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Abstract 
This paper explores the potential application of a modified version of the Non-dominated Sorting 
Genetic Algorithm (NSGA)-II for land-use planning in Mediterranean islands that constitute a geo-
graphical entity with similar characteristics. Study area is the island of Naxos, which is a typical 
Mediterranean island. In order to monitor the land-use changes of the island for the period 
1987-2010, object-based classification of three Landsat images has been carried out. The 1987 
land-use classification defined the initial population for the Genetic Algorithm (GA) and the aim 
was to provide the optimal development scenario for Naxos island taking into consideration leg-
islation, geological characteristics and environmental parameters. The GA was used in order to 
introduce land use changes while maximizing transformation suitability, compactness, economic 
return, and minimizing soil erosion. The output of the GA was compared to the actual develop-
ment of the island. The outcomes confirmed the proposed algorithm’s convergence process, while 
the GA solutions eventually formed a Pareto Front and performed adequately across all objectives. 
The GA algorithm has proposed reduction of Irrigated farming land by 16%, increase of Dry farm-
ing land by 131%, and the maximum allowed by the defined constraints increase of Urban land 
(100%), mostly on the eastern and central part of Naxos. These changes significantly differ from 
the actual development of the island. Economic return after optimization increased by 18%, while 
soil erosion decreased from 1948 t/y to 1843 t/y. 
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1. Introduction 
Resources have a prominent role in forming and implementing policies related to sustainable development [1]. 
However, investigating the optimal way that resources should be allocated to achieve certain objectives is a 
challenging venture. These problems are named Resource Allocation Problems (RAPs) [2]. Land is one of the 
most valuable resources, thus many RAPs are related to land-use allocation [1], a term used to describe “the 
process of allocating different activities or uses to particular units of an area within a region” [3]. Such prob-
lems are multiobjective and present substantial computational complexity because: 1) multiple, sometimes even 
conflicting-parameters should be analyzed; 2) a plethora of possible solution-combinations should be assessed; 
3) complex interactions amongst the allocated land parcels should be investigated and 4) they are linked to many 
fields [3] [4]. Hardly ever a unique solution optimizes these complex non-linear multiobjective problems suffi-
ciently; thus these problems are characterized as non-deterministic polynomial problems and “require heuristic 
methods for executing optimization processes” [1]. 

Mediterranean islands are distinct spatial units which share similar climatic, geological and hydrological cha-
racteristics as well as landscape and biodiversity and economic activities. Appropriate tools are required to faci-
litate resource allocation in Mediterranean islands, an issue of critical importance since insularity significantly 
influences the available resources and consequently all related policies. 

This paper explores the potential application of a revised version of the Non-dominated Sorting Genetic Al-
gorithm (NSGA)-II for land-use planning in the Mediterranean islands. Taking into consideration legislation, 
geological characteristics and environmental parameters, the NSGA-II was used to provide the optimal devel-
opment scenario for a Mediterranean island. For this scope the Genetic Algorithm (GA) was programmed to in-
troduce land use changes, while maximizing transformation suitability, compactness, economic return, and mi-
nimizing soil erosion. NSGA-II is a widely used algorithm and a comparison standard thus the authors consider 
using this algorithm as a starting point for their research on land-use allocation in islands, while more compara-
tive studies are to be developed. According to literature [5], NSGA-II GA has already been successfully used in 
order to solve land-use allocation problems which have four objectives, as it performs sufficiently in comparison 
to other heuristic algorithms. Naxos island as study area is a mid-sized Mediterranean island with typical Medi-
terranean landscape, mid-sized urban settlements, biodiversity and climatic characteristics, with its economic 
activities evenly distributed amongst all sectors and uncountable cultural wealth. 

Besides the NSGA-II modification, this research work also addresses the adaption of the NSGA-II to Medi-
terranean islands for land-use optimization, which requires further restrictions to be introduced such as legisla-
tive constraints, land-use/land-cover patterns, erosion parameters etc. It is expected that the outcomes of this re-
search could provide a tool for supporting land-use planning in Mediterranean islands, based on a modified ver-
sion of the NSGA-II or another relevant algorithm. Such a tool could contribute in improving the economic and 
environmental effectiveness of the proposed development priorities. Furthermore, the social structure of the spe-
cific islands will be reinforced as allocating land-uses in an optimal pattern in distinct spatial units, which 
present entirely different characteristics to the mainland, reassuring the “long-term balance between economic 
development, environmental protection, efficient resource use, and social equity” [1]. 

Section 2 presents a literature review of the main methodologies, used to manage multiobjective problems, 
along with the characteristics of the Pareto front methodology [6]. The primary attributes and operators of the 
NSGA-II are described in Section 3, whereas Section 4 exhibits the materials and methods used. Section 5 
summarizes the results produced. Finally, the emerging issues for future research as well as conclusions of this 
paper are summarized in Section 6. 

