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Abstract: Land use allocation (LUA) is of prime importance for the development of urban sustainabil-
ity and resilience. Since the process of planning and managing land use requires balancing different
conflicting social, economic, and environmental factors, it has become a complex and significant issue
in urban planning worldwide. LUA is usually regarded as a spatial multi-objective optimization
(MOO) problem in previous studies. In this paper, we develop an MOO approach for tackling the
LUA problem, in which maximum economy, minimum carbon emissions, maximum accessibility,
maximum integration, and maximum compactness are formulated as optimal objectives. To solve the
MOO problem, an improved non-dominated sorting genetic algorithm III (NSGA-III) is proposed
in terms of mutation and crossover operations by preserving the constraints on the sizes for each
land use type. The proposed approach was applied to KaMavota district, Maputo City, Mozambique,
to generate a proper land use plan. The results showed that the improved NSGA-III yielded better
performance than the standard NSGA-III. The optimal solutions produced by the MOO approach
provide good trade-offs between the conflicting objectives. This research is beneficial for policy-
makers and city planners by providing alternative land use allocation plans for urban sustainability
and resilience.

Keywords: land use planning; multi-objective optimization; NSGA-III; sustainability and resilience

1. Introduction

Land resources play a crucial role in social and economic development. The rational
use of land resources has been demonstrated to be a key factor in achieving sustainability
and resilience. Along with the urbanization process and the development of the economy,
land use allocation has become increasingly important and attracted notable attention [1,2].
In a sustainable development environment, the land use allocation problem involves the
allotment of different competitive land uses to different units of a land area in order to
meet the desired objectives of land managers [3]. It requires land use planners to obtain
the optimal spatial allocation of different types of land use units. The process of land
use allocation is essentially a combinatorial optimization problem with a large number of
potential combinations within the solution space [4].

In addition, various conflicting objectives have emerged during this process that the
planners should satisfy while dealing with a large set of data and variables [5]. This char-
acteristic has made land use allocation be regarded as a multi-objective Nondeterministic
Polynomial-hard (NP-hard) optimization problem in many studies [6]. A typical output
of multi-objective optimization is the Pareto front, which includes a set of solutions that
satisfy trade-offs between different objective functions [7]. The Pareto front identifies
solutions where an improvement in one objective comes at the expense of another, yet these
solutions remain optimal. A solution set is generated because there is typically no single
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solution that optimally satisfies all objectives simultaneously due to their conflicting nature
in multi-objective optimization.

1.1. Motivation

Various meta-heuristics algorithms have been developed and applied to optimize the
search process in multi-objective optimization problems, such as the simulated annealing
(SA) algorithm [8] and genetic algorithm (GA) [9]. From the mechanistic perspective, GA
has been identified to be an appropriate choice for the process of land use optimization [1].
Over the past decade, a series of multi-objective evolutionary algorithms (MOEAs) has
been proposed due to their ability to find multiple Pareto-optimal solutions in a single
run [10]. The Non-dominated Sorting Genetic Algorithm (NSGA), proposed by Srinivas
and Deb (1994) [11], is one of the early developed evolutionary algorithms. In the NSGA
family, NSGA-I was the pioneering algorithm, but it has limitations in terms of convergence
and diversity [12]. NSGA-II addressed these issues and became a popular choice for multi-
objective optimization. NSGA-III is a state-of-the-art evolutionary algorithm, which is
an extension of NSGA-II. It incorporates advanced techniques to maintain diversity in
high-dimensional objective spaces [13]. The choice of which algorithm to use depends on
the specific problem and the number of objectives one needs to optimize.

Maputo, the capital city of Mozambique, is under special consideration for land use
allocation. Mozambique’s economic gains are significantly impaired by recurrent climatic
induced catastrophes that cause economic losses estimated to reach an average of 1.1 percent
of the Gross Domestic Product (GDP) per year. Even more aggravating is that natural
disasters such as floods and cyclones have a long-lasting impact that disproportionately
affects the poorest, where more than half of Maputo’s population is poor, as annotated
by Jenkins (2000) [14]. The urban growth and the lack of a rational land use plan make
Mozambique cities, including Maputo, vulnerable to climate change problems. Therefore,
there is a necessity to optimize land use to build sustainable and resilient cities to overcome
or mitigate poverty and the challenges of climate change in Mozambican cities. This is also
in line with sustainable development goal (SDG) 1 formulated by the United Nations (UN),
i.e., “end poverty in all its forms everywhere”.

The aim of this study is to develop a spatial multi-objective optimization approach
for land use allocation using NSGA-III, which seeks a trade-off among environmental
protection, economic development, resource utilization, and other regional development
goals. Considering the complicated process and computational challenges, we further im-
prove the performance of NSGA-III, adapting it to the problem in question. The developed
approach is applied to KaMavota district, Maputo City.

1.2. Contributions

The contributions of this paper are threefold. First, we propose a spatial multi-objective
optimization approach for land use allocation based on the state-of-the-art evolutionary
algorithm NSGA-III. Secondly, an improved NSGA-III algorithm is developed in terms
of mutation and crossover operations by preserving the constraints on the sizes for each
land use type. In particular, the constraint-preserved mutation and crossover operations
guarantee the completeness of the land use types that consist of more than one cell in
the optimization process. Thirdly, the five optimization objectives of maximum economy,
minimum carbon emissions, maximum accessibility, maximum integration, and maximum
compactness are formulated to solve the land use allocation problem and build sustainable
and resilient cities in developing countries.

1.3. Organization

The organization of this study is outlined as follows. Section 2 introduces the works
related to the applications of multi-objective optimization in urban planning and provides
an overview of non-dominated sorting genetic algorithms. Section 3 elaborates on the
materials and methods utilized, including the study area and data, the steps of the multi-
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objective optimization approach, and the improved NSGA-III algorithm. In Section 4, the
results are presented, including the implementation of NSGA-III for land use allocation and
the convergence analysis. Section 5 further discusses the results in terms of performance
comparison and solution diversity analysis. Finally, the key findings and conclusions are
provided in Section 6.

