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Abstract

Multi-criteria optimization is primarily utilized to rank various alternatives and project types. However, the question
arises: is it possible to use the multi-criteria optimization process for something more than that, in terms of determining
the actual set of optimal criteria and creating optimal paths of their changes according to desired constraints? In this
regard, it is necessary to find a connection between the output provided by multi-criteria optimization method itself and
a hypothetical alternative that represents the current optimal alternative, referred to as a synthetic profile or transit
optimum, which does not represent any initial alternative in the optimization matrix. Such an actual transit alternative
is formed by the mutual influence of all factors in the decision matrix, but also depends on the multi-criteria optimization
process itself. This requires the creation of a mathematical feedback loop between the optimization process and the
redistribution of all alternatives according to the criteria, to create a new transit optimal set of criteria. As a representative
method for multi-criteria optimization, the PSI (Preference Selection Index) method was selected because of its
advantages in terms of its integrated procedure for calculating criteria weights and its objectivity in categorization. The
proposed adaptive PSI framework introduces a synthetic profile that enables iterative feedback and two-stage
optimization, transforming the classical static ranking into a dynamic adaptive process with a clear methodological
advancement over existing MCDM techniques. The overall concept was tested on the optimization of thermal insulation
thickness for walls under the conditions of Bosnia and Herzegovina.
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1. Introduction substantially. In this context, there is a growing need for
mathematically simpler and more objective multi-criteria
decision-making (MCDM) methods. The Preference
Selection Index (PSI) method, developed by Maniya and
Bhatt [2], is an objective MCDM technique that
eliminates subjective weight assignment by determining

The application of multi-criteria optimization has
gained significant intensity in the last 30 years [1]. The
development of both new methods and their applications
in various problems is an obvious indicator. At the same
time, the speed of human decision-making has begun to
unconsciously compete with machines, while the
subjective feeling of the human self has changed

criterion weights through statistical evaluation of
normalized data. Its advantages include mathematical
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simplicity, transparency, and applicability to both
quantitative and qualitative criteria [3]-[10]. However,
like other static MCDM methods, classical PSI provides
only a one-time ranking without inherent mechanisms for
iterative improvement or feedback. Main limitations of
PSI method relate to: lack of attribute weighting [11],
simplistic and inflexible approach [12], inadequacy in
complex or detailed analyses [13], inadequate integration
with the other decision-making techniques [14],
oversimplification in multi-criteria decisions [15], real-
world applications challenges [16]. The PSI method is
also used in hybrid models where it is used as a reliable
mechanism for automatically determining the weights of
criteria that are then used in other ranking methods [17],
[18].

The term "Adaptive Multi-Criteria Optimization"
represents an advanced part of mathematical optimization
that simultaneously solves two or more conflicting
objectives, while the optimization system adjusts its
parameters or model during the solution process. Simply
defined, adaptive multi-criteria optimization enables
"smarter" decision-making by not only offering a static
answer, but also evolving along with the problem it
solves. This practically means that it does not only
provide a ranking of variant solutions, but is used in
systems of multiple coupled equations and conditions that
describe a specific problem [19], [20]. Adaptive
optimization systems do not consider the problem as a
static structure, but use feedback to adjust the model. In
recent years, this approach has become a standard in the
integration of machine learning and MCDM [21], [22].

The MARCOS (Measurement of Alternatives and
Ranking according to COmpromise Solution) [23] and
ARIE (Adaptive Ranking with Ideal Evaluation) [24]
methods share the same basis in terms of: adaptability to
ideal solutions and stability of the obtained ranked
solutions. Thus, they represent a link to adaptive MCDM.

The main task of this study is the development of an
adaptive PSI framework that extends the classical method
through the introduction of a synthetic profile (transit
optimum) — an imaginary alternative generated according
to the PSI preference indices and the initial values at the
optimization matrix in one iteration performed. This way
enables a feedback-driven iterative process and two-stage
optimization, transforming static ranking into adaptive
multi-criteria optimization. In addition, it is necessary to

mathematically ensure that all elements of this process are
consistent and functional, such as the application of
normalization of criterion sizes, the numerical values used
(especially zero), and the dispersion of the system of
analyzed values itself. This work differs from previous
adaptive MCDM approaches [19]-[24] in that it derives
the feedback mechanism directly and objectively from the
PSI preference structure itself, without requiring external
weighting or machine-learning modules. More
specifically, the novelty of this study is that the PSI
method is not used only as a static ranking technique, but
is extended into an adaptive optimization framework. The
PSI preference indices are transformed into participation
coefficients which are then used to construct a synthetic
profile, which representing a PSI-derived projection of the
initial decision space. Within the the proposed
framework, the synthetic profile acts as an adaptive
optimization operator by transferring information
contained in the PSI ranking back into the decision matrix
as a transitional optimization state. In this way, it enables
feedback-based iteration, convergence analysis, and two-
stage optimization coupling.

Although this paper analyzed optimal thickness
insulation from expanded polystyrene (EPS), recent
studies have shown that bio-based insulation materials,
such as coconut shell and kenaf fiber composites, can also
achieve thermal conductivity values of around 0.041
W/mK, which are very similar to those of EPS. This
indicates that the wider adoption of bio-based insulation
materials can be expected in the future [25, 26].
Considering that the choice of thermal insulation
thickness is a direct techno-economic issue, it indirectly
and practically affects influences overal building
performance, energy consumption, heating or cooling
source power, thermal imbalance, moisture problems,
comfort in residential buildings and much more [27]. The
proposed adaptive multi-criteria optimization framework
is validated through the selection of optimal thermal
insulation thickness for detached single-family houses in
Bosnia and Herzegovina, which according to Typology of
Residential Buildings in Bosnia and Herzegovina that
represents over 70% of the national residential stock [28].

2. Methodology

In this paper PSI method is used as the computational
basis for developing an extended PSI-based MCDM
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framework. The proposed extension introduces a
synthetic profile generated from PSI-derived percentage
contributions of the alternatives. Upgrading the PSI
method in terms of introducing the distribution of the
preference index coefficient across the appropriate
alternatives and generating a transitional optimization
state based on the criteria values and PSI-derived
preference structure generated from the initial
optimization matrix and the optimization process. This
represents an initial step toward the development of an
adaptive PSI-based MCDM framework. Basically, the
entire PSI methodological concept developed by Maniya
and Bhatt [2] is used in this paper to extend and connect
the preference selection index with the initial optimization
matrix.

The paper proposes a methodological way of obtaining
a vector formed by percentages calculated using the
preference selection index. Each alternative from the
initial matrix has its own percentage value in forming the
final solution, which we will call the so-called “synthetic
profile”. The synthetic profile is mathematically
equivalent to a convex (barycentric) combination of
alternatives, but it differs conceptually because the
weighting coefficients are derived from the concept of the
PSI preference structure and the resulting profile is used
as a transitional optimization state within an adaptive
decision process. The novelty of the proposed approach
does not lie in the mathematical form of the synthetic
profile, which corresponds to a convex combination, but
in its derivation from PSI preference indices and its use as
a feedback-based transitional state within the decision-
making process. Later in the paper, it will be shown that
the synthetic profile is actually an imaginary vector made
up of optimization criteria that is created as the product of
the vector of percentages formed by the preference
selection index and the initial optimization matrix [29],
[30]. This synthetic profile retains the information about
the performed optimization process, but also about all the
real influences of the alternatives and their criteria from
the initial optimization matrix. In this way, a feedback
loop can be created between the created synthetic profile
and the multi-criteria optimization process itself. This
paper proposes only the static MCDM process and the
process of eliminating the lowest-ranked alternatives in
the simple iterative process. Also, the possibility of
applying two-stage optimization based on the use of a
synthetic profile will be demonstrated. The synthetic

profile is used to couple the first and second stages of
optimization.

