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To meet stringent climate goals, regions in the EU need tools to facilitate the sustainable energy transition.
Localized energy systems offer a promising solution. Although concepts such as energy communities have been
promoted, there remains a gap in the literature and practice regarding systematic approaches to locate and
evaluate sites for local energy ecosystems. We introduce a process that evaluates these ecosystem sites using
four technical factors: energy consumption volume, wind and solar energy potential, and energy infrastructure
availability. The process utilizes the multi-criteria decision analysis methods Technique for Order of Preference
by Similarity to Ideal Solution (TOPSIS) and analytic hierarchy process. We applied this approach in the
region of Paijat-Hame, Finland, identifying seven potential sites, with Kujala and Nastola standing out as the
alternatives having highest potential. Higher energy consumption density or solar energy availability did not
always correlate with better synergy potential. Instead, the results showed that energy ecosystem potential is
formed from a combination of factors, of which energy infrastructure is the most important one in the regional
case. These outcomes align with prior research and indicate that the proposed factors can effectively capture
energy ecosystem potential. The study provides an applicable approach for regional energy planning.

1. Introduction or invest in collective renewable energy production (Butturi et al.,

2019). The ecosystemicity of LEEs means that they integrate assessment

The European Union (EU) aims to achieve climate neutrality by the
year 2050 (European Union, 2021), and this overarching goal currently
shapes national climate policies within the EU member states. The
Fit for 55 legislation package (European Commission, 2023) makes
previous energy performance targets more stringent, demands faster
adoption of renewable energy sources (RES), and aims for a just energy
transition. Local administrations have a central role in the advancement
of the sustainable energy transition (Knox et al., 2022). To advance the
Fit for 55 aims, local energy ecosystems (LEEs) present an interesting
model for local authorities.

LEEs encompass cross-carrier energy flows and renewable energy
system integration in a defined area (Lund et al., 2017). They include
interactions with external regimes (Ford et al.,, 2021) and regional
energy policies (Nilsson and Martensson, 2003), thereby possessing a
central regional aspect. Understanding LEEs can contribute to mitigat-
ing energy poverty (Knox et al., 2022), and the use of RES within
LEEs can strengthen energy security (Valentine, 2011). The concept
includes elements from energy-based industrial symbiosis, which aims
to conserve resource inputs and reduce waste outputs by closing loops
between actors (Coté and Hall, 1995), and LEEs can also procure

of energy flows and their environmental effects (Zeng et al., 2021),
cooperation between actors (Tura et al., 2018), and the use of smart
grids (Singh Aujla et al., 2019). An example of an LEE is an industrial
area where actors utilize common nearby wind and solar energy pro-
duction, implement synergetic energy exchanges, and invest in shared
energy storage resources within the area boundary.

From the viewpoint of investors, LEEs need to be economically feasi-
ble (Couraud et al., 2023), and in the context of investment decisions, it
can be noted that the synergy potential of a site inherently reflects the
cost and emission reduction opportunities. First, LEEs can reduce the
levelized cost and emissions of energy by utilizing RES (Couraud et al.,
2023), whose levelized costs are already low and continuously decreas-
ing (IRENA, 2022). Second, LEEs promote energy efficiency (Ford et al.,
2021; Couraud et al., 2023) and synergies (Butturi et al., 2019), and
they can thus reduce primary energy consumption at the sites. Last,
LEEs can reduce long-term economic risks for their actors by improving
reliability (Valentine, 2011; Couraud et al., 2023) and by mitigating
the possibility of future taxes and allowances levied on high-emission
energy use.
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Regions are in a position to benefit significantly from the emergence
of LEEs in the form of positive economic and environmental impacts.
Indeed, regional authorities have the ability to advance local synergies
themselves (Aid et al., 2015). The tools they can utilize include environ-
mental plans, targets (Wang and Jin, 2023), permits, restrictions, and
regional development policies (Lehtoranta et al., 2011). The motivation
for the current paper arises from the present lack of processes for re-
liably identifying locations where energy synergy development should
be advanced.