2. Literature Review
2.1. Applications of Multi-Objective Optimization in Urban Planning

Urban planning is a technical and political process that focuses on the development
and design of land use and the built environment, such as transportation, infrastructures,
green spaces, and accessibility. The lack of urban planning affects the transportation system,
infrastructure, layout, prescribed density of residences, commerce, and industrial areas [15].
Multi-objective optimization has been commonly used in urban planning. For instance,
Deb et al. [15] developed a Geographical Information System (GIS) based on MOEA and
applied it to the Mediterranean landscape of Southern Portugal for land use management,
with three objective functions: maximization of economic return, maximization of carbon
sequestration, and minimization of soil erosion. In Baboldasht, a district of Isfahan in Iran,
Sahebgharani [16] developed a novel meta-heuristic algorithm named parallel particle
swarm to allocate seven land types (residential, commercial, cultural, educational, medical,
sportive, and green space) in order to maximize compactness, compatibility, and suitability
objective functions. Compared with the results performed by GA in other studies, it
was found that both the quality and convergence time of the parallel particle swarm
optimization are better than GA. Liu and Xi [17] investigated multi-objective optimization
of the spatial structure and layout of a protected area using the NSGA-II algorithm and four
objective functions maximizing the value of ecosystem services: provisioning, supporting,
regulating, and cultural. García et al. [18] proposed a multi-objective optimization model
for sustainable land use allocation in the Plains of San Juan, Puebla, Mexico, and searched
for the optimal solution using NSGA-II. Zhao et al. [19] developed a gray multi-objective
dynamic programming (GMDP) model and the ant colony optimization (ACO) algorithm
for land use optimization in Lancang County, China. The maximization of social, economic,
and ecological benefits is used as the optimization objective in the model. Caparros and
Dawson [20] developed a spatial optimization framework to optimize the location of future
residential development against several sustainability objectives, and conducted a case
study of Middlesbrough in the northeast United Kingdom. Shifa et al. [21] carried out a
study to optimize the allocation of land resources, including the optimization of quantity
and space, to bring forward the land use space optimization model based on the particle
swarm evolutionary algorithm. The results showed that the model could analyze the data
of multi-dimensional discrete decision space with good space search features and high
accuracy in parallel.

Table 1 summarizes the applications of multi-objective optimization techniques in sus-
tainable and resilient urban planning, addressing crucial objectives, such as compactness,
flood impact mitigation, carbon emission reduction, economic benefits, and sustainable
development [22–26]. The utilization of various optimization methods reflects the interdis-
ciplinary nature of the field and the diverse approaches employed to tackle complex urban
planning challenges. NSGA-II, known for its efficiency and effectiveness in handling multi-
objective optimization problems, emerges as a prominent choice among the optimization
methods utilized in these studies.
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Table 1. Summary of studies in sustainable urban land use planning.

Reference Application Objective Functions
Optimization

Objective
Approach

Optimization
Methods Spatial Data Type Data

Model Study Area

[27]
Sustainable

Urban
Planning

Minimize investment
cost, maximize

economic–
environmental–

social monetarization
benefits, Maximize

ran off control
capacity

Pareto
front-based

method
NSGA-II

Pipe network
system data, Land
use type, Rainfall
monitoring data

Not
identified Beijing, China

[28]
Sustainable

Urban
Planning

Maximize cooling
effect, Maximize

connectivity,
minimize cost

Pareto
front-based

method
NSGA-II DEM Raster South Korea

[29]
Sustainable

Urban
Planning

Maximize urban
flood reduction,
maximize total

benefits,
minimize cost

Pareto
front-based

method
NSGA-II Rainfall

monitoring data
Not

identified

Cul de Sac area
on Sint

Maarten Island

[30]
Sustainable

Urban
Planning

Minimize urban
ecosystem service,

minimize
compactness

Pareto
front-based

method
NSGA-II

Land cover map,
Leaf Area Index,

Vegetation Height,
DEM, Master Plan,
Building floor plan

Raster
South of the

Malayan
Peninsula

[31]
Sustainable

Urban
Planning

Minimize the cost of
the SPC project,

minimize the inlet
and outlet volume
ratio, minimize the

peak reduction ratio,
maximize the peak

delay ratio, maximize
the landscape quality

of the
sponge facilities

Pareto
front-based

method
NSGA-II Rainfall monitoring

data, DEM Raster

Middle school
campus in
Tongzhou

District, Beijing

[32]

Sustainable
and Resilient

Urban
Planning

Reducing urban
sprawl, reducing risk

from flood events,
restricting
greenspace

development,
reducing risk from

heatwaves,
prioritizing
brownfield

development, and
improving public
transport access

Pareto
front-based

method

Multi-
objective
spatial

optimization

Urban sprawl,
Flood zones, Land
use, Heat waves,

and Transport
access

Raster Greater
Manchester

[33]
Sustainable

Urban
Planning

Solar gain, length,
and distribution of

spatial interventions,
and volumetric mass

of the spatial
interventions

Pareto
front-based

method

Multi-
objective

evolutionary
algorithms

Not
identified

[22]

Sustainable
and Resilient

Urban
Planning

Runoff reduction,
pollution control,

environmental
benefits

Pareto
front-based

method
NSGA-II

Surface, Soil,
Storage, Drain, and

Pavement

Not
identified

Northern
China
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Table 1. Cont.

Reference Application Objective Functions
Optimization

Objective
Approach

Optimization
Methods Spatial Data Type Data

Model Study Area

[34]
Sustainable

Urban
Planning

Total edge length,
loss of agricultural

productivity

Pareto
front-based

method
NSGA-II DEM, Land cover Raster Zürich,

Switzerland

[35]
Sustainable

Urban
Planning

Minimum Tair and
LST at 2 pm,

minimum UTCI at 2
pm and daily HRM,
and minimum daily

EPL, daily EB, and IC

Weighted sum
method

Genetic
algorithm Land cover Raster Greater Sydney

region

[23]
Sustainable

Urban
Planning

Maximize the gray
zones, maximize the

green zones, and
maximize the
connectedness

Pareto
front-based

method
NSGA-II Land cover Raster Shenzhen in

China

[36]

Sustainable
and Resilient

Urban
Planning

Carbon emission,
ecological benefit,
economic benefit,

sustainable
development

Weighted sum
method ANN

DEM, GDP,
population, Land

cover, precipitation,
night light

Raster

Beijing–
Tianjin–Hebei

Region of
China

[24]

Sustainable
and Resilient

Urban
Planning

Energy consumption,
photovoltaic energy

potential, and
sunlight hours

Pareto
front-based

method

Rhino &
Grasshopper Land cover Raster Jianhu City,

China

[25]

