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takes into consideration several multi-nature criteria and constraints, including spatial constrains related
to the permissible land uses in certain parts of the mined area. The methodology combines desirability
functions and evolution searching algorithms for selection of the optimal reclamation scheme. Its appli-
cation for the reclamation planning of the Amynteon lignite surface mine in Greece indicated that it han-
dles effectively spatial and non-spatial constraints and incorporates easily the decision-makers
preferences regarding the reclamation strategy in the optimization procedure.
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1. Introduction

Land reclamation and the related post-mining activities play a
vital role in every mining project. The selection of the most appro-
priate land uses of the reclaimed mined area is a key point in the
overall process. However the selection of the most appropriate
land uses is a complicated multi-criteria decision problem because
of the variety of the criteria and parameters (geotechnical, environ-
mental, legal, economic, social) which are taken into consideration
and the necessity to attain the acceptance of the reclamation plan
by local communities [1-5]. The complexity of the problem is fur-
ther increased due to nature of social and environmental con-
straints and to subjectivity that characterize the decision makers,
like local authorities or local communities [1,3,6].

Many studies have been published for land reclamation and
land use selection in mining industry. The majority of them focus
in ranking or prioritizing a number of potential land uses (alterna-
tives) leading to the selection of a single land use for the whole
mined area. Such a selection is achieved by applying multi-
criteria decision-making (MCDM) approaches [1,3,7-9]. An exam-
ple of the MCDM approach is the development of the analytical
hierarchy process (AHP) methodology that assesses the priorities
based on the inputs of specialists in mining industry activities.
AHP handles the qualitative and quantitative criteria that are
related with reclamation problems and allow the decision team
to examine systematically, compare and determine the priorities
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of the relevant criteria and sub-criteria. Based on this information,
the reclamation alternatives can be compared effectively and the
optimum one can be selected [3,10,11].

Mined land suitability analysis (MLSA) combines analytical
hierarchy process methodology (AHP) and the ELECTRE multi-
criteria decision analysis methods. The abbreviation ELECTRE
denotes ELimination Et Choix Traduisant la REalité (Elimination
and Choice Expressing Reality). This combination is used for the
evaluation of the mined land suitability for the various alterna-
tives. The AHP estimates the global calculated weights of the attri-
butes evaluated by decision maker’s subjective judgments and
then, the weights passed to the ELECTRE method so that the most
efficient post mining land uses could be appointed through com-
parisons of pair-wise dominance relationships between alterna-
tives [12].

Fuzzy comprehensive method, and more specifically the multi-
level comprehensive evaluation method combined with GIS, is
another MCDM technique that has been suggested for selecting
the most appropriate land use among various alternatives. The
main advantage of this method is that it can be adjusted in an easy
manner and it can objectively determine pros and cons of compli-
cated models with multi-attributes, multi-factors in which quanti-
tative and qualitative methods co-exist. It can also classifies
different reclamation programs based on the comprehensive eval-
uation values which are suitable for the problems with large
amounts of information, more evaluation indicators and more
complicated reclamation programs [7].

However, few methods, in terms of optimization of land
reclamation, have been issued taking into consideration the spatial
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variation of the decision-making parameters in a mining area
[1,13]. According to the reclamation of each different parts of the
post-mining area is to be provided, thus a spatial decision support
system must be developed and implemented [1]. The proposed
spatial decision support system (SDSS) involves two main steps:
at the first stage the elaboration of the qualitative information is
taking place. This information includes the negotiation conclusions
among stakeholders, the existing legal framework regarding land
reclamation and uses, as well as, the economic prospects. Based
on this information a set of possible land uses are initially deter-
mined. In the next step the spatial analysis is performed. The
mined area under reclamation is divided into several smaller parts
(squares) and the decision criteria with spatial character are con-
sidered in order to select the most appropriate land use for each
square. All the alternatives suggested are resulted from the previ-
ous stage. A number of technical and social criteria are considered
for the characterization of land suitability for each of the possible
alternatives. Hence, the second step is the heart of the decision
model. Binary linear programming procedure (branch and bound
algorithm) is applied for the determination of specific land uses.
The applied constrains referred to the maximum and minimum
area allowed for each specific land use.