The datasets related to thermal insulation thickness
were taken from the Typology of Residential Buildings in
Bosnia and Herzegovina [28] and facade cost data for
Bosnia and Herzegovina [31], and were used to validate
the proposed adaptive PSI framework. Accordingly, the
methodology is organized into four connected stages:
presentation of the classical PSI method, derivation of the
synthetic profile, implementation of the static adaptive
PSI procedure, and demonstration of two-stage
optimization through the thermal insulation case study.

3. Description and Classic Applications of the
PSI Method

PSI method in multi-criteria optimization provides
results by using minimal and simple calculations. This
method was developed by Maniya and Bhatt [2] and
belongs to the group of objective multicriteria decision
making methods. The PSI method in multi-criteria
decision-making (MCDM) is based on a statistical
concept. The logic of this method uses the statistical
concept of sample variance to determine the variation of
preferences for each criterion. In terms of determination
of criterion weights, this process is integrated within the
PSI method. In this method can be used for any number
of attributes. It can also be used for both quantitative, or
calculation criteria and qualitative or descriptive criteria
[2], [4], [32]. Qualitative criteria must be transformed into
a numerical format before applying the PSI method. The
following are the steps and formulas related to the PSI
calculation and methodology [2].

Step: 1. Define the problem: Determine the objective
and identification important attributes and alternatives
involved in the decision-making problem.

Step: 2. Formulation of the decision matrix: This step
involves design of a matrix based on optimization task
related to information available that describes the criteria
of the problem. In decision matrix each row is allocated
to one alternative, and each column to one attribute or
criteria. Therefore, an element Xj; of the decision matrix
X gives the value of the i-th alternative and j-th criteria in
original real values. In creating a decision matrix, m is the
number of alternatives and n is the number of criteria.
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Step: 3. Data normalization: In the MCDM methods it
is required to make the criteria value dimensionless. For
this purpose, the criteria values are transformed in interval
from 0 to 1. This process of transforming criteria is
normalization which depends on the type of criteria. The
accuracy of further calculations in optimization depends a
lot on the normalization process. In the basis of the PSI
method, the most significant is the ordinary linear
normalization, which was proposed by the authors of this
method [2]. For beneficial type of criteria, larger values
are better and can be normalized as Eq. (1, 2):

X

Nij - maX(Xj) (1)

For non-beneficial type, then smaller values are
desired, and can be normalized as:

min(X;)
i X

1

2)

Where Xijj is the criteria index (i =1, 2, ..., m and j =1,
2, ..., n).

In this paper, special attention is paid to the process of
applying the criteria normalization, according to previous
research from [33]. In this regard, the methods: linear
normalization, max linear normalization, Jiittler-Korth
normalization, and Z-score normalization are suitable
methods to combine with the PSI method. All of the above
normalization methods can be used when there are no zero
values in the initial matrix. When there exists a certain
value Xij = 0, then the linear method cannot be applied.
The remaining three methods (max linear normalization,
Jiittler-Korth normalization, and Z-score normalization)
can still be applied. In cases when there exists a value max
(Xij) = 0, then all three methods (linear normalization,
max linear normalization, Jiittler-K&rth normalization)
cannot be applied. In this case, Z-score normalization is
used. This systematization of normalization methods has
a very good contribution in terms of greater use of the PSI
method [33].

Step: 4. Calculation of mean values of normalized
data, Eq. (3):

m

>N, 3)

— 1
N=—
mi5

Step: 5. Determination the preference values from the
mean values by Eq. (4):

%—2[Nij N )

Step: 6. Determination the deviation in the preference
values by Eq. (5):

0; = [1 ) ¢,-] ®)
Step: 7. Calculation of overall preference value
(weights) for the criteria by Eq. (6):
0.
Bi==" (6)

28
=1

Step: 8. Calculation the PS]J; index of each alternative
by Eq. (7):

PSL.=>'N, B, (7)
i=1

The highest PSI value corresponds to the best ranked
alternative. In this regard, the PSI value will be used as an
auxiliary value for calculating the synthetic profile. The
following consideration will discuss about the
possibilities of mathematically creating a synthetic
profile. This approach represents an introduction to
framework of adaptive MCDM. However, what if we
could establish a self-adjusting optimization process that
evolves toward the desired optimum? In this regard, there
is also the main motive for moving from the classical
application of ranking alternatives to the domain of
adaptive optimization using the PSI method. All this
opens up some new possibilities for the application of the
PSI method and MCDM optimization in general.

4. Creation of a Synthetic Profile and Transit
Optimum Based on the PSI Method

The process of defining the synthetic profile is
methodologically completely linked to the general
concept of PSI and the obtained values of the preference
index PSI; according to the considered alternatives. The
percentage value of the participation of individual
variants in the creation of the synthetic profile can be
obtained on the basis of the percentages calculated from
the individual value of the preference index PSJ;
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corresponding to a certain alternative and the total sum of
all preference index, depending on the number of
considered alternatives, Eq. (8):

PSI,

pj: m (8)
> Pl
=1
Basically, in the previous way, a vector of percentages pii
is formed, of which each alternative has its own
percentage of influence, i.e. i=1...].

PiZI:pl P, - pj:l

The synthetic profile Si Eq. (9), is actually an
imaginary alternative, which is created as a vector product
of the vector of percentages formed by the preference
selection index Pi and the initial optimization matrix Xij
[29], [30]. Through this coupling process, in addition to
the fact that the synthetic profile is mathematically
coupled by the product of the vectors Pi and Xij, it is
completely dependent on the optimization process
through the PSI method.

S, =P xX;=[s;, s, .. s] )

The coefficients p; represent the normalized
contribution of each alternative to the synthetic profile.
Since they are obtained by dividing each PSI; value by the

total sum of all PSI; values, they satisfy:
2{21 pbi = 1,

provided that all PSI values are non-negative. In this

pi 20,

formulation, i = 1, ..., m denotes the alternatives, while
j=1,...,n denotes the criteria. The synthetic profile is
therefore obtained as the vector-matrix product, S = PX,
P = [py,p2 -, Pm] is the PSIl-derived
participation vector and X = [Xi]-] is the initial decision

where

matrix. Each component of the resulting vector S
corresponds to one criterion and can be written as:

Sj = Yit1Pi Xij» ji=1,..,n

In this way, the synthetic profile is calculated in the
original decision space and preserves the physical
The feedback
mechanism is created by replacing the worst-ranked
alternative in the current decision matrix with the newly

meaning and units of the criteria.

obtained synthetic profile and then repeating the PSI
procedure until the ranking becomes stable or the profile
converges toward the selected optimum. In this paper, the

term synthetic profile denotes the generated decision
vector, while transit optimum refers to its role as an
intermediate state in the adaptive optimization process.

As an example for calculating the value of the
synthetic profile, the values related to the thickness of the
thermal insulation of the outer shell of a free-standing
house, built in the interval from 1981 to 1991, were taken
from Typology of Residential Buildings in Bosnia and
Herzegovina [28]. By distribution of typologies of
residential buildings in BiH by gross surface, single-
family houses take about over 70%. Single-family house
with ground floor and attic used for residential purposes.
The roof'is traditional, wooden, gable roof, with clay roof
tiles. External walls are made of 29 cm hollow clay bricks,
with a 5 cm thermal insulation layer in the contact facade
system. Three measures were taken into consideration for
wall insulation: improvement 1 (thickness of thermal
insulation of 10 cm), improvement 2 (thickness of thermal
insulation of 20 cm) and improvement 3 (passive house,
thickness of thermal insulation of 30 cm). Thermal
insulation characteristics correspond to the value of A =
0.041 W/mK, i.e. expanded polystyrene (EPS) - white
polystyrene. Certain categories of white polystyrene (such
as EPS 50 or EPS 70) have thermal conductivity in this
range (A = 0.039-0.041 W/mK). Table 1 provides an
overview of the alternatives that represent improvement
measures 1, 2 and 3, as well as criteria for savings in heat
transmission loss through the wall, and investment in
performing 1 m? of wall insulation in all three
improvements. Due to the simplicity of the calculation
that we want to show regarding the synthetic profile, only
two criteria were taken into consideration. The criterion
of savings in heat loss is a benefit criterion (+), while the
investment per 1 m? of insulation is a non-benefit criterion
(). Investment in performing 1 m? of wall insulation
corresponds to prices in Bosnia and Herzegovina [31].