Sustainable
and Resilient

Urban
Planning

Scenery and
walkability

Pareto
front-based

method
NSGA-II Safety-index map Not

identified York City

The objective functions considered in the studies encompass various aspects of sus-
tainable and resilient urban planning, including compactness, flood impact minimization,
carbon emission reduction, economic benefits, and sustainable development. Each objec-
tive reflects different dimensions of urban planning, such as environmental, social, and
economic sustainability. Several optimization methods have been applied in these studies,
demonstrating the diversity of approaches used to address the multi-objective nature of
urban planning problems. These methods include multi-objective spatial optimization,
Artificial Neural Network (ANN), Rhino, Grasshopper, and NSGA-II. Among the opti-
mization methods mentioned, NSGA-II stands out as the most utilized. Its efficiency and
ability to efficiently explore the solution space while maintaining a diverse set of solutions
make it well-suited for complex urban planning problems. The prevalence of NSGA-II
in these studies indicates a growing trend in its usage for sustainable and resilient urban
planning. This trend underscores the recognition of NSGA-II as a reliable and effective
tool for finding optimal solutions that balance multiple conflicting objectives in urban
planning decision-making.

Overall, the application of multi-objective optimization techniques, particularly using
NSGA-II, in sustainable and resilient urban planning demonstrates a concerted effort to
address the multifaceted challenges of urbanization while promoting sustainability and
resilience in urban environments. Each of these optimization methods presents a set of
reasons [22] behind its use. On the one hand, such reasons aggregate robustness and
efficiency, intelligent ranking of the Pareto solutions, and less computational time. On the
other hand, they guarantee an optimal solution, better performance in spatial data, and low
computational cost. This trend reflects the increasing importance of optimization-based
approaches in shaping future urban development strategies.
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2.2. An Overview of Non-Dominated Sorting Genetic Algorithms

This section provides an overview of NSGA algorithms commonly used in multi-
objective optimization, namely, NSGA-II, R-NSGA-II, NSGA-III, U-NSGA-III, and R-NSGA-
III. These algorithms are used to find solutions that are not dominated by others in a
multi-objective optimization problem. In NSGA-II, individuals are selected front-wise,
and fronts may need to be split if not all individuals can survive. Solutions in splitting
fronts are selected based on crowding distance that helps maintain diversity by favoring
solutions in less crowded areas of the objective space [37]. The R-NSGA-II (Reference
point-based NSGA-II) is similar to NSGA-II; individuals are selected front-wise, and fronts
may need to be split. Solutions in splitting fronts are selected based on rank, which is
calculated as the Euclidean distance to each reference point. The solution closest to a
reference point is assigned a rank of 1, and the best rank for each solution is selected as
its rank [38]. NSGA-III is based on provided reference directions when initializing the
algorithm, and it first performs non-dominated sorting as in NSGA-II. From the splitting
front, solutions need to be selected based on reference directions [39]. NSGA-III prioritizes
underrepresented reference directions first, and if a reference direction has no solution
assigned, the solution with the smallest perpendicular distance in the normalized objective
space survives. If a second solution for a reference line is added, it is assigned randomly.
NSGA-III selects parents randomly for mating, but it is noted that tournament selection
performs better than random selection [40], and the “U” in “U-NSGA-III” refers to “uni-
fied,” which may involve incorporating tournament pressure to improve performance.
R-NSGA-III (Reference line-based NSGA-III) operates based on reference line generation
and survival selection. Before executing R-NSGA-III, it is necessary to define a set of refer-
ence lines or directions [41]. These reference lines represent different trade-offs among the
multiple objectives of the optimization problem. R-NSGA-III follows the general procedure
of NSGA-III, which includes non-dominated sorting of the population. This step orga-
nizes individuals into non-dominated fronts, where individuals in higher fronts are better
solutions. After non-dominated sorting, R-NSGA-III focuses on selecting solutions from
the splitting (final) front for survival. Solutions are associated with reference directions
based on their perpendicular distance to these directions. R-NSGA-III prioritizes selecting
solutions from underrepresented reference directions. This ensures that each reference line
aims to identify a representative non-dominated solution.

3. Materials and Methods
3.1. Study Area and Data

Mozambique is an African country located in the southeast of the continent, bathed
to the east by the Indian Ocean and sharing borders with Tanzania in the north, Malawi
in the northwest, Zambia and Zimbabwe in the west, Swaziland and South Africa in the
southwest, and South Africa in the south. Maputo City is the capital city of Mozambique,
located in Maputo province in the south of the country [42]. This study was carried out
in one of the seven districts of Maputo City, KaMavota district, as shown in Figure 1. To
localize the study area, we used a top–down approach, which begins with the location of
the country and goes down to the province level, from this ends up in the district level,
where we find KaMavota district. KaMavota district faces accelerated growth and is prone
to natural disasters and climate change events due to its geographical location, as well as
weak management in land use and urban planning. The population growth of Maputo
City has been extremely fast, about 600% between 1960 and 2023, which has resulted in the
emission of huge amounts of carbon dioxide in the city. The Pearson correlation test showed
that there has been a directly proportional relation between carbon dioxide emission and
population growth since 1990 [43]. In the last two decades, the population growth has
been low, and the increase in emission of carbon dioxide is more irregular. As climate
change increases, Maputo’s city population will be more exposed to many of its impacts,
including sea level rise, urban heating, more intense storms and rainfall events, bushfires,
and drought.



ISPRS Int. J. Geo-Inf. 2024, 13, 99 7 of 24

ISPRS Int. J. Geo‐Inf. 2024, 13, x FOR PEER REVIEW  7  of  24 
 

 

the country and goes down to the province level, from this ends up in the district level, 

where we find KaMavota district. KaMavota district faces accelerated growth and is prone 

to natural disasters and climate change events due to its geographical location, as well as 

weak management  in  land use and urban planning. The population growth of Maputo 

City has been extremely fast, about 600% between 1960 and 2023, which has resulted in 

the emission of huge amounts of carbon dioxide in the city. The Pearson correlation test 

showed  that  there  has  been  a  directly  proportional  relation  between  carbon  dioxide 

emission and population growth since 1990 [43]. In the last two decades, the population 

growth has been low, and the increase in emission of carbon dioxide is more irregular. As 

climate change increases, Maputo’s city population will be more exposed to many of its 

impacts, including sea level rise, urban heating, more intense storms and rainfall events, 

bushfires, and drought. 

 

Figure 1. Geographical  locations showing  the  land use classes  in  the KaMavota district, Maputo 

City, Mozambique. 