However, it is well known that numerous additional con-
straints, mainly of spatial nature, are considered during the selec-
tion of the land uses. These constraints usually refer to
compatibility of specific land uses of adjacent areas, to exclusion
or inclusion of specified mined areas for a particular land use
and to the number and shape of created sub-areas for each land
use. The existing methods are not capable in handling efficiently
such constraints considered during reclamation planning, thus
the derived land use maps must be corrected manually by the
reclamation planning team. This is a time-consuming procedure
and do not always lead to optimal solutions, thus the need for
developing a more sophisticated SDSS for the selection of the opti-
mal land uses is necessary.

In this work an advanced SDSS as a tool for selecting the most
suitable land uses is developed. Constraints regarding the proxim-
ity between the potential land-use alternatives, as well as, con-
strains regarding the area of each alternative land use are
considered. Because of the complexity in structure and the spatial
nature of these constraints, the optimization problem cannot be
handled effectively by classic linear programming algorithms.
Thus, the proposed advanced methodology incorporates evolution-
ary algorithms and desirability functions to overcome such opti-
mization complexities.

The structure of this study is as follows: first the problem for
the selection of the optimal land uses of reclaimed mined areas
is described, next the methodology for the selection of the optimal
land uses is presented and finally the proposed methodology is
applied for the planning of the reclamation of the Amynteon sur-
face lignite mine in Greece.

2. Reclamation of mined areas-criteria for selection of the
appropriate land uses and related constraints

The main outcome of the planning of land reclamation in an
area that is affected by surface mining is a thematic map which
indicates the specific land uses for every part of the area.

The decision for the most suitable land use for each part of the
mined area is based on the findings obtained from the area’s char-
acteristics, the opinions of experts, the development plans of local
communities and authorities, the legal environmental framework
and the environmental restrictions. The resulting map illustrates
the reclaimed area divided into coloured squares, where each col-
our corresponds to a specific land use. The most common land uses

of the reclaimed mined areas include agricultural land, forest, res-
idential area, recreational area and industrial zone. The deepest
part of the mined area is usually reclaimed to form a lake.

For the selection of the most appropriate land use for each
square of the reclaimed area, a number of criteria, mainly of spatial
nature, are considered. Experts in field of land reclamation select
the decision parameters and their optimum values for each land
use. A typical set of such criteria with the considered as optimum
values is shown in Table 1. The values of these parameters repre-
sent the suitability of a square of the area for a specific land use
according to the corresponding criterion. The land use suitability
is usually expressed by applying a three-level scale: O for low, 1
for medium and 2 for high suitability. The most desirable (optimal)
land uses for the area are those with the minimum deviation from
the optimum values while at the same time satisfies numerous
general (with non-spatial character) and spatial constraints.

The non-spatial constraints refer to the expressed preferences
regarding the total area covered by a specific land use. Such a pref-
erence can be expressed as: ‘the agricultural land must be at least
1 x 107 m?, or ‘the industrial area must be less than 4 x 10° m?, or
in a more complicated form such as: ‘the desirable forestry land is
4 x 10’ m?, however it should be at least 3.5x 10’ m?
(1 ha=10,000 m?).

The spatial constraints are classified into those related to the
compatibility of specific land uses of adjacent land squares (prox-
imity constraints) and into those related to obligatory exclusion or
inclusion of pre-determined mined areas for a particular land use.
Such constraints can be expressed as: ‘recreational area must not
be adjacent to industrial area’ or ‘the bottom of the mined area
must form a lake’, or ‘a zone of forest must be created around
the lake’.

The simultaneous fulfillment of general and spatial constraints
during the selection of the optimal land uses for each square is
not always attainable. To overcome this problem in the developed
methodology, the general constraints referring to the area of each
land use were transformed to additional optimization functions,
where the preferable area of each land use was considered as the
target value. Hence, the single optimization problem is trans-
formed to multi-objective optimization problem and the only
remaining constraints were those with spatial nature.

Spatial constraints were considered more important than gen-
eral constraints since the first is almost exclusively related to legal
end environmental regulations and their fulfillment is essential.
Therefore an algorithm to examine the accomplishment of spatial
constraints in the generated land use maps during the reclamation
planning process was developed. If spatial constraints are not met
in a square of the map then the land use of the square changes
according to certain rules embedded in the algorithm. A typical
example of such a case is shown in Fig. 1, where the restriction
regarding the proximity of recreational and industrial zone areas
is violated.