Table 1. Overview of the alternatives that represent
improvement measures and criteria.

Savings
in heat Investment in
Alternatives/criteria loss perforrr}mg ! ?“2 of
through wall insulation
the wall (BAM/m?)
(W/K)
Improvement 1 48 50
Improvement 2 62 70
Passive house 78 110
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By applying the classic PSI method and usual linear
normalization of the initial data in Table 1, the PSI index
values was calculated by (Eq. (1) to Eq. (7)). As well as
the ranking of the alternatives in the following Table 2
gives an overview.

Table 2. Overview of the ranking of improvement measures
and PSI index by using linear normalization data.

Alternatives/criteria PSI index Ranking
Improvement 1 0.799 1
Improvement 2 0.756 2
Passive house 0.738 3

From Table 2 it is clearly seen that the optimal value
is the alternative on the first place, which refers to
Improvement 1, which is thermal insulation of 10 cm
thickness of wall. This alternative also corresponds to the
highest value of the PSI index and, respectively, the rank
number corresponds to the value of the PSI index. At the
same time, this scale confirms and demonstrates the
usability of the PSI method in ranking building renovation
measures in both optimal and hierarchical order. Much in
all MCDM processes depends on the process of
normalizing numerical values from the initial matrix,
which will be discussed later. Using standard classical
formulations for PSI (Eq. (1) to Eq. (7)) but also non-
standard proposals via equations (Eq. (8) and Eq. (9)), the
value of the synthetic profile or imaginary alternative Sy,
can be calculated, Table 3.

Table 3. The value of the synthetic profile or imaginary
alternative by using linear normalization data.

Investment
in

Savings in heat performing 1

Alternatives/criteria  loss through the N
m* of wall
wall (W/K) . .
insulation
(BAM/m?)
Synthetic profile Sp: 62.272 75.908

Synthetic profile (imaginary alternative), in practical
terms, represents the reduction of initial information from
the starting matrix through an optimization process to a
new value that can be used to expand the MCDM process
for new purposes. Table 3 shows that the synthetic profile
is positioned between the initial insulation alternatives,
because it contains the weighted influence of all
alternatives according to their PSI-derived participation

coefficients. This confirms that the synthetic profile is not
a separately selected real alternative, but a generated
transitional state that summarizes the information
contained in the initial decision matrix.

4.1. Adaptive static PSI optimization

The adaptive PSI procedure extends the classical PSI
method by introducing an iterative feedback step. After
the classical PSI index is calculated and the alternatives
are ranked, the PSI values are transformed into
participation coefficients and used to generate a synthetic
profile. The worst-ranked alternative is then replaced by
this profile, and the PSI procedure is repeated. Therefore,
the adaptive implementation consists of the following
sequence: defining the initial decision matrix, selecting
the normalization method, calculating PSI indices,
ranking alternatives, generating the participation vector,
calculating the synthetic profile, replacing the worst-
ranked alternative, and repeating the procedure until the
ranking becomes stable or the profile converges toward
the selected optimum. In this way, the system is naturally
"pushed" towards the optimal solution. For this purpose,
a series of transit optima are created that converge towards
the desired optimal state. Figure 1. shows the general
scheme of adaptive PSI, by using a previously created

synthetic profile.
' Initial matrix N Replacement the ' L )
i worst rank in the Creation of
f“ oo previous optimization |¢mm| ~ Syntetic profiles
L I 8 by a new s_ynlhelic S-PxX,—[5 5 - 5]
\_ . profile _
% N ¢ Creation vector
Adequate types percentages of
of data alternatives
normalization L
>ps;
4 ) Calculati i h
Calculation the Aicn aHnon o
PSI method PSI index of m=)| percentage values of
profocel each alternative the participation of
) individual variants

Figure 1. Basic concept of adaptive PSI optimization
framework.

Table 4 shows the calculated values of 6 synthetic
profiles. These values were generated in an iterative
process where the main goal was to eliminate all the worst
ranks in the initial matrix to the initially natural
convergence by using the system of equations from (Eq.
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(1)to Eq. (9)), as well as the basic concept of adaptive PSI
optimization framework in Figure 1. In our case natural
convergence is Improvement 1. So, the first synthetic
profile convergence to the optimal solution shown in
Table 4, green color row marked. The amounts to savings
in heat loss: 52.672 W/K, and for investment 56.759
BAM/m?. Linearly observing the scale of savings in heat
loss, this savings corresponds to an insulation thickness of
approximately 13 cm. The same conclusion can be
reached by observing the scale for investments, because
both scales are linked by the methodology itself and the
synthetic profile. The values in Table 4 demonstrate the
iterative behavior of the adaptive PSI procedure under
linear normalization. Each newly generated synthetic
profile moves the decision space closer to the selected
optimum, while the worst-ranked alternative is gradually
neutralized. Therefore, Table 4 does not only present
numerical results, but also illustrates the convergence
mechanism of the proposed adaptive PSI framework.

Table 4. Overview of synthetic profiles in optimal transit
according to the selected optimum by using PSI and linear

normalization.
. . Investment
Savings in 2
heat loss per I m
Alternatives/criteria of wall
through the insulation
wall (W/K) (BAM/m?)
Synthetic profile Spy: 62.272 75.908
Synthetic profile Sp» 57.281 65.044
Synthetic profile Sp3 55.671 61.543
Synthetic profile Sps 55.146 60.401
Synthetic profile Sps 54.973 60.025
Synthetic profile Spe 52.672 56.759

Optimal alternative
by classic PSI and 48 50
linear normalization

Similarly, using max linear normalization [33] and PSI
method, we obtain the distribution of synthetic profiles in
Table 5. Max linear normalization uses formulas for
normalizing data in the initial matrix according to the
benefit or non-benefit criteria Eq. (10, 11). It is especially
worth noting that we use this type of normalization when
we do not have maximum zero values within one criterion
observed.

X.

N=—01_ 10
* max(X;) (10)

X,
N;=l-———— (11)
max(X;)

Table 5. Overview of synthetic profiles in optimal transit
according to the natural convergence solution by using PSI
and max linear normalization.

Savings
in heat
loss Investment in
Alternatives/criteria through  performing 1 m? of wall
the insulation (BAM/m?)
wall
(W/K)
Synthetic profile Sp1  62.126 75.470
Synthetic profile S, 57.179 64.782
Synthetic profile Sp3  55.585 61.381
Synthetic profile Sps ~ 55.067 60.277
Synthetic profile Sps  52.815 57.116
Optimal alternative
according to adaptive
PSI and max linear 48 >0
normalization
Optimal alternative
according to classic 62 70

PSI and max linear
normalization

Looking at the synthetic profile calculations in Table
4, it can be concluded that the neutralization of the worst
ranks in the first case when using adaptive PSI framework
and ordinary linear normalization converges to the
optimal variant after the sixth iteration. In the case of the
adaptive PSI method framework and max linear
normalization, the neutralization of the worst ranks occurs
after five iterations, Table 5. However, it is important to
note that when using max linear normalization and PSI,
the optimal variant in the first optimization was
improvement 2. After calculating the synthetic profiles
and transit optima, in both cases it was concluded that
both cases converge to the improvement measure 1. The
final synthetic profiles Sps and Sps show good agreement.
Table 5 is particularly important because it shows that
max-linear normalization initially produces a different
classical PSI optimum, while the adaptive PSI procedure
still converges toward Improvement 1. This indicates that
the proposed feedback mechanism can be used to test the
stability of rankings obtained different
normalization procedures.

under
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Figure 2. Possibilities of coupling first and second stage MCDM optimization by PSI method.