2. Multi-Objective Optimization and Pareto Front 
In order to solve land-use allocation problems two types of methodologies can be applied. The first type is the 
weighted sum methodologies, which turn “the multiobjective optimization problem (MOP) into a single-objec- 
tive optimization problem (SOP) by taking the linear weighted sum of the multiple objectives” [3]. These me-
thodologies can “shape of the Pareto front by iteratively adjusting the associated weights of different objectives 
and repeatedly applying the single-objective optimization techniques” [3]. These methodologies are straightfor-
ward and present better efficiency and effectiveness when used to deal with fully structured problems for which 
a limited number of possible solution-combinations, a small number of allocable land units as well as a low 
number of repeats would be sufficient to optimize all their objectives [3]. However, they require prior know-
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ledge of the problem under assessment and generate unevenly distributed solutions ignoring Pareto front [3] [7]. 
The second type of land-use allocation methodologies concerns the heuristic methodologies [8]. These metho-
dologies facilitate delineating the relations developed among the objectives of the problem under investigation 
[3]. Many heuristic computation methods aiming to solve resource allocation problems are reported and the 
most prominent amongst them [1] are: the simulated annealing (SA) algorithms, the ants algorithms, and the 
genetic algorithms (GA), which have a prominent role in this process [9] [10]. These heuristic techniques “al-
though cannot guarantee the optimal land-use combination, are able to generate a near-optimal one within a 
reasonable time” [3] by “simulating physical phenomena, biological processes or swarm behavior” [3]. During 
the last decades many research efforts aiming to apply evolutionary computation methods to solve RAPs are re-
ported in literature [11]-[17].  

GAs have a prominent role in this process because they can improve the performance of spatial algorithms 
used to achieve land-use allocation [18], while they also enable the analysis of various factors (e.g. large solu-
tion space, problems characterized by uncertainties). Applying these algorithms in land-use planning problems 
has flourished over the past two decades. A MultiObjective Genetic Algorithm was successfully used by Mat-
thews [19] to handle a land-use allocation problem. In order to minimize soil erosion and maximize benefits in 
Brimvand watershed in Iran a multiobjective linear algorithm was introduced by Niaraki and Kim [20]. Huang et 
al. [3] used the Artificial Immune System for MultiObjective Land-use Allocation (AIS-MOLA) GA in order to 
find the optimal allocation pattern in large-scale allocation problems. Eldrandaly [21] introduced an online Geo-
graphic Information System (GIS) platform combined with Gene Expression Programming (GEP) to distribute 
three experimental land-use types. Hajehforooshnia et al. [22] allocated the zones of a wildlife sanctuary using 
the MultiObjective Land Allocation (MOLA) GA. Cao et al. [23] solved land-use allocation problems by em-
bedding parallel computing techniques and the NSGA-II. Porta et al. [24] created a hybrid system that combined 
genetic algorithms and Java to create land-use scenarios. Shaygan et al. [5] proved that NSGA-II performs suc-
cessfully in comparison to Goal Attainment-MultiObjective Land Allocation (GoA-MOLA). Researchers [25] 
presented a revised version of NSGA-II, named NSGA-III, to deal with issues, which include four or even more 
objectives while another version, named Reference point-based NSGA-II facilitates the specification of refer-
ence points by the users to “guide the search in the objective space and the diversity of the focused Pareto-set 
can be controlled” [26]. 

Real world problems relate to many and complex objectives. Therefore, it is imperative to investigate whether 
there are more than one allocation patterns that produce near optimum results. This process is named multiob-
jective allocation and aims to “reveal the possible solutions with relative efficiency in all objectives selected” 
[3]. The term optimality is used in multiobjective problems to describe the process of “making the best possible 
compromise between objectives” [27].  

The most prominent method to reveal the shape of a collection of solutions is acknowledged as Pareto optimal 
alternatives [6], while its “image in objective space is called the Pareto front” [11], which shows the “solutions 
whose performance on one objective cannot be improved without sacrificing performance on at least one other” 
[11]. This has been identified as Pareto optimality [6]. A crucial meaning in forming a Pareto front is the con-
cept of Pareto dominance meaning that “one alternative dominates another in case it is superior in pairwise 
comparison for at least one objective and has at least equal performance on the rest objectives” [27]. A Pareto 
optimal solution is formed when the domination process is finished thus “a non-dominated set is usually used as 
an approximation of the true Pareto front” [11]. Mathematically in such a problem with k objectives, “a solution 

AX ∈Ω  dominates another BX ∈Ω  if” [11]: 

( ) ( ) ( ) ( )1,2, ,  and  for A B A Bfi X fi X i k fi X fi X i≥ ∀ = ≥                     (1) 

where: fi(x) is the objective function value of objective i for a solution x; 
XA is a solution;  
XB is a solution; 
k are the objectives pursued. 