3. Methodology for selection of optimal land uses
3.1. Model development and mathematical notations

The development of the model for the selection of the most
suitable land uses in the reclamation planning includes the follow-
ing steps:

(1) The L different permissible land uses and the K evaluation
criteria (decision parameters) are defined.

(2) The optimum value for each decision parameter correspond-
ing to a specific land use is determined (Table 1). These opti-
mum values form matrix B € R¥<L,
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Table 1
Optimum decision parameters (criteria) values for the selection of the alternative land use [1].
Decision parameter (criteria) k Land uses |
1 = Agriculture 2 = Forestry 3 = Recreational 4 = Industrial
1 =Terrain slope 0 lor2 0 0
2 = Fertility of the soil 2 Oor1 lor2 0
3 = Proximity to lakes Oor1 Oor1or2 2 0
4 = Proximity to archaeological sites Oorl Oor1or2 2 0
5 = Proximity to villages Oorl Oor1or2 2 0
Note: rating scale for the decision parameters is as follows: 0 = low, 1 = medium, and 2 = high.
Agricultural Agricultural
use use
Recreational Industrial Forestry Recreational | Agricultural Forestry
area zone area use
Agricultural Agricultural
use use

(a) Land use pattern before the application of the algorithm
for ensuring the fulfilment of squares proximity constraints

(b) Land use pattern after the application of the algorithm
for ensuring the fulfilment of squares proximity constraints

Fig. 1. Application of neighbourhood spatial constraints (a square marked “recreational use” must not be adjacent to a square marked “industrial zone").

—
w
-

The study area is divided into D = m x n squares and in each
square are assigned the values of the K decision parameters
(i.e. terrain slope, proximity to villages, soil fertility, etc.).
The terrain slope and the proximity to villages, lakes, archae-
ological sites etc., were measured by using a GIS while other
parameters, like the soil fertility, were estimated from exist-
ing analytical data. The obtained values were ranked accord-
ing to a three-level scale as low (0), medium (1) and high (2).
These assigned values form the matrix S € R™ K,

(4) Every square (i, j) of the study area is rated for each specific
land use I according to K decision parameters. The rating is
performed by estimating first the absolute difference, dev,q,-
tia, from the optimum value for each decision parameter k as
it is shown in Eq. (1) and by following Eq. (2) the overall
deviation dev,yq is calculated.

deVpartial(1,J, k, 1) = min{[S(i,j, k) — B(k, D)} (1)

K
devtotal(iyjs l) = Zdevparrial(i7j7 k7 l) (2)
k=1

(5) The general constraints related to the preferable area for
each selected land use are transformed into objectives
functions.

(6) The multiple objective optimization problem is turned to
single optimization problem by using the desirability
functions.

(7) The optimal land uses are estimated by applying a genetic
algorithm in conjunction with the procedure of spatial con-
straints fulfillment.

The last three steps referring to the optimization are described
in detail below.

3.2. Definition of objective and desirability functions

The first goal of the optimization is to select these land uses, at
each square, that minimize the total sum of deviations, devy of
the decision parameters from their optimum values for the entire

study area. Considering that in each square only one land use
can be assigned, the objective function yo to be minimized is

min y, = iiidevmm,(i,j, D, Vi=1,...,m,

i=1 j=1 =1
j=1,...,n,1=1,....L 3)

The second goal of the optimization is related to the expressed
preferences regarding the area A; covered by each specific land use
I. The desirable values were set as targets (Argerr) thus the devia-
tions y, of the resulting areas from target values must be mini-
mized. The area A, of each land use [ is calculated as the sum of
the corresponding squares according to Eq. (4), while its deviation
y; from the target area Aqrg is calculated as shown in Eq. (5).
Therefore the second goal refers to the minimization of L objective
functions y4, yo, . .-, I

A=Y > () =1 (4)

i=1 j=1

yI:|AI_Atarget.l|7 vi=1,...,L (5)