5. Possibilities of Coupling First and Second
Stage MCDM Optimization by Using
Synthetic Profile

There are processes in multi-criteria optimization that
should be coupled and executed in two or more stages.
This is justified in several aspects: avoiding the influence
of one optimization process on another in terms of the
influence of "mathematical noise", the possibility of
controlling by optimization stages, the hierarchy of
variability of optimization parameters in different stages,
etc. Basically, the key to linking different stages of
MCDM optimization is actually mutual dependence on
the influence vector percentage of alternatives and the
vector of synthetic profiles (Eq. (8) and Eq. (9)), or their
mutual mathematical coupling. The following Figure 2.
shows a scheme of the possibility of coupling two stages
of MCDM by using the PSI method.

In the literature, approaches such as two-stage
optimization, bilevel optimization and iterative MCDM
frameworks have been investigated. However, the
combination of PSI-based preference modeling, synthetic
profile generation and adaptive second-stage optimization
appears to be relatively rare [34], [35].

Basically, the entire proposed concept of two-phase
optimization using the PSI method is based on the

previously proposed adaptive PSI framework. The main
point lies in the logical and algorithmic pairing of the first
and second optimization stages. This pairing consists of
the following list of assumptions in next.

1. The output from the first stage of optimization in the
form of calculated impact of percentages of considered
alternatives from the initial matrix 1, is used as an input to
the initial matrix 2 in the second stage.

2. In the second stage of optimization, all alternatives
from the first stage are used as criteria. The reason for this
is simple, so that we can control of them in the
optimization process.

3. Alternatives in the second stage consist of:
calculated percentages of considered alternatives from
stage 1, percentage values of the initial state and
percentage values of the final state that is to be achieved
in terms of strategic planning or control of the second
optimization segment.

4. The sign of the criterion in the second stage (benefit
or non-benefit) is determined based on the difference
between the state we want to reach and the initial state.
The percentage of influence of the considered alternatives
from the first stage is neutral and does not affect the sign
of optimization.

28



Science, Engineering and Technology

Vol. 6, No. S1, pp. 21-37

5. After the calculation and execution of the
optimization process in stage 2. by the PSI method, a new
synthetic profile of the considered percentages is created.

6. Subsequently, the values of the synthetic profiles
formed in phase two of the optimization are vector-
multiplied by initial matrix 1, creating double-optimal
values. The impact percentages of the alternatives
considered in the first optimization phase remain constant
during the second phase. The desired alternative in matrix
2 is managed by varying the achieved objective values
within an interval of 0 to 1 (i.e., 0% to 100%). This
process facilitates the development of a group of scenarios
that represent an optimal transit toward the convergent
optimum from matrix 1. The primary prerequisite is the
fulfillment of the convergence criteria for both
optimization stages 1 and 2, which must be rigorously
examined beforehand.

5.1. Numerical example of two-stage adaptive PSI
optimization for calculation of transit
optimum

The initial data for applying the PSI method in two
phases to create a synthetic profile are very similar to the
previous ones, except that they are expanded to the second
phase in the form of percentage values relating to the
current state of insulation of free-standing houses and the
state we want to achieve in this regard. Table 6 presents
the alternatives for the first optimization stage and
contains the same criteria in the form of heat loss savings
and investment. The only difference compared to Table 2
is that the current state is also considered as a new
alternative with zero criteria values, i.e. without any
actions.

Table 6. Overview of the alternatives that represent
improvement measures and criteria for first stage, initial

matrix 1.
Savings
in heat Investment
loss per 1 m?
Alternatives/criteria through of wall Ranking
the insulation
wall  (BAM/m?)
(W/K)

Current state 0 0 3
Improvement 1 48 50 1
Improvement 2 62 70 2

Passive house 78 110 4

7. It is safe to say that the mutual connection between
the two stages of optimization by PSI methods works on
the approximate reciprocity between the stages. Stage one
gives stage two an optimized percentage of alternatives,
while stage two returns an optimized synthetic profile to
stage one. Stage two takes into account its information
structure through the optimization process, while stage 1
does the same again through the same defined synthetic
profile and information structure from the initial matrix 1.

Below is a numerical example for two stage
optimizations by PSI related to the degree of isolation of
free-standing houses in Bosnia and Herzegovina, in
accordance with the Typology of Residential Buildings in
Bosnia and Herzegovina [28]. It is important to emphasize
that each problem has its specific characteristics and
requires a detailed approach to defining such models.

It should be emphasized that due to the occurrence of
zeros in the first alternative, which refers to the existing
state, the application of classical linear normalization
cannot be applied. This leads to mathematical uncertainty.
On the other hand, replacing zero values with finite small
values of epsilon also leads to inaccuracy in the
calculation. Therefore, it is advisable to apply Min-Max
linear normalization. The rank in Table 6 was obtained by
applying this normalization. Also, all further calculations
in terms of adaptive two-stage PSI optimization were
performed using this type of normalization. Min-Max
linear normalization uses formulas for normalizing data in
the initial matrix according to the benefit or non-benefit
criteria Eq. (12, 13).

_ X, -min(X))
¥ max(X;)-min(X;) (12)
o omax(X)) - X
' max(X;)-min(X,) (13)

The creation of synthetic profiles up to the
neutralization of the worst rank to the optimal alternative
is shown in Table 7, for stage 1. Table 7 confirms that the
first-stage adaptive PSI procedure generates a sequence of
synthetic profiles directed toward the optimal insulation
alternative. These profiles provide the techno-economic
basis for the second stage, because the participation vector
obtained from the first iteration is subsequently used as an
input structure for scenario-based optimization.
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Table 7. Checking convergence synthetic profiles towards
optimum in stage 1.

Savings
in heat Investment in
Alternatives/criteria loss P erfonmng ! ?"2 of
through wall insulation
the wall (BAM/m?)
(W/K)
Synthetic profile Sy: 46.747 56.534
Synthetic profile Sy, 39.268 44.113
Synthetic profile Sp3 37.143 40.793
Synthetic profile Sp4 31.559 34.183
Optimal alternative
by classic PSI and
Min-Max linear 48 >0
normalization

The synthetic profile Sp; corresponds to the transit
vector of percent alternatives from first iteration. With the
percentage labels from p; to p4 referring to: Current state
(p1), Improvement 1 (p2), Improvement 2 (ps), Passive
house (ps): pi= 0.242651909; p>= 0.269399531; ps=
0.265252152; ps= 0.222696408. These values are the
input to the second stage of optimization. The initial
matrix 2 for the second stage of PSI optimal transit
calculation is shown in Table 8.

Table 8. Overview of the alternatives that represent
improvement measures and criteria for second stage of PSI.

ALTS/ Current Improv  Improv Pass
CRIT. state 1 (p2) 2 (p) house Rank
(p1) (p4)

Pi vector 0.242 0.269 0.265 0.222 1

from st. 1

Current 0.8 0.15 0.04 0.01 3
state

Desired 0 0.8 0.15 0.05 2
state

In Table 8 regarding the alternative Current state and
in accordance with the adopted criteria from pl to p4
relating to the current state, improvement measure 1,
improvement measure 2 and passive house, these values
are assumed based on references [28], [31]. Over 80% of
free-standing houses have poor insulation, while about
15% of houses have 10 cm insulation, about 4% of houses
have 20 cm insulation, while passive houses are about 1%.

The desired state is moving towards to complete
neutralization of poorly insulated free-standing houses,
pl, increasing improvement measure 1 to 80%,

increasing improvement measure 2 to 15% and
increasing passive houses to 5%.