3. The NSGA-II Model 
In NSGA-II in order to “sort the population at different fronts the non-dominated ranking method” is used [28] 
[29]. The goals of NSGA-II according to Shaygan et al. [5] are to: 1) build a population of individuals; 2) use 
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the non-domination level to rank and sort each individual; 3) create new sets of offspring; 4) combine parents 
and offspring before proposing new allocation patterns; 5) design a Pareto front by estimating a crowding dis-
tance among each individual. 

The crowding distance is a crucial parameter for the NSGA-II [13] [30]. This term is used to describe a pro-
cedure that “estimates the density of solutions surrounding a particular solution” [31] by assessing “the average 
distance between two points on either side of this point along the objective axes” [30]. In most allocation prob-
lems, a loop is generated to estimate “all crowding distances for each solution activated” [3]. 

A chromosome is designed in NSGA-II to outline a solution to a problem, while the genes of the chromosome 
are parameters of the problem [2]. A set of chromosomes is formed by using the initialization, crossover and the 
mutation operators of the NSGA-II [1] [2]. 

3.1. The Initialization Operator 
The selection of the initial population acquires a vital importance for the NSGA-II [1] [3]. Proper chromosome 
initialization makes an allocation process less expensive, faster and more efficient, particularly in large and 
complex problems [2] [30]. Thus, guidance in generating satisfactory initial solutions may be implemented to 
achieve optimal results. 

3.2. The Crossover Operator 
This operator designs suitable cell patterns by performing an active evolutionary process [2]. A crossover oper-
ator “exchanges randomly genes between two chromosomes, allowing them in this way to find beneficial parts of 
a certain area” [3] [31]. Many researchers working on land-use allocation problems have proposed the use of 
two-dimensional crossover operators, which are more appropriate when working with spatial data [2] [3] [5] 
[29]. However, in this work the standard two point binary crossover [32] has been used as it will be explained 
later on. 

3.3. The Mutation Operator 
NSGA-II uses a mutation operator to generate offspring or to improve the offspring created by the crossover op-
erator. It “randomly picks a unit and changes its land-use to find a better pattern of allocation according to the 
parameters implemented” [31]. Some researchers have also proposed special mutation operators for land-use al-
location problems [2], but in this work a general mutation operator has been used, which interchanges the values 
of two randomly chosen genes. 

4. Materials and Methods 
In this section, the main characteristics of the study area, data processing, and model formulation are described. 

4.1. Study Area 
Naxos (Figure 1) is the largest island of the Greek Cyclades islands (429 sq). It is located in the center of the 
Aegean Sea (latitude 37˚6'20"N and longitude 25˚22'35"E) and belongs to the South Aegean Region. Zeus (1004 
m) and Fanari (908 m) are the highest mountains of Naxos island, thus, its terrain is characterized mountainous. 
The geological background of Naxos island consists of schists, gneisses, and marbles in alternating layers with 
granodiorite and granitoid.  

4.2. Data 
GIS and remotely sensed data were used in this study. The GIS data used were GIS layers related to rivers, lakes, 
streams, roads, Natural 2000 preservation sites, wildlife sanctuaries, small island wetlands, available by the Greek 
Government’s National Spatial Data Infrastructure [33]. The preliminary foreshore of Naxos island, where certain 
legislation restrictions apply, was provided by the National Cadastre and Mapping Agency of Greece.  

For the longitude monitoring of the study area three Landsat TM images for the years 1987, 2001 and 2010 
were used. These images have been classified using Object-Based Image Analysis (OBIA) software and in par-
ticular eCognition Developer version 8.7. The Landsat TM images were inserted into the same project, and  
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(a) Landsat TM image of Naxos. Color composite 321(RGB)              (b) 1987 classification 

      
(c) 2001 classification                           (d) 2010 classification 

Figure 1. Landsat TM image of Naxos and classification results for 1987, 2001 and 2010.          
 
three segmentation levels have been created, one for every Landsat TM image. The multiresolution segmenta-
tion [34] parameters were: scale = 3, shape = 0.3 and compactness = 0.5 taking into consideration all but the 
thermal bands of the three images, to produce the same segments in all images. Training and test areas have 
been selected on screen by photo interpretation supported by ground truth and ancillary data and two masks have 
been created, one for training and one for testing. Training and test areas were selected in places where no 
land-use changes have taken place during the twenty three years period under examination, common in all im-
ages. Seven classes have been used for classification, namely: Irrigated farming land, Dry farming land, Grass-
lands, Forests, Urban land, Water, and Other. The Water areas were classified using a fuzzy membership func-
tion rule based on NDWI [35] (NDWI > 0, fuzzy space: −0.02 to 0.02). Standard Nearest Neighbor rules have 
been used for the rest land-use classes. A fuzzy membership function rule has also been added to the Urban 
land-use category, not permitting a segment to be classified as Urban land in an older image if Urban land did 
not exist in the newer images. The overall accuracy of the three classifications was 82%, 81% and 84% for 
1987, 2001 and 2010 respectively. The relevant Kappa coefficients of agreement [36] were 0.79, 0.78 and 0.81. 
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Figure 1 presents Naxos island, as along with the land-use maps compiled, while Table 1 shows the diachronic 
changes of land-uses in the study area, according to the statistics of these maps. 