Consequently, after the transformation of the general restric-
tions to objective functions, the goal is to minimize simultaneously
the L + 1 objective functions, yo, y1, Y2, - - . , ¥1. One of the most pop-
ular methods used in multi-objective optimization is that based on
the desirability functions. The method finds the values of the deci-
sion parameters that provide the “most desirable” solution. The
basic idea of desirability function approach is to transform a
multi-response problem into a single response problem by means
of mathematical transformations [10]. For each y,, with t=0, 1, ...,
L, a desirability function des,(y,) assigns numbers between 0 and 1
to the possible values of y, with des,(y;) = 0 representing a com-
pletely undesirable value of y, and des,(y;) = 1 representing a com-
pletely desirable or ideal value. The overall objective function,
referred as total desirability fu.s, is defined as the geometric mean
of the n individual desirabilities des,(y,). If some individual desir-
abilities are considered more important than others, an impact
coefficient w, can be assigned for each response des,(y,). In this case
the total desirability is [14]:
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1
L

Wt

t=L
fdes = (1_[(165‘:/t (yt)> =0 (6)
t=0

Using the geometric mean of the individual desirability func-
tions guarantees that if any single desirability is zero (complete
undesirable), the overall desirability fs.s is zero. In contrast the
overall desirability is 1 if all individual desirabilities are 1 (com-
plete desirable). Thus, the simultaneous optimization of several
responses has been transformed to optimization of a single
response, the overall desirability. Derringer and Suich proposed
three different forms for the desirability function, depending upon
whether y; is to be maximized, minimized, or attain a target value
[14]. When y, is to be minimized (as in this case) the form of the
desirability des,(y,) function is

1 yt<Lb
h
desi(y) =\ () Lo <y <Us (M)
0 yt>Ub

where U, is the upper value above which the response y; is consid-
ered as unacceptable; and L, the lower value below which the
response Yy, is fully acceptable. The parameter h defines the desir-
ability function’s shape in the interval [L,,Up] [15].

In this study L+ 1 objectives functions, and eventually L+1
desirability functions, were defined. The first one, presented in
Eq. (3), corresponds to the objective yo, whereas the remaining L
objectives refer to the deviation of the area covered by each land
use from the defined target area, according to Eq. (5). Thus the
optimal land uses of the study area are those with the maximum
value of the total desirability.

3.3. Genetic evolution algorithm

Since 1950s, many computer researchers studied the applica-
tion of evolutionary systems as an optimization tool for engineer-
ing problems because of their ability to solve problems that could
not be solved by conventional optimization methods [16,17]. These
systems evolve a population of candidate solutions to a given prob-
lem, using processes inspired by natural genetic variation and nat-
ural selection [16]. Genetic evolution algorithm (GA) is a
stochastic, population-based optimization algorithm introduced
by Holland in 1975 [18]. The optimization process is carried out
by evolving populations by means of mutation, crossover and
selection operations. The steps for the development of the GA algo-
rithm, described below, include the creation of the initial popula-
tion (initialization), the mutation, and crossover and selection
operations. GA optimizations methods have found several applica-
tions in mining industry such as for the optimal equipment selec-
tion in opencast mining, or, as a tool to predict the failure of mining
equipment over the time [17,19].

3.3.1. Initialization

As initial population in this study a set of N, matrices of dimen-
sion m x n was created. Each matrix m x n represents a candidate
reclamation solution (land use matrix) and is called individual p at
a generation G. Each individual p of the population at a generation
G, with pe[1, Np], is denoted as a target matrix X,c and is
expressed as

Xp6(1,1) xp6(1,2)
Xpe=

Xc(m,1) xpc(m,2) ...

. Xpc(1,m)
,forp=1,2,...)N,

Xpc(m,n)

The size of the population does not change through the opti-
mization procedure. The initial population at the start, G=0,
should cover the entire search space of the alternatives, by select-
ing each individual from an empirical distribution from the range
of [1, L]. The empirical distribution was selected instead of the uni-
form distribution, which is the most common, to increase the effi-
ciency of the evolution process. Considering the probability p; of
selecting an alternative [ at a square x(i, j) is equal to the predeter-
mined percentage of the area for this specific land use [, then the
cumulative probability g, of the empirical distribution is

i
G=>p, i=12..1L 9)
j=1

Assigning a land use value I to a square from the empirical dis-
tribution involves the steps indicated in Eq. (10). A number r is ran-
domly selected from the uniform distribution [0, 1]. If r is within
the interval [0, g;] then the land use 1 is selected, if r is within
the interval (q4, g»] the land use 2 and so on.