1.1. Literature review

Three main categories of literature can be identified as relevant
for the systematic identification of local energy synergy development.
The first is applying multi-criteria decision analysis (MCDA) for siting
individual energy facilities or specific technologies, a topic of which
a large body of research exists (Kumar et al., 2017). The combination
of the analytic hierarchy process (AHP) for determining weights and
the Technique for Order of Preference by Similarity to Ideal Solution
(TOPSIS) for ranking alternatives is an especially common and proven
approach (Zyoud and Fuchs-Hanusch, 2017). For example, the AHP-
TOPSIS method has been used to identify optimal sites for solar power
plants (Sindhu et al., 2017) and wind farms (Konstantinos et al., 2019).
Other studies have used Fuzzy TOPSIS for ranking, but without AHP
for weighting, such as for siting solar power (Saeidi et al., 2023), wind
power (Mohsin et al., 2019), and electric vehicle charging stations (Guo
and Zhao, 2015).

Other MCDA methods have also been widely used. The ELECTRE
method, for instance, has been applied to solar power siting (Sanchez-
Lozano et al.,, 2016) and hybrid wind power and hydrogen system
siting (Seyed Alavi et al., 2024). Recent studies have explored new
integrations, such as using the Method Based on the Removal Effects
of Criteria (MEREC) for sustainable energy planning (Karbassi Yazdi
et al., 2025), combining data envelopment analysis (DEA) with TOPSIS
for siting RES to support green hydrogen production (Ransikarbum
et al., 2024), or integrating the entropy weight method with DEA and
TOPSIS to identify optimal solar sites for the green hydrogen supply
chain (Janmontree et al., 2025). While these studies provide frame-
works for selecting sites for a single energy asset or system deployment
based on technical, economic, and environmental criteria, they are not
designed to assess locations based on the potential for multi-actor,
multi-carrier energy synergies, which is a central characteristic of LEEs.

The second category of literature focuses on broader approaches
for identifying opportunities for industrial and energy symbioses. For
example, Aid et al. (2015) developed a heatmap-based tool to visu-
alize potential locations for industrial symbioses. Similarly, Togawa
et al. (2016) explored the role of information systems in facilitating
symbiosis development. Although these approaches are conceptually
in line with the goals of LEEs, they often lack a systematic, criteria-
based process for comparing and ranking potential locations, which is
an essential part of regional planning and investment promotion.

Finally, in the third category of literature, MCDA is commonly
utilized in energy planning and policy development beyond direct site
selection. For instance, studies have used MCDA to assess the relevance
of various energy generation technologies based on stakeholder pref-
erences (Danielson et al., 2022), rank long-term energy scenarios to
generate policy recommendations (Grondin et al., 2025), and compare
the potential for RES adoption across different countries (Tabrizi et al.,
2025). At the district level, discrete choice experiments have been
used to derive weights for key performance indicators in smart local
energy systems (Francis et al., 2022). These applications demonstrate
the utility of MCDA in structuring complex energy decisions. How-
ever, they typically address national or technological policy rather
than the specific need of identifying and prioritizing locations for LEE
development within a region.

To summarize the findings of the literature review, Table 1 com-
pares the reviewed studies systematically across their geographical
locations, thematic scopes, methods used, and whether they focus on
integrated ecosystemic, multi-actor systems.
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1.2. Scope and contributions

While many previous studies apply MCDA to non-integrated site
selection, defined value chains like green hydrogen production, or
policy contexts, the literature lacks an approach to identify and assess
potential locations for multi-sectoral LEE development. Conversely,
studies that consider integrated synergies often lack a quantitative
MCDA process for regional planning. This study addresses this research
gap via a synthesis of these topics, as highlighted in Table 1. The
results impact regions by providing data for regional decision-making,
thus steering regional development and enhancing communication by
quantifying the development potential. This paper contributes to the
literature and practice in the following ways:

1. We propose a novel process (Section 2) to identify and assess po-
tential LEE sites within a region. We form four technical factors
for assessing technical LEE potential (Section 2.1), producing
results that align with prior research (Section 4.2). The process
utilizes the proven TOPSIS (Section 2.2) and AHP (Section 2.3)
methods.

2. We demonstrate the process by applying it to the region of
Pédijat-Hame in Southern Finland (Section 3) and show that en-
ergy infrastructure is a central factor in defining LEE potential in
the region (Section 4.1). By thoroughly evaluating the linkages
between the inputs and the results, we analyze how uncertainty
and differing regional preferences can affect the optimal site
choices (Sections 4.3 to 4.4).

Finally, the paper discusses applicability and regulatory implica-
tions of the outcomes (Section 4.5) and concludes by summarizing
the findings and discussing the broader applicability of the proposed
approach (Section 5).