The comparison between 1987 and 2001 classification (Table 1) reveals that during these years there was 6% 
increase in Irrigated farming land and 17% increase in Dry farming land, whereas the highest increase rate 
(60%) concerned Urban land. Furthermore, the comparison of 1987 classification with the classification of 2010 
shows that the Dry farming land increased by 53%, the Irrigated farming land areas increased by 37%, while the 
Urban land increased by 112%. 

4.3. Model Formulation and Algorithm Realization 
The model was designed and built in Ansi C based on the programs provided by Deb et al. [37] in their website 
[38]. The original programs have been modified in order to work with classification images of remotely sensed 
data as well as other raster GIS layers.  

The basic concept for the model formulation was that a set of land-use parcels can be considered as a chro-
mosome. Following this concept, each land-use parcel is considered as a gene as described in Section 3. In our 
case, a set of land-use parcels of n rows (n = 160) and m columns (m = 122) with a spatial resolution of 216 m 
represents the study area of Naxos island. Thus, if all land-use parcels are taken into consideration, a chromo-
some with 122 × 160 = 19,520 genes would be created and each gene, coded as a binary variable, would have as 
many bits as the considered classes as below [5]: 

11 1

1

Land
 
 
 
 

=



n

m mn

lu lu

lu lu



  



                                (2) 

where: Land is the chromosome; 
lui,j are the land-use parcels.  
Each spatial unit (pixel) of the land-use map is considered as a binary variable lui,j and each land-use class is 

assumed to be a decision variable, lu [5]: 

{ }, 1, 2,3, 4,5,6,7lu LU LU∈ =                               (3) 

where: 1 = Irrigated farming land 
2 = Dry farming land 
3 = Grasslands 
4 = Forests 
5 = Urban 
6 = Water 
7 = Other 
Herein, it has to be pointed out that in this work the chromosome has been designed to be a single and not 

two-dimensional chromosome. But it has to be added that apart from the land uses, which are coded as genes of  
 
Table 1. Diachronic land-use changes in the study area in hectares.                                                 

Classes 
 

1987 (ha) 2001 (ha) Changes from  
1987 to 2001 (%) 2010 (ha) Changes from  

1987 to 2010 (%) 

Dry farming land 1523 1784 +17.1 2337 +53.4 

Forest 15,343 15,035 −2.0 12,427 −19.0 

Grasslands 21,797 21,802 - 22,847 +4.8 

Irrigated farming land 3417 3630 +6.2 4671 +36.7 

Other 1380 1177 −14.7 1108 −19.7 

Urban land 94 151 +60.6 199 +111.7 

Water 47,756 47,731 −0.1 47,721 −0.1 
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the chromosome, the spatial position for each land-use parcel (pixel) is also stored. In this way, the NSGA-II is 
applied using single-dimensional chromosomes and is simpler and faster, while the objective functions and the 
restrictions are applied in two dimensions. Due to this chromosome design, no two-dimensional crossover oper-
ator could be applied and therefore the two point binary crossover operator [32] has been employed. 

During the realization of the algorithm, some basic optimizations and feature additions took place. Aiming to 
increase the speed of the multiobjective optimization algorithm execution and reduce the population size, not all 
pixels of the classification are read into the population. The user may exclude the classes which have to remain 
unchanged (i.e. Water; Forests etc.). Only the remaining classes are considered to account in the population. In 
addition, an option is given to the user, to lock some classes in order that although these classes can be created 
by the genetic algorithm, their current patches should remain unchanged (i.e. existing urban land). Since the in-
itialization of the algorithm is important for the algorithm to converge fast, the initial population is not random. 
Instead, the current land use/cover status (from a raster land use map or a classification image) defines the initial 
population. Another feature that has been added to the original programs is the ability to read a number of other 
raster GIS layers, that can be utilized: a) for the realization of the objective functions (i.e. slope map, geology 
map, etc.); b) for the application of constraints (i.e. preservation sites); and c) as masks for certain areas that 
should remain unchanged and thus are also excluded from the population. 