1 if rel0,q]
2 if re(qy,q,

L if re(q.,ql

I = (10)

3.3.2. Mutation step

After initializing the population of the candidate solutions, an
evolution process is taking place at each generation for a predeter-
mined number of generations G;,.«. The first step of the evolution
process is the mutation step. A mutant solution matrix V¢ is cre-
ated with respect to each target matrix X, following a mutation
strategy.

e(1,1)  2p6(1,2)
Ve = : : : : (11)

Upc(m, 1) vpc(m,2)

vpc(1,n)

Upg(m,n)

In this study the single point mutation method was selected.
The mutation probability F of the land use of a square is first
defined. This probability is set low, usually 1%-5%, since if it is
set too high, the search will turn into a simple random search
[20,21]. During the mutation step at each square, a random num-
ber pp. is randomly selected from a uniform distribution with
Pmue ~ U [0,1]. If pmue <F, then the land use [ in the square is
changed else it remains the same. The new land use | (mutated
value) is derived from the empirical distribution used in the ini-
tialization step according to Egs. (9) and (10). If the new land use
(mutated) is identical to the initial, the mutation procedure is
repeated until the mutated value become different from the ini-
tial one.

3.3.3. Crossover step

The succeeding crossover step applied to each pair of X, ¢ and
Vb6 is used to increase the diversity of the perturbed solutions.
The crossover operation generates a new matrix, called trial
matrix, by mixing the elements of the mutant matrix with those
of the target matrix. If the trial matrix obtains a higher desirability
value than the target matrix, then the trial matrix replaces the tar-
get matrix in the next generation. The trial matrix is denoted as:

upAG+1(]7 1) up.G+1(]72) up,G-H(]:n)
Up.G+1 = (12)
Upcr1(m, 1)

Upc1(m,2) Up G (M, )
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Initially the crossover probability CR of a matrix element is
defined. Crossover probability is generally chosen from the interval
[0.5, 1) [20,21]. For T =i x j, where 7 € [1, D], each element of the
trial matrix is estimated by

if rand; < CR O T = Tygng
if rand; > CR O1 T # Tygng

Z/p.,G(i'ﬂj):

13
XP~C(i7j)7 ( )

the-r(i) = {
where rand, ~ U [0, 1); and T,gnq is an integer randomly chosen in
the interval [1, D].

3.3.4. Selection step

The final stage of the evolution process is the selection step. The
value of the objective function for the target solution fuesc (Xpc) is
compared to the value of the objective function corresponding to
the trial solution fgesc (Upc+1). In minimization problems, if
faes.c(Up, c+1) < faesc(Xpc) then the trial Upc.q passes to the next
generation. Otherwise, the target solution X, is retained in the
next generation.

The total desirability functions fuescpc (Xpc=0) and fuescpc
(Upg=1) are calculated for the target and the trial matrix
respectively, and the population of candidate matrices, to pass at
the next generation, are formed Vi € [1,Np]. If feescpc (Upc=1)
< faescp.c(Xpc = 0), then the target vector is retained, otherwise
trial matrix is winner. The overall developed optimization process
is shown schematically in Fig. 2.

4. Application of the methodology-results and discussion

The above described methodology was developed in Matlab
R2014a environment and was applied for the planning the land
reclamation activities and specifically the post-mining land use
of Anynteon open pit lignite mine The Amynteon lignite mine is
located in Ptolemais lignite-bearing basin, in the Region of West
Macedonia, Northern Greece. The lignite mine that has been devel-
oped and operates in this area during the last 30 years occupies
currently approximately 6 x 10’ m? and supplies with lignite a
thermal power plant with an installed capacity of 600 MW. The
Amynteon mine pit is developed from a depth of 40-50 m, in the
eastern boxcut area, and reaches the depth of 250 m in the central
section of the western rim slope and the depth of 180 m in the area
of the southern rim slope. The mine and the power plant are sur-
rounded by a relatively flat agricultural area, with an extensive
network of irrigation channels lakes. Some areas nearby the water
bodies are controlled by laws and regulations relevant to the
preservation of wildlife and of sensitive environmental compo-
nents, which set specific restrictions regarding the development
of human activities. Moreover, in the vicinity of the mine there
are several villages. According to the National Regulation of Mining
and Quarries Works, mining activities must keep a clearance of
250 m from residential areas [1].