The land use in the study area is classified into seven categories: water body, trees, 

flooded vegetation, agriculture, built area, bare ground, and rangeland (Figure 1). Water 

body comprises areas where water is predominantly present throughout the year. Trees 

include any significant clustering of tall (~15 feet or higher) dense vegetation, typically 

with  a  closed  or  dense  canopy.  Flooded  vegetation  aggregates  areas  of  any  type  of 

vegetation  with  obvious  intermixing  of  water  throughout  the  majority  of  the  year. 

Agriculture comprises human-planted cereals, grasses, and crops not at tree height. The 

built  area  includes  human-made  structures, major  road  and  rail  networks,  and  large 

homogenous  impervious  surfaces  including  parking  structures,  office  buildings,  and 

residential housing. Bare ground aggregates areas of rock or soil with very sparse-to-no 

vegetation for the entire year, large areas of sand, and deserts with no-to-little vegetation. 

Rangeland comprises open areas covered by homogenous grasses with little-to-no taller 

vegetation, wild cereals, and grasses with no obvious human plotting. 

The  land  use  data were  downloaded  from  a  global map  of  land  use/land  cover 

derived from Environmentally Sensitive Areas Project (ESA) Sentinel-2 imagery at 10 m 

resolution. These data were generated from the Impact Observatory’s deep learning-based 

land classification model using a massive  training dataset of billions of human-labeled 

image  pixels,  developed  by  the National Geographic  Society.  The  global maps were 

Figure 1. Geographical locations showing the land use classes in the KaMavota district, Maputo
City, Mozambique.

The land use in the study area is classified into seven categories: water body, trees,
flooded vegetation, agriculture, built area, bare ground, and rangeland (Figure 1). Water
body comprises areas where water is predominantly present throughout the year. Trees
include any significant clustering of tall (~15 feet or higher) dense vegetation, typically
with a closed or dense canopy. Flooded vegetation aggregates areas of any type of vegeta-
tion with obvious intermixing of water throughout the majority of the year. Agriculture
comprises human-planted cereals, grasses, and crops not at tree height. The built area
includes human-made structures, major road and rail networks, and large homogenous
impervious surfaces including parking structures, office buildings, and residential housing.
Bare ground aggregates areas of rock or soil with very sparse-to-no vegetation for the entire
year, large areas of sand, and deserts with no-to-little vegetation. Rangeland comprises
open areas covered by homogenous grasses with little-to-no taller vegetation, wild cereals,
and grasses with no obvious human plotting.

The land use data were downloaded from a global map of land use/land cover
derived from Environmentally Sensitive Areas Project (ESA) Sentinel-2 imagery at 10 m
resolution. These data were generated from the Impact Observatory’s deep learning-based
land classification model using a massive training dataset of billions of human-labeled
image pixels, developed by the National Geographic Society. The global maps were
produced by applying this model to the Sentinel-2 scene collection on Microsoft’s Planetary
Computer, processing over 400,000 Earth observations per year. Table 2 provides the
summary of land use types. To implement the land use allocation, we divide the study
area into 50 m × 50 m grids. The number of cells per unit is provided for each land use
type. The number of cells and the proportion for each land use type are also calculated.
The highest proportion comprises the residential area, while the lowest proportion of the
land use comprises the fire services.
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Table 2. Summary of land use types. The 2348 is the total number of cells in the map, excluding no
data, 100% is the total proportion of land use types.

Code Land Use Number of Cells per Unit
of Land Use

Number of Cells
in the Map Proportion Land Use Value

1 Residential 1 2055 87.52% 859 MZM

2 Nursery 5 100 4.26% 5689 MZM

3 Primary schools 5 15 0.64% 13,813 MZM

4 Secondary schools 10 50 2.13% 27,640 MZM

5 Urban health
center 20 60 2.56% 58,889 MZM

6 Public facilities 1 40 1.70% 1889 MZM

7 Fire services 4 8 0.34% 2889 MZM

8 Waste burning
centers 20 20 0.85% 40,819 MZM

Total 2348 100.00%

Table 3 provides detailed information about different land use classes in the study area.
The table consists of eight attributes: (1) the land use types; (2) the area of one unit in square
meters for each land use type; (3) the weight of the land use that represents the fraction
of each land use type; (4) the recommended minimum travel distance between residential
and other land use types by the Minister of Environment, Science and Technology (2011)
and United Nations Human Settlements Programme (2015); (5) the weight (wj) of the land
use distance that represents the fraction of the distance between the residential and other
land use types; (6) the average value for each land use type; (7) the maximum capacity
representing the maximum number of persons that can be allocated to each land use type;
and (8) the average carbon emission that represents the amount of carbon emitted in each
land use type [44,45].

Table 3. Information about different land use classes in Maputo.

Land Use
Types

Area for Each
Unit

Weight of the
Land Use (µj)

Recommended
Minimum

Travel
Distance

Weight of the
Land Use

Distance (wj)

Average Value
(Thousand

MZM)

Maximum
Capacity
(Person)

Average
Carbon

Emission
(Million Tons)

Residential 500 m2 0.0028 0 m 0 859 5 0.0210

Nursery 5000 m2 0.0283 800 m 0.0298 5689 1000 0.0012

Primary School 12,140 m2 0.0686 800 m 0.0298 13,813 1500 0.0018

Secondary
School 24,300 m2 0.1373 1250 m 0.0466 27,640 5000 0.0260

Urban Health
Center 50,000 m2 0.2826 2500 m 0.0931 58,889 25,000 0.0410

Public
Facilities 25,000 m2 0.1413 3000 m 0.1117 1889 500 0.0320

Fire Service 10,000 m2 0.0565 7500 m 0.2793 2889 50 0.0220

Waste Burning
Center 50,000 m2 0.2826 11,000 m 0.4097 40,819 40 0.4000

3.2. Multi-Objective Optimization

Multi-objective optimization has been applied to model land use problems in which
the objective functions usually conflict with each other, along with several constraints
and diverse variables. This kind of problem, described by many objective functions,
characterizes the branch of multi-objective optimization [46]. Such a problem, with m
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objectives ( f1(x), f3(x), f3(x), . . . , fm(x)), n decision variables x = (x1, x2, x3, . . . , xn), and k
constraints, is as depicted in Equation (1).