2. Process and methodology

This section presents the proposed process and the decision factors,
as well as the associated methodology to identify and assess potential
LEE locations in a region. According to the literature, smart local
energy systems (Knox et al., 2022) and industrial symbioses (Yeo et al.,
2019) usually form physical spatial boundaries around their activities.
Therefore, geographical definitions for such sites are needed to analyze
the locality of energy flows and synergies. Adopting this practice, this
work uses the following geographical delimitations for LEEs:

1. Core area, radius 1 km. This area contains energy consumers
and possibly RES. The area is centered on an industrial or
commercial cluster with high energy use density. The radius is
adjusted by the assessor based on the spatial scale of the energy
consumption cluster.

2. Peripheral area, radius 15 km. This area contains existing or
potential RES. The radius is adjusted by the assessor based
on topography, settlement density, availability of RES, and the
spatial dimensions of the local energy infrastructure.

2.1. Decision factors

Comparing locations requires suitable evaluation criteria. Many
technical, geographical, biological, infrastructural, societal, economic,
and other factors have been used in previous site selection studies:
Saeidi et al. (2023) utilized data on power transmission lines, along
with geographical, biological, socio-economic, and infrastructural cri-
teria. Sindhu et al. (2017) considered solar radiation data, labor avail-
ability, and climate conditions, in addition to social, environmental,
economic, and political criteria. Konstantinos et al. (2019) used dis-
tance from road infrastructure, wind speed, geography, land use, and
electricity infrastructure data. Mohsin et al. (2019) utilized data on
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Table 1

Summary of relevant literature on energy system siting and assessment.
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Reference Location Scale Scope Ecosystemic Method(s) used
perspective

Category 1: Technology site selection

Sindhu et al. (2017) India Regional Solar power No AHP, Fuzzy TOPSIS

Konstantinos et al. (2019) Greece Regional Wind power No AHP, TOPSIS

Saeidi et al. (2023) Iran Regional Solar power No Fuzzy TOPSIS

Mohsin et al. (2019) Pakistan Regional Wind power No Fuzzy TOPSIS

Guo and Zhao (2015) China Local EV charging stations No Fuzzy TOPSIS

Sanchez-Lozano et al. (2016) Spain Regional Solar power No AHP, TOPSIS, ELECTRE

Seyed Alavi et al. (2024) Iran Regional Hybrid wind/hydrogen No ELECTRE

Karbassi Yazdi et al. (2025) India National General RES No Delphi, MEREC, Fermatean

fuzzy WASPAS

Ransikarbum et al. (2024) Thailand Regional Solar/wind for green hydrogen Yes DEA, TOPSIS

Janmontree et al. (2025) Germany Regional Solar power for green hydrogen Yes Entropy, DEA, TOPSIS

Category 2: Systemic synergy identification

Aid et al. (2015) Sweden Regional Industrial symbiosis Yes GIS-based heatmaps

Togawa et al. (2016) Japan Regional Industrial symbiosis Yes Information systems

Category 3: Energy planning and policy

Danielson et al. (2022) Jordan National National energy policy No Cardinal ranking

Grondin et al. (2025) Reunion Island Regional Energy scenarios No PROMETHEE 11, TOPSIS

Tabrizi et al. (2025) 7 countries Cross-national National RES potential No AHP, TOPSIS

Francis et al. (2022) United Kingdom Local system Key performance indicators Yes Discrete choice experiment

This study Finland Regional Local energy ecosystems Yes AHP, TOPSIS

geography and climate, land availability, environmental aspects, socio-
economic factors, and cost. In an operational assessment of a smart
local energy system, Couraud et al. (2023) suggested indicators regard-
ing energy imports, energy exports, annual flexibility, storage capacity,
and low carbon energy sources, among several other non-technical
factors.

Based on the literature, we propose four quantitative technical
factors for assessing LEE potential in the following subsections. The
factors can capture both the economic and environmental potential of
the sites. In addition, the source data for these technical factors are
quantitative and thus reliably usable for MCDA.

2.1.1. Energy volume factor

The energy volume factor E, quantifies the potential for energy
synergy in the LEE and is described with the total annual energy or
electricity consumption within the core area. The factor inherently
reflects the reduction potential of cost and CO, emissions, as they are
proportional to the energy consumption if costs and emission factors
per unit of energy are constant.

Energy consumers typically source energy from several carriers,
including electricity, space heat, high-temperature heat, and cooling.
Energy consumption data for individual consumption units in each
carrier are most often not available from public sources. Therefore, the
energy volume factor value is defined using typical energy consumption
data for different user types. The most descriptive energy carrier, typi-
cally electricity, can be used to specify the relative energy consumption
of LEEs. The energy volume factor E, is calculated:

E.=Y En @

where E_ is the total energy consumption of the area (unit Wh), E; is
the annual consumption of the user type i (Wh), and »; is the number
of consumption units of the type i inside the core area. The user type
categories are sourced from a suitable classification, and the numbers
of units and consumption values correspond to these categories.