The wider region, including the mined area for reclamation as
shown in Fig. 3, was divided into D = 20 x 24 =480 squares. The
dimension of each square is 300 m x 300 m squares with an area
of 90,000 m?. The overall studied mined area contains 370 squares
with a total area of 3.33 x 10" m?.

The optimum values of decision variables for each land use are
shown in Table 1. As shown in Table 1 four possible alternative
land uses (L=4) and five decision criteria (K=5) were used for
the selection of the most appropriate land use for each square.

At first, the absolute minimum partial deviations devpgyia Of
decision parameters from the optimum values for each land use
are calculated in each square according to Eq. (1). Then the overall
deviation dev,y for each land use is estimated in every square
according to Eq. (2). Table 2 shows in detail the calculation of
devyyq for a square (i, j) when the considered land use is

Initialize Np candidate target solutions
Xs-oand define GA parameters

Spatial No
constraints
satisfied?

Apply spatial
constraints

Save
Yes the final End
solution

p<Np

No
Mutate

Crossover

Spatial No
constraints
satisfied?

Apply spatial
constraints

Yes
A

Calculate desirability value for
both trial and target solutions

v

| Select the solution i at generation G+1
Yes

Fig. 2. Flow chart diagram of developed optimization process.

agriculture. The decision parameters values of the square (i, j) were
assumed: terrain slope =1, fertility of soil=0, proximity to
lakes = 1, proximity to archaeological sites=2 and proximity to
villages = 2.

Thus the first
Yo =3 S0 1 devegeal(i,j, ). The other minimization functions
referring to the total area A, covered by each land use I are: y; = |
Ay — ALtargetlv V2= |A2 - AZ,targetlv Y3= |A3 - A3,target| and Ya= |A4 -
— A4 rarger|- The desirable areas Ajqrge: to be covered area by each
land use are given in Table 3.

For the estimation of the individual desirabilities of the objec-
tive functions yg, ¥1, ¥2, ¥3, ¥4 the shape parameter h was selected
to reflect the tolerance of the decision makers regarding the fulfill-
ment of the predefined targets. Fig. 3 indicate the effect of shape
parameter h on the value of the resulting desirability. For h>1
the desirability falls rapidly as the deviation of an objective func-
tion from its target value increases. For h =1 the decrease is linear
while for h <1 the decrease is slow. Selection of h > 1 for a specific
objective function indicates that it is crucial to maintain the
obtained optimal value as close as possible to the target. In con-
trast, h <1 indicates a relatively high tolerance to this deviation,
while h =1 signifies a moderate tolerance.

As noted in Fig. 4, X-axis represents the absolute deviation of
the objective function from the pre-defined target value, whereas
y-axis denotes the value of the desirability function.

To involve the above approaches for the selection of the optimal
land uses of the studied area, four different scenarios, shown in
Table 4, were examined. Scenarios 1-3 were created to examine
the effect of desirability parameter h on reclamation results, while
the fourth to investigate the influence of spatial constraints. The

minimization function is
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Mine

Amynteon

Map of Greece

Waste dumps.

1k

Excavations

Fig. 3. Location of the area of Amynteon in Northern Greece (left) and map of the studied area of the Amynteon lignite mine (right).

Table 2

Estimation of partial and total deviation of square (i, j) when the agriculture land use is considered.

Value of decision parameter for square (i, j)

Optimum value for agriculture use

Difference from the optimum values devp,ygal

Terrain slope =1

Fertility of the soil =0

Proximity to lakes = 1

Proximity to archaeological sites = 2
Proximity to villages = 2

0
2
Oor1l
Oor1l
Oorl

Overall difference for agricultural use (I=1) deveq(i,j, 1)=1+2+0+1+1=5

|0-1]=1
[2-0/=2
min{|0-1], [1-1]}=0
min{|0-2], [1-2]}=1
min{|0-2|, |[1-2|}=1

Table 3

Optimal land uses according to the examined scenarios.
Land use Acarget Obtained result for each examined scenario

1 2 3 4

Lake (I=0) 4,05 4.05 4.05 4.05 4.05
Agricultural (I=1) 54.05 53.24 53.24 54.05 47.30
Forestation (I=2) 33.78 34.59 34.59 33.78 40.54
Recreational (I =3) 5.41 5.41 5.41 5.41 5.41
Industrial zone(l = 4) 2.70 2.70 2.70 2.70 2.70
Mean deviation from the optimum values of Table 2 (per square) Minimum 1.16 1.27 1.35 1.35
Overall desirability 0.82 0.81 0.81 0.75