Minimize(Maximize) F = ( f1(x), f3(x), f3(x), . . . , fm(x)) (1)

gi(x) [≤|≥|=] 0, i = 1, 2, 3, . . . k

3.2.1. Objectives of the Multi-Objective Optimization Model

The multi-objective optimization for the land use allocation problem aims to provide
sustainable territorial exploitation at the sub-region scale considering economic, environ-
mental, and social factors leading to low carbon emission, maximum population capacity,
maximum total income, high accessibility, and high compactness. In this study, all the
objectives are chosen from the perspective of sustainable and resilient land use planning.
The five objectives are described as follows:

Objective 1: Maximization of the economic objective

The economic objective aims to maximize the total land use economy. The value is a
measure of how much a property is worth excluding any structure built on the land [47].
This valuation includes the value of the raw land and additional values (e.g., better accessi-
bility). When demand exceeds supply, the value of land will increase. The same is true if a
particular piece of land has intrinsic value, for instance, if it is found that the land contains
oil reserves. Note that the assessed value of the land and any structure may not reflect the
current market price of the property, as the selling price for a property is dependent on
market conditions.

Kamavota district consists of 5% fourth-floor buildings, 10% third-floor buildings, 15%
second-floor buildings, and 40% first-floor buildings, and 20% of the land is open space.
For all buildings, each floor has its economic value. The economic value for each building
is determined as the sum of the economic value for each floor multiplied by the proportion
of the land use type. To obtain the total economic land use value of the study area, we sum
up the economic value for each cell, as described in Equation (2).

f1(x) = max

(
N

∑
i=1

M

∑
j=1

K

∑
k=0

E(k)
ij ·µij

)
, (2)

where E(k)
ij is the annual land value of the property in the cell (i, j), µij is the weight of land

use type (see Table 2), i is the ith row in the grid cell of the study area, N represents the
total number of rows, j is the jth column in the grid, M is the total number of columns, k is
the number of floors of the building on the land, and K is the maximum number of floors
(max height) allowed to be built, which is equal to five in this study. As different land use
configurations yield different economic benefits, optimizing the structure and layout of
different land uses to maximize economic benefit is crucial.

Objective 2: Minimization of the carbon emission objective

The range of human activity now exerts a strong effect on the climate system. The
change in greenhouse gases caused by human activity changes the energy flow in the
climate system and creates a forcing on the system [48]. Understanding the emissions
embodied in existing infrastructure stocks is fundamental to estimating future emissions
from infrastructures to be built in developing countries and identifying effective strategies
for reducing indirect emissions. Identifying strategies for reconciling human development
and climate change mitigation requires an adequate understanding of how infrastructures
contribute to well-being and greenhouse gas emission [49]. While indirect emissions
from infrastructure use are well-known, information about indirect emissions from their
construction is highly fragmented [50].

For each building, the carbon emission of each floor can be estimated as the sum of
the amount of carbon emitted by each floor times the proportion of the land use type. To



ISPRS Int. J. Geo-Inf. 2024, 13, 99 10 of 24

obtain the total amount of carbon emission of the study area, we summed up the amount
of carbon emission for each cell, as described in Equation (3).

f2(x) = min

(
N

∑
i=1

M

∑
j=1

K

∑
k=0

C(k)
ij ·µij

)
, (3)

where N represents the number of rows, i is the ith row, M is the number of columns, j is
the jth column, k is the floor, K is the number of floors, Ck

ij is the carbon emitted by building
in the cell (i, j), and µij is the weight of the land use type.

Objective 3: Maximization of the accessibility objective

The built environment must be accessible for the desired and intended use. This
objective function focuses on the easy access of residential areas to other non-residential
public spaces, such as parks, schools, and hospitals, as suggested by [51]. Accessibility
has been widely used to measure the ease of access to a place. Good accessibility provides
more mixed use of the public spaces [52], which is an advantage in modern urban planning.
Here, we estimate the accessibility of each residential cell to other land use cells.

For each residential cell i and for other land use j, the weighted distances between
i and j are the Euclidian distances between the cells times the weight of the land use j.
So, the total distance between each residential cell and the cells of other land use types is
computed as the sum of the distances from each residential cell i to other land use cells.
Considering the above, this objective function consists of maximizing the accessibility by
minimizing the total distance between residential cells and other land use cells, as presented
in Equation (4).

f3(x) = min

(
N

∑
i=1

M

∑
j=1

dij·wj

)
, (4)

where i represents the residential cells, N is the total number of residential cells, j represents
other land use cells, M is the total number of cells of other land uses, and dij is the minimum
distance between the residential cell i and a land use cell j. wj is the weight of the land use
distance to the facility (see Table 2).

Objective 4: Maximization of the space syntax integration objective

Space syntax is a science-based, human-focused approach that investigates relation-
ships between different spaces, or interactions between space and society [53]. Axial lines
have been commonly used for the representation of an urban structure in space syntax,
which represent the longest visibility lines in two-dimensional urban spaces. In terms
of the axial line-based representation, global and local integration are two of the typical
morphological parameters for the analysis of urban structure. Figure 2 displays the maps
of global and local integration values in the study area. Integration measures the amount of
street-to-street transitions needed from a street segment to reach all other street segments
in the network using shortest paths [54]. In urban land use planning, it is important to
guarantee the public facilities close to streets.

This objective function aims to maximize the closeness between cells that represent
non-residential public facilities (e.g., markets and shops), and the streets that have high
local integration values. To achieve this goal, the Euclidian distance between the streets
with high integration values and the nearest non-residential land use types is calculated
for each axial line segment i with high integration and for each cell j of a public facility.
The distance between i and j is the Euclidian distance between the line segment with high
integration and a public facility. So, the total distance between each line segment with high
integration and for each public facility cell is computed as the sum of the distances from
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each line segment with high integration i, which is the total distance between this and all
public facilities cells, as described in Equation (5).

f4(x) = min

(
S

∑
i=1

N

∑
j=1

dij

)
, (5)

where i represents the axial line segment with high integration, S is the total number of
segments with high integration, j represents a cell of land use target that comprises public
facilities, N is the number of cells of land use target, and dij is the minimum distance from
segment i to the nearest cell j.
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Objective 5: Maximization of the compactness objective

The global trend of urbanization leads to environmental degradation and the emer-
gence of the compact city concept as a potential solution. Compact cities have been
indicated to be able to offer significant advantages in terms of suitable urban form and ur-
ban sustainability [55,56]. One of the principles of urban sustainability is that more compact
urban forms are more efficient in their overall use of space and energy. In many designs,
this has been translated into high-rise buildings, with a focus on energy management at
their outer envelopes. Compact cities also provide all one needs to live in one community,
including work opportunities. A citizen who works in a compact city can walk or bike a
short distance to work instead of driving. This reduces fossil fuel consumption, emissions,
and pollutants, as well as traffic density [57]. Generally, compactness suggests efficient
land planning, high density of the built environment, and intensification of its activities.