In Naxos island, the main idea was to begin with the land-use status of the island in 1987, calculate an optimal 
development scenario using the modified NSGA-II, and compare it with the actual development of the island, as 
it has been assessed by the 2001 and 2010 classifications. Therefore, the genes of the initial population were not 
random but were rather read directly from the 1987 classification image. The land-use classes Water and Forests 
were excluded from the population, since these classes should remain unchanged. Additionally, a small island at 
the southeast of Naxos (Iraklia) has been masked out. With these exclusions the initial population was reduced 
by 70%, from 19,520 to 6032 genes. The Urban land category was locked, in order that the optimization algo-
rithm could create Urban land but already existing Urban land should not be transformed to any other land use.. 
Moreover, a number of raster GIS layers have been used for the objective functions and the constraints. These 
layers are presented later on at the relevant sections describing the objective function and constraint definitions. 

As far as it concerns the algorithm runtime parameters, the population size is directly read from the classifica-
tion image, after taking into consideration the excluded classes and/or masks, and its maximum size depends on 
the computer’s physical memory, as using swap memory would vastly increase the algorithm execution time. 
The crossover and mutation probability rates are defined by the user, although the optimum mutation probability 
rate equals 1/(total number of bits). The algorithm iterations as well as number of generations are provided by 
the user. The realization of the algorithm was performed on a Core Duo E8400 Processor @ 3.0 GHz with 8.0 
GB RAM and linux operating system. A population of 6032 genes (binary variables) with 5 bits each (5 active 
classification classes) was almost the maximum population that could be used with 8.0 GB of RAM. The opti-
mum mutation probability rate for this population was 3.3 × 10−5, and a crossover probability rate of 0.7 was 
used. 

4.4. Objective Functions and Constraints 
The problem described in this study is formed using four objective functions that aim to maximize economic re-
turn, transformation suitability, land-use patch compactness, and to minimize soil erosion. The algorithm has 
been formulated in a way that attempts to minimize all the given objective functions, and therefore if a function 
should be maximized (i.e. economic return objective) then the negative of the function value is used.  

4.4.1. Economic Return Objective 
Different land-use patterns yield different economic benefit. Therefore, it is crucial to allocate land-uses in a 
way to maximize economic benefit without deteriorating the priorities of sustainable development. The maxi-
mum economic economic return (Z1) per year, was calculated using Formula (4). According to up to date market 
values and empirical evidence for Greek islands, Urban land should be rated twelve times the value of Grass-
lands, six times the value of Dry farming land and three times the value of Irrigated farming land. 

1 ,
1 1

max
LU P

lu i
lu i

Z ec
= =

= ∑∑                                     (4) 

where: Z1 represents the economic return objective; 
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eclu,i is the economic return from land-use lu applied in unit i; 
lu is each land-use class; 
LU is the total number of land-use classes; 
P stands for the total population of the units. 

4.4.2 Compactness Objective 
Compactness includes two separate concepts that are continuity and compatibility. “Contiguity requires all cells 
of the same land-use to be connected while compatibility arranges cells to clusters” [1]. From the above analysis, 
it can be concluded that compatibility includes contiguity. In this study, the term compactness is used to describe 
these relations. Compactness increases accessibility, promotes social equity, decreases energy consumption [1] 
and contributes to the efficient utilization of resources [39]. In urban planning, compactness is combined with 
high density, and mixed land-uses. Sustainability priorities link compactness to social equity and justice [40]. 
These are important objectives in land-use allocation problems, but difficult tasks to solve. The compatibility 
values among land-uses (Table 2) were calculated after analyzing literature review [1] and empirical evidence. 

The following Formula (5) has been used to calculate the compactness objective (Z2) [5]: 

2 max
j d j di d i d

cc c
i d j d i d i d

Z Com Con
+ ++ +

′
− − − −

     = +    
    

∑∑ ∑∑                          (5) 

where: Z2 represents the compactness objective; 
Comcc' is the compatibility between class c and class c' (Table 2); 
Conc shows the number of cells in the neighborhood of cell (i,j) in the same class; 
d is the search distance from the central cell. 
In the developed modified NSGA-II model the distance d can be selected by the user for contiguity and com-

patibility independently. In the final run of the developed model d has been defined as 1, leading the algorithm 
to work in a 3 × 3 window size. This is the best choice for the compatibility objective since it will examine truly 
neighboring land-use classes. A value of d = 1 worked fine for contiguity as well, while other choices like d = 2 
or d = 3 led to worse results for this case study. 

4.4.3. Transformation Suitability Objective 
This objective function optimizes the land-use change from the current status of each parcel to a new land-use 
[41]. In our case study, since the land parcels belonging to the “Οther” land-use class are wasteland and there-
fore cannot be used for agriculture, using this objective these land parcels were favored to be transformed to 
Urban land. Moreover, exchange of farming type was allowed, while Grasslands were allowed to be transformed 
to all other categories apart from “Οther”. The following table presents the from-to transformation suitability 
values used for this objective (Table 3). 

