap2.xlsx','dmax')= dmax;
@OLE('pmedcap2.xlsx','access')= access;
@OLE('pmedcap2.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights3');
distance=@OLE('pmedcap3.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap3.xlsx','open')=open;
@OLE('pmedcap3.xlsx','dmax')= dmax;
@OLE('pmedcap3.xlsx','access')= access;
@OLE('pmedcap3.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights4');
distance=@OLE('pmedcap4.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap4.xlsx','open')=open;
@OLE('pmedcap4.xlsx','dmax')= dmax;
@OLE('pmedcap4.xlsx','access')= access;
@OLE('pmedcap4.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights5');
distance=@OLE('pmedcap5.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap5.xlsx','value')=open;
@OLE('pmedcap5.xlsx','dmax')= dmax;
@OLE('pmedcap5.xlsx','access')= access;
@OLE('pmedcap5.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights6');
distance=@OLE('pmedcap6.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap6.xlsx','open')=open;
@OLE('pmedcap6.xlsx','dmax')= dmax;
@OLE('pmedcap6.xlsx','access')= access;
@OLE('pmedcap6.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints');
J= @OLE('Pmedcapinputs.xlsx','facilities');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights7');
distance=@OLE('pmedcap7.xlsx','distance1') ;

p=5;

!Exporting Results to the Excel File;
@OLE('pmedcap7.xlsx','value')=open;
@OLE('pmedcap7.xlsx','dmax')= dmax;
@OLE('pmedcap7.xlsx','access')= access;
@OLE('pmedcap7.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints100');
J= @OLE('Pmedcapinputs.xlsx','facilities100');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights11');
distance=@OLE('pmedcap11.xlsx','distance1') ;

p=10;

!Exporting Results to the Excel File;
@OLE('pmedcap11.xlsx','open')=open;
@OLE('pmedcap11.xlsx','dmax')= dmax;
@OLE('pmedcap11.xlsx','access')= access;
@OLE('pmedcap11.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints100');
J= @OLE('Pmedcapinputs.xlsx','facilities100');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights12');
distance=@OLE('pmedcap12.xlsx','distance1') ;

p=10;

!Exporting Results to the Excel File;
@OLE('pmedcap12.xlsx','open')=open;
@OLE('pmedcap12.xlsx','dmax')= dmax;
@OLE('pmedcap12.xlsx','access')= access;
@OLE('pmedcap12.xlsx','assign')= assign;
ENDDATA

END



MODEL:
SETS:
I:weight;
J: open;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;

MIN= @SUM(Links: weight * distance* assign);

access= @SUM(Links: weight * distance* assign);

!Objective 2 constrained;
dmax>0;

!Objective function 2;
!MIN = dmax;

!Objective 1 contsrained;
!@SUM(Links: distance* assign)>0;

!Combined Objective function;

!MIN= @SUM(Links: weight * distance* assign) + dmax;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to one facilities;
@FOR(I: @SUM(J: assign)= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links: distance*assign <= dmax);

!Enforcing the binary for facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

Data:
!Importing data from excel
!set members;
I= @OLE('Pmedcapinputs.xlsx','demandpoints100');
J= @OLE('Pmedcapinputs.xlsx','facilities100');

!I100nput values;
weight=@OLE('Pmedcapinputs.xlsx','weights13');
distance=@OLE('pmedcap13.xlsx','distance1') ;

p=10;

!Exporting Results to the Excel File;
@OLE('pmedcap13.xlsx','open')=open;
@OLE('pmedcap13.xlsx','dmax')= dmax;
@OLE('pmedcap13.xlsx','access')= access;
@OLE('pmedcap13.xlsx','assign')= assign;
ENDDATA

END



Appendix E

Model B Lingo scripts

This section includes the Lingo script of Model B for each dataset. Each page is the individual
script for each dataset.
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MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights1') ;
distance=@OLE('2pmedcap1.xlsx','distance1') ;

p=5;
r=29;

!Exporting Results to the Excel File;
@OLE('2pmedcap1.xlsx','open')=open;
@OLE('2pmedcap1.xlsx','assign')=assign;
@OLE('2pmedcap1.xlsx','coverage')= coverage;



@OLE('2pmedcap1.xlsx','access')= access;
@OLE('2pmedcap1.xlsx','dmax')= equity;
ENDDATA

END



MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights2') ;
distance=@OLE('2pmedcap2.xlsx','distance') ;

p=5;
r=30;

!Exporting Results to the Excel File;
@OLE('2pmedcap2.xlsx','open')=open;
@OLE('2pmedcap2.xlsx','assign')=assign;
@OLE('2pmedcap2.xlsx','coverage')= coverage;



@OLE('2pmedcap2.xlsx','access')= access;
@OLE('2pmedcap2.xlsx','dmax')= equity;
ENDDATA

END



MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights3') ;
distance=@OLE('2pmedcap3.xlsx','distance1') ;

p=5;
r=26;

!Exporting Results to the Excel File;
@OLE('2pmedcap3.xlsx','open')=open;
@OLE('2pmedcap3.xlsx','assign')=assign;
@OLE('2pmedcap3.xlsx','coverage')= coverage;