Desirability

20 40 60 80 100
Deviation (arbitary units)

Fig. 4. Shape of desirability functions for different values of h.

parameters of evolutionary algorithm were kept identical in all
scenarios. The size of the population, N,, the number of iterations
and the mutation probability F, were selected respectively to
100, 500 and 5%. These values were found, during the trial applica-

Table 4
Description and parameters of the examined scenarios.

tion of the developed methodology, to ensure the satisfactory con-
vergence of the evolutionary searching algorithm in a reasonable
time (the required execution time for the optimization was
approximately one hour for each case, when a modern desktop
computer with a multiple-core processor was used).

The results of the developed methodology for the selection of
the optimal land uses for the examined scenarios are summarized
in Table 3. The resulting maps indicating the proposed land use for
each square of the mined area are shown in Figs. 5 and 6.

Blank squares, shown in Figs. 5 and 6 belong to the surrounding
area which has not been affected by the mining activities.

Results, shown in Table 3, indicate that scenarios 1-3 lead to
similar results. The proposed areas for residential and industrial
zones coincide with the pre-defined areas (target) for all scenarios
(1-4). The difference between the target and obtained values for
agriculture use and forestation are small for scenarios 1 and 2,
while for the scenario 3 these differences became zero. However

No. Description of the scenario (Express decision makers tolerance to expected deviations) Desirability parameter

hO h] ’12 h3 ,14
1 Moderate tolerant to all deviations 1.0 1.0 1.0 1.0 1.0
2 Stringent to deviation regarding the industrial area and moderate tolerant to the remaining 1.0 1.0 1.0 1.0 1.5
3 Stringent to deviations regarding the industrial and forest area and moderate tolerant to the others 1.0 1.0 1.5 1.0 1.5
4 Moderate tolerant to all deviations, and do not consider spatial constraints regarding compatibility of adjacent squares 1.0 1.0 1.0 1.0 1.0
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Fig. 5. Generated maps of optimal land uses for scenario 1 (left) and 2 (right) after 500 iterations of the evolutionary algorithm (0 = Lake, 1 = Agricultural, 2 = Forestation,

3 = Recreational, and 4 = Industrial zone).

I 2 3 4 s 6 7 s 9 w0 1213 wlis 6 1 18 19 20 2 3
1 1] -1 -1 2] 1 d 1 1 1 i 1 1 1 1 1) 4 4] 4] 1 1 1 12
2| -1 -1 -1 1 1 1 1 )|  § 1 | 1 1 1 1 1 1 1 1 1 1 1_ 4
3 -1 -1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 3l 1 1 1 1_ 4
4] -1| -1 RPNl 1 1 1 1 1 1 1 1 1 1 1 1 1 :| 1 1 1 1 1
s| o8l ol ol Sl o o o] o | 0 af o o ] o o o o o] afFa) s
of -I[NEE 2] 20 2/ 208 | 1 1 1 1 1 1 1 1 4 1 1 1 1| 4 2
7 -1] 20 2] 2] 2] 2| 2/ 2] 3‘ 3 1 1 1 1 1 1 1 1 1 122 -1
s| 1] 2 2[ ol of of ol of BRSNSl 1 | o « o 0 ] o[ [l 2l 4
ol 1l 2 a0 oo o ol ol 2 o v [ a0 a[ 0 al e afa o
1o -8 2| 2] o] of 0l 0] 2| 2 2| | 1 I 1 1 | 1 120 1] 1 -1
n 1) -1 -1 20 2] 20SES 2] 2 2| 1 1 1 1 i 1 1 12 -1 - - -
12 1] -1 -1 -1 -1 2028 21 2) 20 2] 1 1 1 1 L2002 2] -1 1] -1 -l
13 1) -1 1] -1 2. 20 21 21 3 3 | 1 1 1 1 10208 1) -1 -1 1 -1 -1
wlal o Bl el a2l ol 2 o o | | o el af g g
Y Y Y 0 ] 20 Y Y I Y Y I I
16 -1 -1 -1 RSP 2R N2 2 2] 1 1 1 12 -1 -1 -1 1 -1 -
17 -1 -1 -1 22282l 2 2 2l 2 1 1 10020020 20 2020 2] -1 -1 -1
| a| - affal 22l a2l ol 2 2ol 1f o 1 af 1afi2)2 2l 4] 4 4
19 -1 -1 -1 -1 2P0 20 Tl a2 28 20 2] | 1 1 1 1 102 -1 -1 -1
FIEIEIEIEEETEIEL T I R e