This objective aims to maximize the compactness for the sustainability of the city.
In this study, we use the basic eight-neighbor method to measure compactness [1]. For
each cell in the land use grid, we compute its radio δij that corresponds to the quotient
between the number of neighborhood cells with the same type and the total number of
neighborhood cells. Figure 3 shows examples of the compactness calculation for different
cells. The objective compactness is expressed as:

f5(x) =
1
T

N

∑
i=1

M

∑
j=1

δij, (6)

where δij is the ratio of cells allocated for the same land use type in each cell’s eight
neighboring cells, j represents the jth row, N is the number of rows, i represents the ith
column, M is the number of columns, and T is the total number of cells in the study area.



ISPRS Int. J. Geo-Inf. 2024, 13, 99 12 of 24

ISPRS Int. J. Geo‐Inf. 2024, 13, x FOR PEER REVIEW  12  of  24 
 

 

cell  in  the  land  use  grid, we  compute  its  radio  𝛿    that  corresponds  to  the  quotient 

between the number of neighborhood cells with the same type and the total number of 

neighborhood cells. Figure 3 shows examples of the compactness calculation for different 

cells. The objective compactness is expressed as:   

𝑓 𝒙
1
𝑇

𝛿 ,  (6)

where  𝛿    is  the  ratio of  cells allocated  for  the  same  land use  type  in each cell’s eight 

neighboring cells,  𝑗  represents  the  𝑗th row, 𝑁  is  the number of rows,  𝑖  represents  the 
𝑖th column, 𝑀  is the number of columns, and  𝑇  is the total number of cells in the study 

area. 

 

Figure 3. Examples of compactness calculation. Each color on grid represents a given land use 

type. 

3.2.2. Constraints 

This section provides the constraints of the multi-objective model since the number 

of cells  is constant  for each  land use  type and  is  in agreement with Table 1. Therefore, 

Equation (7) defines the restrictions of the model as follows: 

𝑥 , 𝑁 , 𝑘 1,2,3, … ,8,  (7)

where 𝑁   is  the  total number of cells  in  the study area of  type  𝑘;  this represents  the 
code for land use type.  𝑥 ,   is the  𝑖th and  𝑗th cell of land use type  𝑘. 

3.3. Improved NSGA‐III 

NSGA-III is a powerful algorithm for solving MOO problems by efficiently exploring 

and approximating the Pareto front using non-dominated sorting and reference points. It 

provides a set of diverse and high-quality solutions that allow decision-makers to make 

informed choices based on their preferences for different objectives. Figure 4 shows the 

procedure of NSGA-III. The NSGA-III begins with population initialization based on the 

problem range and constraint, then follows the sorting process based on non-domination 

criteria of the initialized population. Once the sorting is complete, the crowding distance 

value is assigned front-wise. The individuals in the population are selected based on rank 

and  crowding  distance.  The  selection  of  individuals  is  carried  out  using  a  binary 

tournament  selection  with  a  crowded-comparison  operator.  The  real  coded  genetic 

algorithm  implements  genetic  operators  using  simulated  binary  crossover  and 

Figure 3. Examples of compactness calculation. Each color on grid represents a given land use type.

3.2.2. Constraints

This section provides the constraints of the multi-objective model since the number
of cells is constant for each land use type and is in agreement with Table 1. Therefore,
Equation (7) defines the restrictions of the model as follows:

∑
i

∑
j

x(k)i,j = N(k), k = 1, 2, 3, . . . , 8, (7)

where N(k) is the total number of cells in the study area of type k; this represents the code
for land use type. x(k)i,j is the ith and jth cell of land use type k.

3.3. Improved NSGA-III

NSGA-III is a powerful algorithm for solving MOO problems by efficiently exploring
and approximating the Pareto front using non-dominated sorting and reference points. It
provides a set of diverse and high-quality solutions that allow decision-makers to make
informed choices based on their preferences for different objectives. Figure 4 shows the
procedure of NSGA-III. The NSGA-III begins with population initialization based on the
problem range and constraint, then follows the sorting process based on non-domination
criteria of the initialized population. Once the sorting is complete, the crowding distance
value is assigned front-wise. The individuals in the population are selected based on rank
and crowding distance. The selection of individuals is carried out using a binary tourna-
ment selection with a crowded-comparison operator. The real coded genetic algorithm
implements genetic operators using simulated binary crossover and polynomial muta-
tion [58]. The NSGA-III combines offspring population and current generation population,
and the individuals of the next generation are set by selection. The new generation is filled
by each front subsequently, until the population size exceeds the current population size.

In this study, we improve NSGA-III in terms of mutation and crossover operations
by preserving the constraints on the sizes for each land use type. As shown in Table 1, the
land use types display different sizes, such as one cell for residential area, four cells for
fire services, twenty cells for urban, etc. According to the space syntax analysis, public
facilities should be established in the cells with high integration. Therefore, although the
public facilities have 10 cells for each, it is not mandatory to group the 10 cells by following
the distribution of cells with high integration. A major challenge related to mutation and
crossover operations in optimizing land use allocation is to assure the completeness of the
land use types that consist of more than one cell in the optimization process.
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3.3.1. Constraint-Preserved Mutation Operation

Mutation is the change in the structure of a gene, resulting in a variant form that may
be transmitted to offspring, caused by a change in the sequence of genes or the deletion,
insertion, or rearrangement of larger sections of genes or chromosomes [59]. Mutations
generate solution diversity by making changes to genes in the chromosome. Mutation
operators are important tools in generating good offspring. In spatial mutations, there are
many kinds of mutation operators to generate solutions diversities, such as two-step spatial
mutation, which avoid local optimum traps and promote the compactness of land use.