@OLE('2pmedcap3.xlsx','access')= access;
@OLE('2pmedcap3.xlsx','dmax')= equity;
ENDDATA

END



MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights4') ;
distance=@OLE('2pmedcap4.xlsx','distance1') ;

p=5;
r=31;

!Exporting Results to the Excel File;
@OLE('2pmedcap4.xlsx','open')=open;
@OLE('2pmedcap4.xlsx','assign')=assign;
@OLE('2pmedcap4.xlsx','coverage')= coverage;



@OLE('2pmedcap4.xlsx','access')= access;
@OLE('2pmedcap4.xlsx','dmax')= equity;
ENDDATA

END



MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights5') ;
distance=@OLE('2pmedcap5.xlsx','distance1') ;

p=5;
r=26;

!Exporting Results to the Excel File;
@OLE('2pmedcap5.xlsx','open')=open;
@OLE('2pmedcap5.xlsx','assign')=assign;
@OLE('2pmedcap5.xlsx','coverage')= coverage;



@OLE('2pmedcap5.xlsx','access')= access;
@OLE('2pmedcap5.xlsx','dmax')= equity;
ENDDATA

END



MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights6') ;
distance=@OLE('2pmedcap6.xlsx','distance1') ;

p=5;
r=27;

!Exporting Results to the Excel File;
@OLE('2pmedcap6.xlsx','open')=open;
@OLE('2pmedcap6.xlsx','assign')=assign;
@OLE('2pmedcap6.xlsx','coverage')= coverage;



@OLE('2pmedcap6.xlsx','access')= access;
@OLE('2pmedcap6.xlsx','dmax')= equity;
ENDDATA

END



MODEL:
SETS:
I: weight, coverage;
J: open ;
Links(I, J): distance, assign;
ENDSETS

!Objective function 1;
!MIN= @SUM(Links:weight*distance*assign);

!Objective 2;
Max= @SUM(I: weight*coverage);

!Subject to the following constraints;

!Objective 1 constrained;

@SUM(Links: weight* distance* assign)>0 ;

!Objective 2 constrained;
!@SUM(I: weight*coverage)>0;

!Only p number of facilities can be opened;
@SUM(J: open ) <= p;

!Demand can only be assigned to a facilities if it is in the coverage range;
@FOR(I: @SUM(J: assign)<= 1);

!A facility can only be opened if demand is assigned to it;
@FOR(Links: assign <= open);

!The distance between demand and a facility must be less than the maximum allowable 
distance;
@FOR(Links:distance*assign <= r);

!Linking coverage with its associated facility assignment;
@FOR(I: @SUM(J: assign) >= coverage);

!Enforcing the binary for open facilities;
@FOR( J: @BIN( open));

!Enforcing the binary for assignment;
@FOR(Links: @BIN(assign));

!Enforcing the binary for coverage;
@FOR(Links: @BIN(coverage));

!Tracking variables;
access= @SUM(Links: weight*distance*assign);
equity= @SUM(I: weight*coverage);

Data:
!Importing data from excel
!set members;
I= @OLE('2Pmedcapinputs.xlsx','demandpoints');
J= @OLE('2Pmedcapinputs.xlsx','facilities');

!Input values;
weight= @OLE('2Pmedcapinputs.xlsx','weights7') ;
distance=@OLE('2pmedcap7.xlsx','distance1') ;

p=5;
r=29;

!Exporting Results to the Excel File;
@OLE('2pmedcap7.xlsx','value')=open;
@OLE('2pmedcap7.xlsx','assign')=assign;
@OLE('2pmedcap7.xlsx','coverage')= coverage;



@OLE('2pmedcap7.xlsx','access')= access;
@OLE('2pmedcap7.xlsx','dmax')= equity;
ENDDATA

END



Appendix F

Pareto frontier Graphs for Model A

This section includes the Pareto frontier graphs for DS1 to DS11. These graphs describe the possible
trade-off between the accessibility and equity objectives in the results of Model A.

Figure F.1: Graph showing the Pareto frontier for DS1
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Figure F.2: Graph showing the Pareto frontier for DS3

Figure F.3: Graph showing the Pareto frontier for DS4
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Figure F.4: Graph showing the Pareto frontier for DS6

Figure F.5: Graph showing the Pareto frontier for DS7
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Figure F.6: Graph showing the Pareto frontier for DS11
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Appendix G

Model A Results

This section provides the tables showing the results of Model A for DS1 to DS11. Each table shows
the accessibility and equity objective achieved as well as the facilities selected by the model for
each dataset.

Figure G.1: Model A’s Results for DS1
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Figure G.2: Model A’s Results for DS3

Figure G.3: Model A’s Results for DS4

110



Figure G.4: Model A’s Results for DS6

Figure G.5: Model A’s Results for DS7
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Figure G.6: Model A’s Results for DS11

112



Appendix H

Model B Results

This section provides the tables showing the results of Model A for DS1 to DS11. Each table shows
the accessibility and coverage objective achieved as well as the facilities selected and demand points
excluded by the model for each dataset.

Figure H.1: Model B’s Results for DS4
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Figure H.2: Model B’s Results for DS6
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