12 3 4 s 6 7 8 o w0 12 13 14 15 16 17 18 19 20 2 2 23 2
v el | o o o] ol a2l o] o af o] 1 aFal 0 S
2 -t - 80l | ofSRl |83 o o SO o [RRRINal 1 1 SRR 1SRl 1
s - - Rl f o o oM o ol ] ol of o oJOUNE o o BRIl
a0 b2l 1f2) o881 ) 1 aF2 afal o af2l o] 1o il 28 2] 1|8
s ottt ol ] oaf af ] oo af af af a2l o o[T2lal ol el 2] 1
o -1 abaliafal o ofi2l (bl of af of offRl o] 1 o1 1 1 R
7_-1 SSSINOINO NN RN N0 Rl 1] 1f 1) ol af 1 1O 1 BRI -
s_-1_2 2l ol ol ol of ol 2 2 2 1|F3 1| af 2/881 2 1 4 2 2] ]
o_-1_ 2 o|io[SolSolSofSolNol 2 1 2 1| 1] 1| (SIS 1 il 2 ) ]
w120 2] 2(WolNo|SolNol 2SI 2 2] o i o] o] 1 282l ] af
u -t o ool ol ol af e 1 2l af of afal o ifalal i ]
NEIEEEE 0 R e
13- 4 |l 2l 2l ol 2 1 288 2) Al 2] 2002 1 a1 g ] ] 4
i o o b afal o uftal 1 abal of afol of ol 0 o g ] af o
[EANE TR R Y 1 Y T Y IR 7 I 1 T Y Y 1
[CRNTRNE N | Y T Y ) IR S Y Y T Y I 1 T R T ¥ I
AR I e W EER
8 -1 o ol 28 il a2 1 b2 fal ifalal b2l il2 ] af
w - - | - falalalal (e aaftal o af af o (B2 2 ] i 4
20 o | ] ] o fial v e o | e el

Fig. 6. Generated maps of optimal land uses for scenario 3 (left) and 4 (right) after 500 iterations of the evolutionary algorithm (0 = Lake, 1 = Agricultural, 2 = Forestation,

3 = Recreational, 4 = Industrial zone).

in the third scenario the deviations of the proposed land uses,
regarding the criteria defined in Table 2, are increased. This results
in slightly lower values of the overall desirability. Results obtained
in scenario 4, where no spatial constraints were applied, are fairly
inferior to those of 1-3.

The impact of the spatial constraints is evident in the produced
maps affecting significantly the spatial distribution of the proposed
land uses. In the map produced according to scenario 4 the pro-
posed areas for all land uses are fragmented into several small
sub-areas. In contrast the proposed areas according to scenario
1-3 consist of few large sub-areas. Such a spatial distribution is
preferable since it has a lower reclamation cost and additionally
eliminates the probability of assigning incompatible land uses in
adjacent squares.

5. Conclusions

In this study an advanced methodology for the selection of the
optimal land uses for the reclamation of mined areas was pro-
posed. It incorporates the genetic evolutionary searching algorithm
and the desirability functions to overcome the complexity of spa-
tial constraints and to accomplish the multi-objective nature of
the optimization. It has the capability to incorporates the decision
makers attitudes and thus to determine the optimal land uses rep-
resenting different reclamation strategies. The application of the
developed methodology in the selection of the optimal landscape
reclamation strategy of the Amynteon lignite surface mine located
at West Macedonia Lignite Centre, Northern Greece, indicated that
it is a valuable tool enabling mining companies to evaluate differ-
ent reclamation strategies maximizing thus the long-term sustain-
ability of the broader mining area.

The developed methodology can be easily extended with the
incorporation of an economic objective function, by introducing

the benefit per area unit for the alternative land uses in relation
to the life cycle of the project. Finally a more sensitive scale to
describe the characteristics (slope, soil fertility, etc.) of every
square of the reclaimed mine land instead of the used three level
scale (0 =low, 1 =medium, 2 = high) could increase the accuracy
of the obtained results.
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