The following formula has been used for this objective: 

3
1

max Suit ′
=

= ∑
P

cc
i

Z                                    (6) 

where: Z3 represents the transformation suitability objective; 
Suitcc' is the transformation suitability factor for transforming land-use c to c';  
P is the total population of the land parcels under consideration. 

 
Table 2. Land-use compatibility values.                                                            

Classes 
 

Irrigated farming land Dry farming land Grassland Urban land 

Irrigated farming land 3 2 1 0.5 

Dry farming land 2 3 1 0.5 

Grassland 1 1 3 0.5 

Urban land 0.5 0.5 0.5 3 
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Table 3. Transformation values.                                                                 

Classes 
 

Irrigated farming land Dry farming land Grassland Urban land Other 

Irrigated farming land 5 4 1 1 0 

Dry farming land 4 5 1 2 0 

Grassland 2 3 3 3 0 

Urban land 0 0 0 5 0 

Other 0 0 0 5 2 

 

4.4.4. Soil erosion Objective 
Soil erosion is a factor that has a serious impact on agricultural productivity since it critically affects land quality 
[42]. In order to calculate erosion the Revised Universal Soil Loss Equation (RUSLE) [31] [43] was used [5]: 

, * * * *lu i i i i i ier R K LS C P=                                   (7) 

where: Ri is the rainfall erosivity factor for unit i; 
Ki is the soil erodibility factor for unit i; 
LSi is the slope length and steepness factor for unit i; 
Ci is the cover and management factor for unit i; 
Pi is the support practice factor for unit i. 
The following formula has been used to calculate the erosion (Z4), in tons per year [5]: 

4 ,
1 1

min
LU P

lu i
lu i

Z er
= =

= ∑∑                                     (8) 

where: Z4 represents the soil erosion objective; 
erlu,i is the erosion of land-use (lu) on a unit i (ton/ha*y); 
P is the total population of the land parcels under consideration. 
In a small island, the rain pattern and intensity can be considered as uniform and since no data were available 

for the area the rainfall factor R has been considered constant. No soil maps were available for the island and, 
therefore, a geology map has been used in order to estimate K. An experienced researcher-geologist, who has 
repeatedly worked on this particular island, taking into consideration certain classes of the geological map, and 
considering the soil existing above, has proposed 5 classes for K factor as displayed in Table 4. 

Thus, a raster GIS layer for K factor has been created and entered as input to the algorithm (Figure 2). 
The LS factor has been created with SAGA GIS using a method proposed by Moore et al. [44] and was used 

as another raster GIS layer into the algorithm. 
Cultivation terraces, is one of the oldest means to reduce soil loss [45]. This cultivation practice is extremely 

popular in islands due to their efficacy to stop or reduce soil loss. Taking this into consideration, C and P factors 
have been defined according to relevant literature [46] [47] (Table 5). 

4.4.6. Constraints 
In order to obtain a balanced land use allocation pattern, six hard constraints were introduced to the algorithm:  
• The first three constraints were related to allowable slopes. The maximum acceptable slopes for Dry farming 

land, Irrigated farming land, and Urban land were 15%, 8%, and 25% respectively [5]. For this constraint to 
be realized, a slope map has been created as raster GIS layer which was used as input to the algorithm 
(Figure 3). This constraint can be defined with Formula (9):  

maxSlope Slope≤i lu                                     (9) 

where: Slopei is the slope of land-use parcel I; 
maxSlopelu  is the maximum allowable slope for land-use. 
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Figure 2. The K factor raster GIS layer.              

 
Table 4. Estimation of soil erodibility factor (K) based on geological map classes.                               

Geology K 

Schist, Ultrabasic 0.5 

Granodiorite, Migmatite, Granitoid 0.4 

Non-metamorphic nappe 0.3 

Marble, Alluvium 0.2 

 
Table 5. The C and P factor values which have been used.                                              

Land-use C P 

Irrigated farming land 0.2 0.7 

Dry farming land 0.2 0.4 

Grasslands 0.3 1 

Urban land 0.001 1 

Wasteland 0.5 1 

 
• A fourth constraint regarding the maximum land that can be transformed into Urban land was implemented. 

Since the model was applied to a Greek island, the relative results of the Greek Censuses held in the last 40 
years were considered. Based on these data an upper limit of 100% increase was set for the Urban land parcels. 

1

%1
100

P
init

i
i

qUrb Urb
=

 ≤ × + 
 

∑                                (10) 

where: Urbi shows the number of land-use parcels which are transformed to urban; 
Urbinit is the initial urban land-use parcels; 
q is the desired percent for maximum urban increase; 
P stands for the total population of the units. 
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Figure 3. Slope map of Naxos island.      