Regarding the determination of the sign of the criteria
from p; to ps4 (benefit or no benefit criteria), as previously
stated, the sign is determined based on the difference
between the state we want to reach and the initial or
current state. In this regard, pl is non benefit (0-0.8) is
negative. The other criteria, p», ps and ps have positive
differentials and represent benefit criteria. The
convergence conditions for synthetic profiles in stage 2 of
optimization are satisfied, also. Synthetic percentage
profiles Sp from stage two, calculated by adjusting values
toward the desired state Ds for seven analyzed scenarios,
are shown in Table 9.

Table 9. Synthetic percentage profiles from stage two
optimization related to desired scenarios.

The
desired Curr. Improv.]  Improv Passive
state/ state ’ 2( )' house
Synthetic  (p1) (p2) P (ps)
profile
Ds; 0.67 0.25 0.06 0.02
Sp1 0.345 0.264 0.216 0.174
Ds; 0.5 0.38 0.09 0.03
Sp2 0.335 0.309 0.201 0.153
Ds3 0.3 0.53 0.13 0.04
Sps 0.132 0.532 0.197 0.137
Dsy 0.22 0.6 0.14 0.04
Sp4 0.232 0.416 0.209 0.141
Dss 0.11 0.7 0.15 0.04
Sps 0.180 0.469 0.211 0.137
Dss 0.01 0.79 0.15 0.05
Sps 0.131 0.517 0.210 0.140
Ds; 0 0.8 0.15 0.05
Sp7 0.126 0.523 0.210 0.140

Table 9 shows how different desired-state scenarios
affect the synthetic percentage profiles in the second
optimization stage. The gradual reduction of the current-
state share and the increase of improvement-related shares
demonstrate how the proposed method can translate
strategic renovation targets into optimized participation
vectors. In this way, the table illustrates the role of the
second stage as a scenario-control layer of the adaptive
PSI framework.

By multiplying the vectors of the synthetic profiles Sp,
that determines the second stage from Table 9 with the
initial matrix, Table 6 from the first stage, we obtain a
“doubly” optimized synthetic profiles and optimal path to
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optimal improvement measure 1 for thermal insulation
of free-standing houses in Bosnia and Herzegovina. These
profiles are dually optimized, adhering to the criteria from
stage 1 and the scenario-based optimization from stage 2.,
the corresponding results are presented in Table 10.

Table 10. Optimized synthetic profiles by stage 1. and stage 2.

optimization.
Double Savings in Investment in
o heat loss performing 1 m* of
optimized . .

synthetic profile through the wall insulation

Y wall (W/K) (BAM/m?)

Symhegcl profile 55 ¢9221958 4752398381
P

Symhetslczpmﬁle 39.30284273 44.11353534
P

Sy“thegc profile 1) 41230087 49.45693436
p3

Sy“thegc profile 4 01820462 51.0588161
p4

Symhetslcspmﬁle 4640891789 53.44842874
p

Sy“thetslc profile  1¢ 83473207 56.0404912
p6

Sy“thetslc profile 19 06860188 56.27867102
p7

Table 10 presents the final effect of coupling the first
and second optimization stages. The obtained double-
optimized synthetic profiles combine techno-economic
criteria from the first stage with strategic scenario
constraints from the second stage. The results show that
the generated profiles approach the optimal insulation
measure while remaining within a realistic investment
range, which confirms the practical usefulness of the two-
stage adaptive PSI procedure.

6. Results and Discussion

The previously discussed model of MCDM basically
has techno-economic and strategic criteria. Of course,
optimization processes depend on various other
parameters, but the authors of this paper have focused
almost exclusively on techno-economic and strategic
research into transit optima related to the degree of
insulation of free-standing houses. By applying different
methods of calculating synthetic profiles as well as
different measures of normalization of the initial values in
the initial matrix, the following conclusions were reached

in terms of two items. The first item refers to the

application of the adaptive PSI method and the
normalization methods for calculating synthetic profiles.
The second item is related to optimal wall insulation
thickness by wusing adaptive PSI and two stage
optimizations.

In all analyzed cases, the optimal alternative
determined by the PSI method was consistent with the
results obtained using the VIKOR method with entropy-
based weighting, indicating a high level of robustness of
the PSI-based ranking [36].

6.1. Results and discussion about adaptive PSI
method optimization

The application of adaptive optimization represents a
challenge and a step beyond the classical MCDM
application. In this regard, this paper analyzes the
possibilities of such a concept using the PSI method and
different types of normalization of the initial data. In this
paper, three types of normalization of quantities were
used: linear, linear and min-max linear
normalization. The biggest problem in the application of
the PSI method is zero values, which can cause the

max

problem of mathematical uncertainty, especially when
classical linear normalization is applied. In the case that
zero values are replaced with very small values of 107,
then there are an obvious disturbance and the appearance
of inaccuracy in the range of observed alternatives. By
applying max linear normalization, the problem of
mathematical uncertainty can be avoided to some extent,
but the stability of the optimal solution becomes very
questionable. In this regard, by applying adaptive PSI and
synthetic profiles, it is shown in the example given in
Table 5. Additionally, the synthetic profiles converge
toward very similar values when applying both linear and
max-linear normalization (Sps and Spg, Tables 4 and 5).
The only difference lies in the convergence speed
achieved with max-linear normalization, related to the
number of iterations.

Figure 3 illustrates the progression of PSI index values
for the generated synthetic profiles. The smooth evolution
of these values indicates that the iterative replacement of
the worst-ranked alternative does not produce unstable
changes in the decision structure. Instead, the synthetic
profiles form a gradual optimization path toward the
selected optimum, which supports the interpretation of the
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synthetic profile as a transitional state in the adaptive PSI
procedure. Figure 3 was created based on the data from
Table 4. A smooth change in the PSI index values and a
stable progression toward the optimal value Opt
(Improvement measure 1) are clearly observable. In
general, although the PSI values for the observed
synthetic profiles evolve smoothly, the coupled criteria
sometimes deviate from a slight increase or decrease in
some cases. However, these anomalies are quickly
corrected during the adaptive optimization process.

i PSI Index

08"
0.7
061
05+
A Spl | < Sp2 | < Sp3 < | Sp4 < | Sp5 | < Sp6 < Opt
031
0.24
0.1
00"

Spl Sp2 Sp3 Sp4 Sp5 Spé Opt

Impravement measure 1

Figure 3. The stability of the synthetic profiles’ progression
toward the optimal value, optimized using the PSI method.

The key conditions for achieving stable convergence
of the synthetic profile towards the optimum are the
selection of an adequate type of normalization and the
elimination of the worst ranks through the synthetic
profiles to the final optimum. This process represents a
natural progression towards an optimal state. This is still
due to the static nature of the alternatives. It all happens
without correcting their actual values, despite the
changing synthetic profile used to eliminate the worst-
ranked option.

In stability theory, Lyapunov functions are commonly
used to examine whether the state of a dynamic or
stable and progressively
approaches an equilibrium or desired state [37]. In the
proposed adaptive PSI framework, this idea is used to

iterative system remains

measure the distance between the generated synthetic
profile and the stable optimal alternative. For n criteria,
the Lyapunov-type potential can be defined as:

vl =30 wj (s - X]-*)Z,

(14)

where V& is total squared distance of the synthetic

profile from the optimum, wj is the weight coefficient of

5

the criteria, is the normalized value of the j-th

criterion in the synthetic profile at iteration k, n number
of criteria and xj is the corresponding normalized value
of the stable optimal alternative. The adaptive PSI process
is considered stable if this potential does not increase
during the iterative replacement of the worst-ranked
v&+D < y® A sufficient condition for
convergence is the existence of @ > 0 such that:

alternative:

D _y® < _qy®), (15)

Under this condition, the Lyapunov-type potential
decreases monotonically, which implies that the sequence
of synthetic profiles converges toward the stable optimal
alternative. Since the criteria are expressed in different
units and numerical scales, the Lyapunov-type potential
was calculated using normalized criterion values. For the
basic adaptive PSI procedure in Table 4, the normalized
Lyapunov potential decreases monotonically. However,
the final double-optimized profiles in Table 10 show a
clear stabilization around the techno-economic optimum.
The minimum normalized potential is obtained for Sps.
This indicates that Sps represents the closest compromise
profile between techno-economic optimality and
scenario-based strategic adjustment.