According to the above-mentioned constraints, we developed a constraint-preserved
mutation operation approach. Since there are eight land use types in this study, each land
use type has a probability of 0.125 to be chosen. Considering that only the residential land
use type contains one cell for each unit, all the mutation operations will be implemented
between the residential land use type and the other seven land use types. If a land use
type different from residential is selected, we re-allocate it to its nearest available space
consisting of residential cells. In this way, it ensures that each mutation operation adheres
to the predefined constraints on the sizes of land use types.
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3.3.2. Constraint-Preserved Crossover Operation

Crossover interchanges the sections between pairing homologous chromosomes dur-
ing the genetic algorithm execution [60]. A crossover operation creates a new gene com-
bination by swapping genes from different chromosomes in accordance with a certain or
adaptive probability. Since the land use types except residential contain more than one cell,
swapping the genes may destroy the completeness of some land use types. In this study,
we improve the traditional crossover operator to preserve the above-mentioned constraint.
Concretely, the units of land use types are randomly selected from parent 1 and 2 for each
crossover operation. If the two units have the same land use types, the new offspring will
be yielded by the crossover. Otherwise, the neighboring cells of the selected land use unit
from parent 1 will be considered until the crossover operation is finished.

4. Results

In this study, the Python Multi-Objective Optimization (PYMOO) framework was used
for NSGA-III implementation. PYMOO is a Python library specifically designed for multi-
objective optimization. It provides tools for visualizing the Pareto front and analyzing the
trade-offs between objectives using matplotlib [61] and other plotting libraries. The output
of the analysis is the determination of the optimal allocation of the eight land use types in
the study area, applying the five objectives presented in Section 4.2. As mentioned above,
there is no best solution but a set of optimal solutions for an MOO problem. The concept of an
optimal solution is defined as a non-dominated (efficient, or Pareto-optimal) solution. Each
run in MOO returns a non-dominated set of solutions and compares sets of solutions.

4.1. The Implementation of NSGA-III for Land Use Allocation

As mentioned in Section 3, the study area is divided into 50 m × 50 m cells to
implement land use allocation. There are 2348 cells in total, including all land use types, as
shown in Table 1. Solving the optimization problem of land use allocation using NSGA-III
involves encoding land use types in the form of a chromosome. This representation can be
a grid of genes, where the position of each gene represents a cell, and the land use type of
the unit is determined by a value. To run NSGA-III, we created a chromosome consisting of
2348 genes. Then, we assigned random values to each gene, according to the percentages
listed in Table 1. Figure 5 shows the land use allocation based on the first chromosome.
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Based on the constraint-preserved mutation operation depicted in Section 3.3.1,
Figure 6 shows an application of the mutation operations. For example, after several
times of mutation operations for public facilities, there are some changes in the spatial
distribution of land use types by comparing the parent and offspring chromosomes (i.e.,
the black circle areas). By applying constraint-preserved mutation, the method ensures that
each mutated solution adheres to the predefined constraints.
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Figure 7 shows an application of crossover operations. Taking the fire services in the
parent chromosomes as an example, the fire services in the offspring are displayed after
crossover operations. This form of crossover is designed to maintain some of the genetic
diversity of both parents while ensuring that the number of land use types is constant.
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4.2. Convergence Analysis

In this subsection, we present some basic metrics to evaluate the quality of the optimal
Pareto front solutions, between the standard and improved NSGA-III, using the Hypervol-
ume metric. In addition, we present the running metric and the constraint satisfaction.

4.2.1. Hypervolume

For convergence analysis, we used the well-known performance indicator called Hy-
pervolume for multi-objective problems [62]. Hypervolume is a valuable metric evaluating
the quality of solutions in MOO. Since the goal of MOO is usually to find a set of solutions
that cover as much of the objective space as possible, the Hypervolume indicator measures
the volume of the objective space that is dominated by a given Pareto front. A larger
Hypervolume generally indicates a better Pareto front. It is usually used in conjunction
with other performance metrics to gain a comprehensive understanding of how well an
algorithm is performing in multi-objective optimization.

The analysis was implemented using the Hypervolume package from R software,
version 4.3.1. That package constructs the Hypervolume using one of the several possible
methods, such as box–kernel density estimation, Gaussian kernel density estimation, or
the one-class support vector machine, after error-checking input data [63]. Moreover,
the dominated portion of the objective space can be used to measure the quality of non-
dominated solutions [64]. Figure 8 displays the comparison between the standard and the
improved NSGA-III in terms of the Hypervolume indicator. In Figure 8, the Hypervolume
values are normalized for the standard and improved NSGA-III to make the range between
0 and 1 for better comparison. It can be observed that the Pareto front from the improved
NSGA-III has a higher Hypervolume, which indicates that it offers better trade-offs among
conflicting objectives. In addition, the quality of the solutions increases simultaneously
with the growth of the generation number, and the improved NSGA-III keeps its superiority
in terms of solutions quality in the land use allocation problem of this study.
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4.2.2. Running Metric

Another way of analyzing convergence is the running metric. When the change be-
comes very small or reaches a predefined threshold, it suggests convergence. A convergence
plot shows how the objective function or other relevant metrics change over iterations. This
visual representation helps identify trends and convergence behavior. The running metric
illustrates the variation in the objective space between successive generations and uses
the algorithm’s survival to visualize the improvement [65]. It is capable of evaluating the
performance of NSGA algorithms at different generations. This metric is also being used in
PYMOO to determine the termination of a MOO algorithm if termination criteria have not
been defined in advance.

Figure 9 shows the running performance metric ∆f at generations t between 10 and
50 with an interval of 10. The plot shows that the performance is steadily improving with
generation. For instance, this analysis reveals that the algorithm improved significantly
from the 6th to the 10th generation, at t = 10. Regarding t = 20, the algorithm showed an
improvement from the 18th to the 20th generation. With regards to t = 30, from the 20th to
the 30th generations, the algorithm presented an improvement from the 23rd to the 30th
generation. From the 30th to the 40th generation, the algorithm presented an improvement
from the 38th to the 40th generation. Regarding the plot t = 50, the algorithm showed an
improvement from the 48th to the 50th generation.
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4.2.3. Constraints Satisfaction

Convergence analysis in the context of constraint satisfaction problems (CSPs) focuses
on determining whether an algorithm is making progress toward finding a solution that
satisfies all the given constraints. The convergence analysis for CSPs can, however, be
challenging because the focus is on finding a feasible solution rather than optimizing
an objective function. Therefore, it is essential to tailor the convergence metrics to the
specific constraints and goals of the problem. Additionally, considering the trade-off
between finding a solution quickly and finding an optimal solution, different algorithms
may prioritize one over the other. Figure 10 presents the convergence process across the
function evaluations. It can be observed that the whole population became feasible in
generation 12 after 1512 evaluations.
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5. Discussion

In this section, we discuss the results, starting from the performance comparison of the
standard and improved NSGA-III algorithms. The improved NSGA-III was demonstrated
to outperform the standard NSGA-III in terms of the quality of the Pareto front and
efficiency. In addition, the analysis of the diversity of the Optimal Pareto front applied to
the KaMavota district.