 
As the model developed concerns a Greek island, the relevant provisions of the Greek legislation were also 

considered. Urban land was not allowed to be allocated to wildlife sanctuaries, small island wetlands, and Natu-
ral 2000 network areas. Furthermore, certain constraints related to Urban land were introduced as shown in Ta-
ble 6. All these partial constraints have been combined as the fifth constraint by creating a mask GIS raster layer 
that defined areas where Urban land class category should not be introduced (Figure 4) because of institutional 
provisions. 

The following Formula (11) applies the urban restriction constraint: 

Urban _ mask 0>i                                     (11) 

where: Urban_maski is the urban restriction mask value for land-use parcel i. In restricted areas Uran_mask 
equals 0. 
• Finally, a sixth constraint has been applied for the “Other” category, not allowing this category to be gener-

ated in areas where it did not already exist. For this constraint to be realized, the Landsat TM classification of 
1987 has also been used as GIS raster layer reference and used in the problem definition of the algorithm. 
The following Formula (12) defines this restriction: 

Other AND Class Other THEN 1ELSE 0
0

“ ” “ ”= ≠ = − =

≥
i iIFlu K K

K
                   (12) 

where: lui is the class assigned to land-use unit I; 
Classi is the class value of the reference raster; 
K is an auxiliary variable which should be greater or equal to 0. 

5. Results and Discussion 
The proposed NSGA-II algorithm was set to run for 15,000 generations in order to handle the described objec-
tives, variables, and constraints. The first feasible solution has been achieved in generation 166 and Figure 5 
presents four graphs which show the progress of this iteration process for certain combinations of objective 
functions. In these graphs blue points represent the 170th generation solutions, cerise points represent the 350th 
generation solutions, orange points represent the 2500th generation solutions, and grey points represent the final 
solutions belonging to the last generation of the algorithm. The graphs in Figure 5 reveal that better solutions 
are progressively achieved with respect to the objectives while the scatter of the solutions among the objectives 
constantly becomes narrower and ultimately forms a Pareto Front. This stepwise graph clearly demonstrates the 
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Figure 4. Urban restriction mask.                                                                             
 

 
(a)                                                        (b) 

 
(c)                                                        (d) 

Figure 5. NSGA-II algorithm convergence process.                                                             
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Table 6. Institutional constraints related to urban land.                                              

Constraint areas 
 

Minimum Distance (m) Legislation 

Rivers and lakes 50 Greek Presidential Decree 236/1984 [48] 

Streams 20 Ministerial Decision 3046-304/1989 [49] 

Foreshore 50 Law 2971/2001 [50] 

Country roads 20 Presidential Decree 209/98 [51] 

Dams 100 Presidential Decree 236/1984 [48] 

 
converging process of the proposed algorithm. 

The examination of the objectives in two (Figure 5(a), Figure 5(b)) or three (Figure 5(c), Figure 5(d)) di-
mensions reveals that the algorithm performs sufficiently across all objectives. This trend is also demonstrated 
in Figure 6 that relates the per pixel average value of the objective functions to the generations created. Since, 
the problem has been formulated in such way that all objective functions are being minimized the average value 
of global solutions should decrease as the generation number increases. It can be noticed that a vast decrease has 
been achieved by the 4000th generation, and the algorithm could have been terminated in generation 5000 pro-
viding good solutions. Nevertheless, somewhat better solutions seem to have been achieved around the 10,000th 
generation while no further improvement was achieved after that point. 

A large number of solutions (1279 solutions) lie on the Pareto front and “can be used to derive a suitable so-
lution when considered against the qualitative requirements of different users” [29]. Different scenarios can be 
drawn as to which solution would be best for a specific area and whether the user should prefer an equally 
weighted solution or a solution that would favor certain objective function extremes. The “equal weight pre-
ferred solution possibly has the most balanced land use distribution” [29] and is the one that we have selected as 
the best solution in this study. 

Table 7 summarizes land-use changes between the initial classification (1987) and the NSGA-II best solution. 
The modified NSGA-II model proposed to reduce the Irrigated farming land by 16.2% (552 ha decrease) mainly 
by transforming it into Dry farming land, and to increase Dry farming land by 131.5% (2003 ha increase). The 
reduction of the irrigated farming land seems to be caused by the slope constraints and the soil erosion objective. 
With this change, the multiobjective optimization algorithm managed to decrease the soil erosion from 1948 t/y 
to 1843 t/y. Besides the slope and erosion factors, since water reserves in Cyclades islands are rather low, the 
reduction of the irrigated farming land could be useful although it would decrease economic return. An impres-
sive increase is proposed by the algorithm regarding Dry farming, and this is mainly caused by the economic 
return objective. The NSGA-II model also proposed the maximum allowed by the constraints increase for Urban 
land (100%) mostly on the eastern and central part of the island. Theoretically, the more urban areas are built, 
the higher economic return is achieved, taking into account an upper limit, above which degradation of the en-
vironment will occur. Within this framework, as mentioned in the constraints section, Urban land increase con-
straint was set to 100%, close to reality (Table 1). It has to be noted that executing the algorithm with different 
parameters (i.e. 5000 generations) or different number of locked categories (i.e. Urban land, Irrigated farming 
land and Dry farming land) the proposed new Urban land was more or less located in the same areas. Economic 
return after optimization increased by 18%. 