For the two-stage optimization, the PSI method was
employed, using exclusively min-max normalization. The
rationale behind this is to achieve convergent solutions
from synthetic profiles toward the optimum. Notably, it
should be mentioned that an entire alternative in initial
matrix 1 contains zero values (see Table 6). It must be
noted that linear min-max normalization is applicable
only when the maximum criterion value in a given column
is not equal to zero. Otherwise, alternative types of
normalization must be utilized [33].

When the data dispersion term PV; becomes large
enough to produce negative transformed preference
values through ®; = 1 — PV, the dispersion terms can be
rescaled before calculating ®;. Here, PVj represents the
preference variation, i.e., the dispersion of normalized
values of the j-th criterion across all alternatives. The
rescaled dispersion term is defined as:
PV;

Pv_norm —
) jn:1 PVj

(16)

where PV;"*"™ is the normalized preference variation

and n is the number of criteria. Since:

0 < PYMOr™ < 1

(17
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the transformed preference value remains non-
negative, which prevents negative criterion weights. The
proposed adaptive PSI framework integrates the synthetic
profile, appropriate data normalization, Lyapunov-type
convergence verification, and stabilization of the data-
driven dispersion term into a useful optimization
structure.

The critical question arises as to where to apply
transient optima, synthetic profiles, and two-stage
optimization in real-world scenarios. One of the potentials
and highly significant applications is the calculation of the
optimal energy mix under variable conditions and the
creation of optimal scenarios aligned with a specific target
[38]. The PSI method, interpreted in the previously
described manner, demonstrates great potential for this
purpose. Furthermore, the coupling of multiple distinct
optimization spaces opens possibilities for extending this
method toward the development of multi-phase
optimization supported by PSI. Additionally, the basic
framework of adaptive PSI can be utilized to enhance the
accuracy of criteria weight calculations in hybrid
approaches.

The practical implication of the proposed adaptive PSI
framework is that it can support not only the selection of
the best alternative, but also the definition of a transition
path toward a desired state. In the insulation case study,
the generated synthetic profiles represent intermediate
renovation states that may be used for phased investment
planning and scenario-based energy policy. The broader
applicability of the method includes optimal energy mix
planning, decarbonization pathways, HVAC system
control, and other engineering systems with coupled
techno-economic and strategic criteria.

6.2. Results and discussion about optimal wall
insulation thickness by adaptive PSI method

As part of testing the core concept of the adaptive PSI
method, a numerical dataset regarding the external wall
insulation of detached houses in Bosnia and Herzegovina
was utilized. A basic set of two criteria was employed:
thermal loss savings (W/K) and the investment cost for 1
m2 of wall insulation (BAM/m?). It can be stated with
certainty that these two criteria are mutually independent
and conflicting. Other criteria, such as financial savings
and CO; emission reduction, are dependent on the thermal

loss savings in this case. The results obtained through the
adaptive PSI concept are presented in the following list.

1. The optimal wall insulation measure converges very
closely to the value of 10 cm of insulation, as defined in
the Typology of Residential Buildings of Bosnia and
Herzegovina for free-standing house, built in the interval
from 1981. to 1991.

2. The values of optimal transit profiles defined
according to the adaptive PSI method and the two-stage
method are in the range of 8 cm to 13 cm of polystyrene
insulation thickness. The lower value corresponds to the
two-stage  optimization, which includes both
optimizations according to the techno-economic criteria
in first stage, synthetic profile and current and desired
state in second stage.

3. The conclusion itself about the thickness of the
insulation of the external walls of free-standing houses is
not a novelty, but what is important is that the PSI method
has been calibrated very well in this way for application
in decision-making and adoption of optimal rehabilitation
measures.

4. Additionally, the authors adapted the method to
incorporate standard and regulatory insulation measures
for free-standing houses. By doing so, they recalibrated
the proposed methods and validated the findings on
optimal insulation thickness from a new perspective.

5. Another key conclusion is that insulation

manufacturers often promote 'optimal' thicknesses
primarily to maximize profits and energy savings. This
study demonstrates that the actual optima are lower than
the values typically advertised. Each optimization process
is guided by specific criteria, seeking solutions that align

with its particular objectives.

6. A key recommendation for using the PSI method, as
well as other MCDM methods, is to employ criteria
characterized by positive savings and non-zero values.
This approach prevents computational errors and
inconsistencies in the selection of optimal solutions.
Consequently, applying standard linear normalization to
the initial criteria values is sufficient to yield reliable
results. Such an approach is well-suited for evaluating
optimal rehabilitation measures and energy efficiency
improvements in buildings.
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According to the proposal from the paper [39] and Eq.
(18), the optimal value of the thermal insulation thickness
is calculated according to:

X0 t=\/Cf'HDD'24'k'PW—k~R ~11.54cm.  (18)

1000 . Ci . T] other

Equation (18) contains the following variables:
Cf=0.11 EUR/kWh, price of electricity, HDD=2800
heating degree days for Sarajevo, k=0.039 W/mK,
thermal conductivity of the insulation material, PW=15
present worth factor, Ci=250 EUR/m? cost of installing 1
m? of thermal insulation divided with 0.1, n=0.98
efficiency of heating system, Rother=0.45 m?*W/K typical
uninsulated wall, specific thermal resistance. All data for
the variables correspond to Bosnia and Herzegovina and
the Republic of Srpska. It can be concluded that the results
obtained using adaptive PSI are well-validated by Eq.

(18).

Table 11. Validation of the obtained optimal insulation result.

Validation Main .
ey Obtained result
approach validation role
Basi ki Improv.1
Classical PSI asie fanxing
reference 10 cm
Iterative Optimal interval
Adaptive PSI convergence and of approximately
stability check 8-13 cm
Ind dent
Entropy-weighted nNeI;():e]:;ll\;n Improv. 1
VIKOR . confirmed
comparison
Hasan's analytical Engi ing-
. Y nglneen.ng xopt =11.54
life-cycle-cost economic
model [39] benchmark o

Table 11 summarizes the validation of the obtained
optimal insulation result using both MCDM-based and
analytical approaches. The comparison shows that the
adaptive PSI framework converges toward an insulation
interval that is consistent with the classical PSI ranking,
the entropy-weighted VIKOR comparison, and Hasan's
analytical life-cycle-cost model. The value of 11.54 cm
obtained by the analytical model lies within the adaptive

PSI interval of approximately 8-13 cm, confirming the
techno-economic consistency of the proposed framework.

Similar integrated approaches combining performance
evaluation with multi-criteria decision-making have been
applied to assess engineering solutions based on
environmental, economic, and functional indicators,
leading to balanced and robust ranking outcomes [40],
[41]. In a comparable manner, the results obtained in this
study indicate that optimal alternatives emerge from the
simultaneous consideration of multiple performance
criteria rather than from the dominance of a single
indicator. From a methodological perspective, the
proposed PSI-based framework can be interpreted as a
structured optimization process in which the criteria space
is first stabilized through PSI evaluation and the
construction of a synthetic decision profile, followed by
the final ranking of alternatives. After that, optimal transit
paths are formed between the observed states within the
framework of adaptive optimization. This structure
extends conventional MCDM approaches by introducing
an additional decision layer that improves the logical
consistency and robustness of the optimization outcomes.