5.1. Performance Comparison

In this section, we conduct a performance comparison between the standard (orange
line) and improved NSGA-III (blue line) in terms of the computation time, as show in
Figure 11. Both algorithms were run over 500 generations. It can be observed that the com-
putation time (in hours) of the improved NSGA-III is less than that of the standard NSGA-III
at different generations. With the number of generations increasing, the computation time
of the improved NSGA-III grows slower than that of the standard NSGA-III.
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The computational efficiency of the improved NSGA-III is a crucial aspect to consider
when assessing its performance in solving multi-objective optimization problems. Several
factors influence the computation efficiency of NSGA-III, such as Time Complexity, Pareto
Front Approximation, Convergence Speed, Scalability, Handling Constraints, and Param-
eter Sensitivity [66]. Regarding time complexity, efficiency is often measured in terms of
time complexity, indicating how the algorithm’s execution time scales with the size of the
problem; for this case, when we increase the number of generations, the computation time
increases as well. The improved NSGA-III aims to reduce the time complexity associated
with non-dominated sorting, which is a key operation in multi-objective optimization. An-
other factor considered is Handling Constraints, which shows the ability of the improved
NSGA-III to handle constraint optimization problems efficiently. Efficient handling of
constraints ensures that the algorithm can explore feasible regions effectively. It is impor-
tant to note that the computational efficiency of the improved NSGA-III is often assessed
through empirical studies and benchmarking against other multi-objective optimization
algorithms. Researchers and practitioners typically analyze its performance on various
problem instances to understand its strengths and limitations in different scenarios.

5.2. Solution Diversity Analysis

The model was executed for 50 iterations based on the five objectives. Figure 12
presents five optimal land use allocation maps. Considering the maximum economic
objective, the non-residential land use is shifted to the center and north of the Kamavota
district (see Figure 12a). When the carbon emission objective is at minimum, all the
land use types are well distributed over the entire Kamavota district (see Figure 12b).
Regarding the importance of the accessibility objective, which minimizes the distance
from residential to other land use, Figure 12c shows adequate access to essential urban
and social resources, e.g., employment, education, medical treatment, and public facilities.
The space syntax integration objective used spatial analysis to uncover patterns of urban
segregation within the Kamavota district. The analysis focused on the layout of the district,
its core and integration patterns, and the presence of isolated areas, providing valuable
insights into the spatial dynamics of segregation in the district (see Figure 12d). In the
compactness development, the major objective is that the district should solve its own
problems within its own limits, avoiding the consumption of more lands. In addition, the
intention is to reduce distances between residences, schools, and public facilities, which
could only be achieved through the combination of higher densities. The goal is to enhance
functional and social diversity while revitalizing neglected areas in the Kamavota district.
The ultimate aim is to establish a multimodal accessible district, emphasizing proximity
between activities and land uses, thereby transforming car usage into an option rather than
a necessity (see Figure 12e). The land use study of the Kamavota district involves using an
optimization approach to generate planning support scenarios. This approach is deemed
valuable because it allows for quantitative trade-off analysis and accommodates different
user preferences, leading to various optimized solutions. The optimal solution reflects a
balanced consideration of multiple objectives during the optimization process.

We further used Petal diagrams to compare different categories of solutions from the
Pareto front set. The Petal diagram is a pie diagram, where the objective value is represented
by the colored area of each sector. Colors are used to further distinguish the sectors, which
correspond to different objectives. It has been commonly used in decision-making and
governance to help managers and decision-makers assess and balance various objectives or
criteria. These diagrams provide a graphical representation of how different objectives or
criteria relate to each other and how they can be prioritized based on the goals and values
of the organization or individual. This trade-off is a common aspect of decision-making
and strategic planning.

In this study, we created multiple Petal diagrams for different solutions and compared
them to identify the similarities or differences (see Figure 13). This provides policy-makers a
wide space of choice for the best solution. For example, as can be seen from Figure 13 (S13),
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the decision-makers can choose to maximize land use economy and accessibility. However,
this may come at the expense of other objectives that are not prioritized in this particular
context. In the case of Figure 13 (S23), the focus is on maximizing space syntax integration
and compactness, and other objectives may be sacrificed to achieve these specific goals.
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each optimal solution in optimal Pareto front set.

The key to using Petal diagrams effectively is to have a clear understanding of the
objectives, their relative importance, and how they are interrelated. This allows decision-
makers to make informed choices and strike a balance that aligns with the overall goals and
governance of the organization. It is also important to consider the potential consequences
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of sacrificing certain objectives, as there may be trade-offs and unintended outcomes
to consider.

6. Conclusions

The optimal layout of land resources is of paramount importance to reach sustainability
and resilience in response to climate change and natural disasters in land use planning. The
aim of this paper is to develop an MOO model to obtain optimized solutions for land use
allocation based on eight simplified land use types: residential, nursery, primary school,
secondary school, urban health center, public facility, fire service, and waste burning center.
A multi-objective approach is used to specify the fitness functions. The five objectives were
devised based on the notion of sustainability and resilience to climate change and natural
disasters of land use: Maximization of economic objective, Minimization of carbon emission,
Maximization of the accessibility objective, Maximization of space syntax integration, and
Maximization of compactness objective. In addition, an improved NSGA-III algorithm
is developed to solve the land use allocation problem in the Kamavota district, Maputo
City, Mozambique. According to the results of convergence analysis and performance
comparison, it is found that the improved NSGA-III shows a better performance than the
standard NSGA-III. Although the proposed approach has been applied to Maputo, as a case
study, it can also be applied for land use planning in other cities in Africa and elsewhere
that are under development when the required data are available.

A few limitations remain in research that could be implemented in future studies.
First, it is interesting to conduct a comparative analysis between the improved NSGA-III
and alternative algorithms, and evaluate their performance and quality of the Pareto front.
Second, we use Petal diagrams to display the Pareto front derived by the NSGA-III in
this study. Some other ways can be attempted to display the Pareto front in the context
of multi-objective optimization in future work, such as Parallel Coordinate Plots, Scatter
Plots, etc. Lastly, 50 m × 50 m cells were chosen as the basic units to implement land use
allocation. The cell size was determined based on the characteristics of the infrastructures
in Maputo City. Exploring the impact of cell size on the quality of the Pareto front could be
another direction of our future research on this subject.
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