2.1.2. Renewable energy potential factors

The renewable energy potential factors for wind E, and solar
E, energy assess the annual production potential of RES within the
peripheral area. Data for calculating the factors can be obtained from
local planning, zoning, and expert sources.

Wind energy potential factor E,, is calculated:
E,, = nyy Pyt CFyry - 8760 h 2

where E,, is the annual wind energy potential (Wh), ny is the number
of possible wind turbines inside the peripheral area, Py is the peak
electric power of one turbine (W), and CFy is the average capacity
factor of a wind turbine in the area.

Similarly, solar energy potential factor E is calculated:

E, = ngp Pgp CFgp - 8760 h ©)]

where E is the annual solar energy potential (Wh), ngp is the number of
possible solar panels inside the peripheral area, Pgp is the peak electric
power of one solar panel (W), and CFg;p is the average capacity factor
of a solar panel in the area.

2.1.3. Energy infrastructure factor

The energy infrastructure factor E; describes the scale of available
energy networks. From the perspective of LEEs, these networks provide
flexibility in energy balance via energy imports and exports. E; is
calculated:

E; = Z E; 4

where E; is the total annual energy consumption in the available
energy networks (Wh), and E;; is the annual energy consumption in
the energy network i (Wh). The consumption values can be obtained
from statistics, authorities, or network operators. If the capacity of the
local electricity network is very high compared to the energy volume
of the LEE, it is not necessary to include the electricity network in the
factor.

2.2. Site scoring and ranking

The potential sites are compared using the MCDA method TOPSIS.
The factors defined in Egs. (1), (2), (3), and (4) serve as the decision
criteria. TOPSIS is used as it has been extensively studied in the
literature (see Zyoud and Fuchs-Hanusch, 2017), is widely used in
previous site selection studies (Saeidi et al., 2023; Sindhu et al., 2017;
Sanchez-Lozano et al., 2016; Konstantinos et al., 2019; Mohsin et al.,
2019; Guo and Zhao, 2015), and is recognized to have advantages in
renewable energy development (Kumar et al., 2017).
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TOPSIS identifies choices that are farthest from the negative ideal
solution and closest to the positive ideal solution (Yoon and Hwang,
1985). In the following equations, i represents the index of site alter-
natives (i = 1,...,m), and j represents the index of decision criteria
(j = 1,...,n). Specifically, in this study n = 4 and j = {1 ~ E,2 ~
E,,3 ~ E,,4 ~ E;}. The analysis is performed in line with the approach
presented by Yoon and Hwang (1985):

1. A normalized decision matrix R = (r; ;),x, is constructed using
vector normalization. In this matrix, i is the row, j is the column, m is
the total number of rows, and » is the total number of columns. Each
element r, ; is calculated:
= L 5)

p xiz,j

2. The weighted decision matrix V' = (v; ;),x, is constructed. The
definitions of i, j, m and n are the same as above. Each element v; ; is
calculated:

v ;= wiry 6)

where w; is the weight for decision criterion j, and Z;’=1 w; = 1. The
methodology to define the weights is detailed in Section 2.3.

3. The positive ideal solution A* and negative ideal solution A~ are
determined. In this application, all attributes are benefit attributes:

A* = {v}, 0], 07,07} where u;’ = max v ; @
A” = {v],v;,05,0;} where vy = rn’_in Ui 8)

4. Distances S,.Jr and S from the ideal solutions are calculated for
the location i:

sf = \ >y —v? ©
j=1

ST 2= a0

5. Relative closeness C; to the ideal solution is calculated for the
location i
C. = L (11)
boST+sT
where C; is the final result of the analysis, 0 < C; < 1, representing the
score of the location.