7. Conclusion

This paper proposed an adaptive extension of the
classical PSI method based on the construction of a
synthetic profile. The main contribution is the
transformation of the static PSI tool into an iterative,
multi-criteria optimization framework that integrates data
normalization selection, synthetic profile generation, data
dispersion mitigation, and an embedded feedback loop.
Within this process, PSI-derived participation coefficients
are utilized to generate transitional optimization states. By
defining strict convergence conditions toward a stable
optimal alternative, this framework effectively enables
and expands adaptive optimization capabilities via the PSI

method.

The proposed framework was validated using a case
study of optimal external wall insulation thickness for
detached houses in Bosnia and Herzegovina. The results
indicated a tendency of the adaptive PSI procedure toward
insulation measures close to 10 cm of EPS insulation,
while the generated synthetic profiles indicate an optimal
techno-economic interval of approximately 8—13 cm. This
result was further supported by comparison with an
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entropy-weighted VIKOR ranking and by an analytical
life-cycle-cost insulation thickness formulation. The
agreement with these reference approaches supports the
practical relevance of the proposed framework, although
broader validation is required.

The study also showed that the selection of the
normalization method has a significant influence on the
stability of PSI-based rankings. In particular, the adaptive
PSI procedure can reveal rank instability caused by
normalization effects and can therefore be used as a
stability-checking mechanism in MCDM problems. The
two-stage version of the method additionally
demonstrated the possibility of coupling techno-economic
optimization with scenario-based strategic planning.

Since the proposed framework was calibrated and
demonstrated using a relatively small case study, the
generalizability of the findings should be examined on
larger and more diverse datasets, additional MCDM
comparison methods, sensitivity analysis, and dynamic
applications in which the synthetic profile could be
updated in real time. Further development should also
focus on defining formal convergence criteria and
extending the adaptive PSI framework to multi-stage
optimization problems. The novelty of the approach lies
not in the mathematical form of the synthetic profile as a
convex combination, but in its PSI-based derivation and
its use as a feedback element within an adaptive MCDM
process. From an engineering perspective, the method
provides a transparent decision-support tool for
identifying robust insulation ranges rather than relying
only on a single optimal alternative.

Competing Interest Statement

The authors declare no known competing financial
interests or personal relationships that could have
influenced the work reported in this paper.

Data Availability Statement

Supplementary materials and data used in this research
are accessible upon request. For access, please contact the
corresponding author via [srdjan.vaskovic@ues.rs.ba].

Author Contributions

This paper was completed through the joint efforts of
all authors, whose contributions are outlined below: Srdan
Vaskovi¢, Petar Gvero, Porde Vojinovi¢, Milovan Kotur,
LjubisSa Preradovi¢, Danijela Anci¢-Kardas, Milan
Pupcevi¢: Conceptualization, Methodology, Formal
analysis, Investigation, Data curation, Writing—original
draft, Writing—review & editing. Petar Gvero, Srdan
Vaskovi¢: Supervision, Validation, Writing— review &
editing.

Statement on the Ethical Use of AI Tools

Al tools used for proofreading and
improving linguistic quality. All corrections were

Wwere

manually reviewed and approved by the authors, who take
full responsibility for the content.

Acknowledgments

The authors acknowledge the support of the European
Research Executive Agency (REA) for funding this
research under the project “ENPOWER — Enhancing
Scientific Capacity for Energy Poverty (101160253 —
ENPOWER — HORIZON-WIDERA-2023-ACCESS-
02)”.

References

[1] P. A. Alvarez, A. Ishizaka, and L. Martinez, “Multiple-
criteria decision-making sorting methods: A survey,”
Expert Syst. Appl., vol. 183, Art. no. 115368, 2021, doi:
10.1016/j.eswa.2021.115368.

[2] K. Maniya and M. Bhatt, “A selection of material using a
novel type decision-making method: Preference selection
index method,” Mater. Des., vol. 31, no. 4, pp. 1785-1789,
2010, doi: 10.1016/j.matdes.2009.11.020.

[3] P. Chatterjee and S. Chakraborty, “Material selection
using preferential ranking methods,” Mater. Des., vol. 35,
pp. 384-393, 2012, doi: 10.1016/j.matdes.2011.09.027.

[4] K.Maniyaand M. Bhatt, “An alternative multiple attribute
decision making methodology for solving optimal facility
layout design selection problems,” Comput. Ind. Eng., vol.
61, no. 3, PD- 542-549, 2011, doi:
10.1016/j.cie.2011.04.009.

[5] K. D. Maniya and M. G. Bhatt, “A selection of optimal
electrical energy equipment using integrated multi criteria
decision making methodology,” Int. J. Energy Optim.
Eng., vol. 2, no. 1, pp. 101-116, 2013, doi:
10.4018/ije0e.2013010107.

35



Science, Engineering and Technology

Vol. 6, No. S1, pp. 21-37

[6] M. Mousavi, H. Gitinavard, and S. M. Mousavi, “A soft
computing based-modified ELECTRE model for
renewable energy policy selection with unknown
information,” Renew. Sustain. Energy Rev., vol. 68, pp.
774-787,2017, doi: 10.1016/j.rser.2016.09.125.

[7T S. Chamoli, “Preference selection index approach for
optimization of V down perforated baffled roughened
rectangular channel,” Energy, vol. 93, pp. 1418-1425,
2015, doi: 10.1016/j.energy.2015.09.125.

[8] A.S.Reddy, P. R. Kumar, and P. A. Raj, “Development
of sustainable performance index (SPI) for self-
compacting concretes,” J. Build. Eng., vol. 27, Art. no.
100974, 2020, doi: 10.1016/j.jobe.2019.100974.

[9] C.Zamiela, N. U. I. Hossain, and R. Jaradat, “Enablers of
resilience in the healthcare supply chain: A case study of
U.S. healthcare industry during COVID-19 pandemic,”
Res. Transp. Econ., vol. 93, Art. no. 101174, 2022, doi:
10.1016/j.retrec.2021.101174.

[10] M. S. Obeidat, H. Al Sliti, and A. Obeidat, “The preference
selection index (PSI) in multi-criteria decision-making: A
systematic and critical review of applications, integrations,
and future directions,” Math. Comput. Appl., vol. 30, no.
6, Art. no. 124, 2025, doi: 10.3390/mca30060124.

[11] R. Raj, A. Singh, V. Kumar, and P. Verma, “Analyzing the
potential benefits and use cases of ChatGPT as a tool for
improving the efficiency and effectiveness of business
operations,” BenchCouncil Trans. Benchmarks, Standards
Eval.,, wvol. 3, Art. no. 100140, 2023, doi:
10.1016/j.tbench.2023.100140.

[12] K. A. Ahmed, S. R. Mohideen, S. R. Balachandran, and M.
A. Sai Balaji, “Varying Cu and Zn composition in brass
and its effect on the fade and recovery behavior of the
phenolic-based friction composites,” Polym. Compos., vol.
43, pp. 4478-4494, 2022, doi: 10.1002/pc.26706.

[13] N. Kumar, A. Kumar, and R. Maithani, “Development of
new correlations for heat transfer and pressure loss due to
internal conical ring obstacles in an impinging jet solar air
heater passage,” Therm. Sci. Eng. Prog., vol. 17, Art. no.
100493, 2020, doi: 10.1016/j.tsep.2020.100493.

[14] E. Chen et al., “Road safety performance rating through
PSI-PRIDIT: A planning tool for designing policies and
identifying best practices for EAS countries,” Socioecon.
Plann. Sci., vol. 85, Art. no. 101438, 2023, doi:
10.1016/j.seps.2022.101438.

[15] X. Zhang et al., “The anti-fatigue lightweight design of
heavy tractor frame based on a modified decision method,”
Struct. Multidiscip. Optim., vol. 65, Art. no. 280, 2022,
doi: 10.1007/s00158-022-03385-9.