Concerning agricultural land, the NSGA-II algorithm, given the defined objectives and constraints, proposed 
(Figure 7) that some parts of Naxos island used for Dry farming in the central part of the island in the classifica-
tion of 1987 should be turned into Grassland, due to incompatible slopes. According to the NSGA-II best solu-
tion the Dry farming practices should be allocated mainly to the central and western part of the island because of 
its geomorphology. 

Moreover, according to the NSGA-II best solution, many land parcels used for Irrigated farming land in the 
eastern part of Naxos island should be turned into Dry farming land because of the sharp slopes of the area. 
Farmers though, prefer irrigated farming which is more profitable, despite water deficiency, higher soil erosion 
and incompatible slopes. 
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Figure 6. The average per pixel objective function value of each generation.                                                
 

  
Figure 7. The initial classification (1987) and the optimum result of the NSGA-II algorithm (after 15,000 generations).                                                
 

Cyclades islands are touristic, and high pressure for Urban land increase occurs, which was not seriously con-
sidered during the NSGA-II model definition. This can be clearly seen in the 2010 classification, as the Urban 
land has increased by 112%, in comparison to the 1987 classification, and most of it have been constructed at 
the southwest part close to popular beaches of Naxos island. Thus, in order for the multiobjective optimization 
algorithm to provide more realistic results, the need for touristic development, which constitutes the main in-
come of Naxos population, should also have been formulated as another objective function. 

This analysis reveals that the optimal development of Naxos island should be based on agriculture, especially 
dry farming, together with balanced and not unilateral urban/touristic development, uniformly over the island  
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Table 7. Land use/cover changes between the initial classification (1987) and the best NSGA-II result 
generated within 15,000 generations.                                                              

Classes 
 

Classification 1987 (ha) Area-NSGA’s best result (ha) Change (%) 

Dry farming 1523 3526 +131.5 

Forest 15,343 15,343 - 

Grasslands 21,797 20,614 −5.4 

Irrigated land 3417 2865 −16.2 

Other 1380 1018 −26.2 

Urban 94 188 +100.0 

Water 47,756 47,756 - 

 
and not just located around the coastline. Focusing on the word “balanced”, different scenarios and weights for 
every objective function should be evaluated during the best solution selection, while in this paper all objectives 
were equally weighted. In a later stage, weights could also be imposed to the current objectives in order to im-
prove the proposed model and produce more realistic results. 

6. Conclusions 
Resource allocation problems necessitate addressing various and usually conflicting objectives. Multi-objective 
heuristic Pareto-front-based methodologies provide the mechanism to resolve this challenge. In land-use alloca-
tion, these methodologies aim to allocate certain land-uses to each land unit. 

A heuristic algorithm which aims to support land-use allocation problems on Mediterranean islands has been 
presented in this paper. The proposed algorithm is a modified version of the NSGA-II, adjusted to allocate 
land-uses in Mediterranean islands taking into consideration legislation, geological characteristics, economic 
and environmental parameters.  

The effectiveness of the modified NSGA-II algorithm was validated in a land-use allocation problem, which 
included four objectives, namely economic return growth, transformation suitability, maximum compactness, 
and least possible soil erosion, as well as six constraints, concerning geomorphology, legislation and urban de-
velopment limitations. The results showed that the algorithm performed sufficiently, and could be possibly used 
to address even more objectives and constraints.  

Comparing the development proposed by the GA with the actual development of the island, it should be noted 
that, in order to get more realistic results for land use planning in Mediterranean islands, the multi-objective op-
timization algorithm should also involve the interaction of touristic development, existing infrastructure, land 
ownership and environmental resources. Moreover, aiming at a more balanced development, different scenarios 
and weights for every objective function should be evaluated during the best solution selection, while in this pa-
per all objectives were equally weighted. 

NSGA-II is a widely used algorithm and a comparison standard, thus the authors use this algorithm as a starting 
point for their research on land-use allocation in Mediterranean islands. This research will be extended to other re-
levant multi-objective optimization algorithms for land-use planning, some of which can better handle larger num-
ber of objectives. Weights, interdependencies and uncertainties could also be imposed to the objective functions 
and constraints in order to improve the multi-objective optimization model and produce more balanced results. 
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