[16] G. Rajasozhaperumal and C. Kannan, “Comparative
evaluation of chemically modified Jatropha oils as
sustainable biolubricants in boundary lubrication regime,”
Tribol. Int., vol. 186, Art. no. 108594, 2023, doi:
10.1016/j.triboint.2023.108594.

[17TN. T. Mai, “Hybrid multi-criteria decision making
methods: Combination of preference selection index
method with Faire Un Choix Adéquat, Root Assessment
Method, and Proximity Indexed Value,” Eng. Technol.
Appl. Sci. Res., vol. 15, no. 1, pp. 19086—19090, 2025, doi:
10.48084/etasr.9235.

[18] T. V. Dua, “PSI-SAW and PSI-MARCOS hybrid MCDM
methods,” Eng. Technol. Appl. Sci. Res., vol. 14, no. 4, pp.
15963-15968, 2024, doi: 10.48084/etasr.7992.

[19] K. Deb, Multi-Objective Optimization Using Evolutionary
Algorithms. Hoboken, NJ, USA: Wiley, 2001.

[20] K. Guo and L. Zhang, “Adaptive multi-objective
optimization for emergency evacuation at metro stations,”
Reliab. Eng. Syst. Saf., vol. 219, Art. no. 108210, 2022,
doi: 10.1016/j.ress.2021.108210.

[21] A.1. Simsek, Y. E. Giir, and E. Unal, “Innovative MCDM-
ML algorithms-based decision-support system for electric
vehicle selection,” Environ. Dev. Sustain., 2025, doi:
10.1007/s10668-025-06476-x.

[22] X. Zhang et al., “A hybrid machine learning-enhanced
MCDM model for transport safety engineering,” Sci. Rep.,
vol. 15, Art. no. 36467, 2025, doi: 10.1038/s41598-025-
21297-8.

[23] Z. Stevi¢, D. Pamucar, A. Puska, and P. Chatterjee,
“Sustainable supplier selection in healthcare industries
using a new MCDM method: Measurement of alternatives
and ranking according to compromise solution
(MARCOS),” Comput. Ind. Eng., vol. 140, Art. no.
106231, 2020, doi: 10.1016/j.cie.2019.106231.

[24] N. F. F. M. Fauzi, Z. Md Rodzi, Z. F. Zainuddin, N.
Mustapha, and F. Al-Sharqi, “A new method for multi-
criteria decision-making: Adaptive ranking with ideal
evaluation (ARIE),” Eur. J. Pure Appl. Math., vol. 18, no.
4, Art. no. 6578, 2025, doi:
10.29020/nybg.ejpam.v18i4.6578.

[25] N. K. M. N. A. Rahman, S. Saadon, R. E. S. R. M. A. Shah,
A. R. A. Talib, E. Gires, H. Salleh, and N. Abdellatif,
“Thermal performance study on coconut husk and kenaf
fibre as thermal insulation materials,” J. Adv. Res. Fluid
Mech. Therm. Sci., vol. 117, no. 1, pp. 60-70, 2024, doi:
10.37934/arfmts.117.1.6070.

[26] R. E. Shah, S. Saadon, N. K. Rahman, and N. Abdellatif,
“Development of thermal insulation material using
coconut and kenaf fiber for heat recovery enhancement,”
1OP Conf. Ser.: Earth Environ. Sci., vol. 1372, no. 1, Art.
no. 012070, 2024, doi: 10.1088/1755-
1315/1372/1/012070.

[27] A. Abdel-Fattah, S. Hamdan, O. Ayadi, and M. Al-
Khuraissat, “Energy efficiency and thermal insulation
code violations for residential buildings in Jordan and the
role of social advocacy campaigns,” Energy Sustain. Dev.,
vol. 71, pD- 419432, 2022, doi:
10.1016/j.esd.2022.10.013.

[28] D. Arnautovic-Aksi¢ et al., Typology of Residential
Buildings in Bosnia and Herzegovina. Sarajevo, Bosnia
and Herzegovina: Faculty of Architecture, University of
Sarajevo, 2016.

[29] M. Rasajski, Linearna algebra za studente elektrotehnike.
Beograd, Srbija: Akademska misao i Elektrotehnicki
fakultet, 2013.

[30] G. Strang, Introduction to Linear Algebra, 6th ed.
Wellesley, MA, USA: Wellesley-Cambridge Press, 2023.

[31] Daibau Platform, “Facades, facade prices,” 2025.
[Online]. Available: https://www.daibau.ba/cene/fasade.
[Accessed: Apr. 22, 2026].

36



Science, Engineering and Technology

Vol. 6, No. S1, pp. 21-37

[32] T. V. Dua, “Application of the PSI method in selecting
sustainable energy development technologies,” Eng.
Technol. Appl. Sci. Res., vol. 15, no. 1, pp. 19596-19601,
2025, doi: 10.48084/ctasr.9317.

[33] D. T. Do, V. D. Tran, V. D. Duong, and N.-T. Nguyen,
“Investigation of the appropriate data normalization
method for combination with preference selection index
method in MCDM,” Oper. Res. Eng. Sci.: Theory Appl.,
vol. 6, no. I, pp. 44-64, 2023, doi:
10.31181/oresta/060103.

[34] M. Ehrgott, Multi-Criteria Optimization, 2nd ed. Berlin,
Germany: Springer, 2005, doi: 10.1007/3-540-27659-9.

[35] B. Colson, P. Marcotte, and G. Savard, “An overview of
bilevel optimization,” Ann. Oper. Res., vol. 153, no. 1, pp.
235-256, 2007, doi: 10.1007/s10479-007-0176-2.

[36] S. Liu, J. Forrest, and Y. Yang, “A hybrid multi-criteria
decision-making model based on entropy weighting and
VIKOR method for evaluating sustainable supplier
selection,” Sustainability, vol. 11, no. 22, Art. no. 6365,
2019, doi: 10.3390/su11226365.

[37] H. K. Khalil, Nonlinear Systems, 3rd ed. Upper Saddle
River, NJ, USA: Prentice Hall, 2002.

[38] M. Mrki¢-Bosancic, S. Vaskovi¢, and P. Gvero,
“Optimization of energy mix and possibilities of its
application in energy transition using multi-criteria
decision making approach,” Thermal Sci., vol. 27, no. 3B,
pp. 2501-2512, 2023, doi: 10.2298/TSCI221013224M.

[39] A. Hasan, “Optimizing insulation thickness for buildings
using life cycle cost,” Appl. Energy, vol. 63, no. 2, pp.
115-124, 1999, doi: 10.1016/S0306-2619(99)00023-9.

[40] S. Cascone, V. Anastasi, and R. Caponetto, “Performance
optimization of building envelope through BIM and multi-
criteria analysis,” Sustainability, vol. 17, no. 12, Art. no.
5294, 2025, doi: 10.3390/sul7125294.

[41] L. Siksnelyte-Butkiene, D. Streimikiene, T. Balezentis, and
V. Skulskis, “A systematic literature review of multi-
criteria decision-making methods for sustainable selection
of insulation materials in buildings,” Sustainability, vol.
13, no. 2, Art. no. 737, 2021, doi: 10.3390/su13020737.

37



	1. Introduction
	2. Methodology
	3. Description and Classic Applications of the PSI Method
	4. Creation of a Synthetic Profile and Transit Optimum Based on the PSI Method
	5. Possibilities of Coupling First and Second Stage MCDM Optimization by Using Synthetic Profile
	5.1. Numerical example of two-stage adaptive PSI optimization for calculation of transit optimum

	6. Results and Discussion
	6.1. Results and discussion about adaptive PSI method optimization
	6.2. Results and discussion about optimal wall insulation thickness by adaptive PSI method

	7. Conclusion
	Competing Interest Statement
	Data Availability Statement
	Author Contributions
	Acknowledgments
	References