2.3. Criteria weight definition

The criteria weights (w j) in the TOPSIS analysis are determined
using the analytic hierarchy process (AHP) according to Saaty (1987).
An analytic method is needed because assigning numerical criteria
weights directly is not reliable (Steele et al., 2009). AHP has extensive
coverage in the literature (Zyoud and Fuchs-Hanusch, 2017) and has
many advantages, including simplicity and a focus on hierarchy (Kumar
et al., 2017). Moreover, it has proven applicability to definition of
TOPSIS criteria weights (in Saeidi et al., 2023; Sindhu et al., 2017;
Sanchez-Lozano et al., 2016; Konstantinos et al., 2019). Although some
studies employ fuzzy logic variants of AHP, their advantages compared
to the classical method are not unequivocal (see Chan et al., 2019; Saaty
and Tran, 2007). A weakness of AHP is its susceptibility to inconsis-
tency in expert judgments (Velasquez and Hester, 2013), although this
weakness can be mitigated by a thorough robustness analysis. Fig. 1
presents the two level AHP hierarchy used in this study.
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2.4. Process overview

Fig. 2 presents an overview of the proposed LEE identification
and analysis process, which is intended for implementation by energy
professionals. The first phase, definition, starts by selecting a potential
LEE location and defining the core and peripheral areas. Site eligibility
is confirmed with conditions such as a requirement of RES within
the peripheral area. These conditions can be reviewed iteratively. For
eligible sites, the process continues with calculation of the four decision
factors characterizing the site. The entire definition phase is repeated
for all potential locations. After all the sites have been defined, the
outputs transfer to the assessment phase, where TOPSIS and AHP are
applied to obtain scores and ranking. The final step is interpretation
and analysis of the results.

3. Regional case

This section describes the specific implementation of the process
outlined in Section 2 in the region of Pdijat-Hédme. The region is lo-
cated in Southern Finland and has approximately 200 000 inhabitants,
representing a medium-sized yet comparatively densely populated area.
Sustainable energy planning in the region is guided by policy at the
international (European Union, 2021), national (Ministry of Economic
Affairs and Employment of Finland, 2022), and regional (Regional
Council of Pdijat-Hdme, 2022) levels. The national climate and energy
strategy of Finland Ministry of Economic Affairs and Employment
of Finland (2022) directs regions to undertake regional development
actions to reduce emissions and increase sustainability in order to
reach the national target of climate neutrality by 2035. The strategy
also supports renewable energy deployment and the creation of energy
communities.

The region of Pdijat-Hdme aims to achieve carbon neutrality by
2030 (Regional Council of Pdijat-Hame, 2022), five years ahead of
the national target. As such, it participates in the ‘“Hinku” network,
a national group of regions and municipalities aiming for carbon neu-
trality at the forefront. Towards this goal, Paijat-Hdme supports RES
deployments as well as related research, development, and innovation
activities through its climate action roadmap (Regional Council of
Paijat-Hame, 2022). The regional council has therefore commissioned
an initiative to advance local energy synergies and facilitate LEEs. The
implementation presented in this section is part of that action.

3.1. Identified LEE sites

Industrial and commercial clusters in the region were identified
using data from the national geographic information service Paikkati-
etoikkuna (National Land Survey of Finland, 2023) and other public
sources. The centers of LEE areas were set at these clusters. Sites with
no wind power potential within their peripheral areas, according to
a local assessment (FCG Finnish Consulting Group Oy, 2023), were
excluded from further assessment to include only relevant sites with
RES potential.

The radius of the core areas was 1 km, as typical clusters in the
region fit spatially within this area. The radius of peripheral areas was
15 km by default, based on the rather sparse settlement, flat geograph-
ical geometry, and the scale of the energy infrastructure. However, the
radius could be slightly extended if RES were located slightly beyond
the boundary due to local geographical characteristics. This was the
case for the site of Loukkuharju, where the core area is bordered by
large water bodies, spanning over 5 km. To compensate for this feature,
the radius of the peripheral area in this location was 20 km. Fig. 3
shows the identified eligible LEEs and potential wind (FCG Finnish
Consulting Group Oy, 2023) and solar power locations (Motiva Oy,
2023) in their vicinity.
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Goal Criteria weights for
oa LEE comparison

Level 1 Energy volume Renewable Energy infrastructure
eve 9y energy potential oy

Level 2 Energy consumption Wind energy Solar energy Energy consumption
eve in the area E; potential Ey potential Eg in the network E;

Fig. 1. AHP hierarchy for defining the criteria weights in the process.

Start definition

Define core and
peripheral areas

If revised i

)
Revise eligibility cri-
teria, adjust areas,
or dismiss the site

Check site
eligibility

Define energy vol-

ume factor E sumption data

Define renewable
energy availability
factors Ey and Eg

Wind and solar energy
production potential data

Define energy infrastruc-
ture availability factor E¢

Energy network
availability data

Energy con- |

Perform TOPSIS
MCDA analysis

Define criteria
weights with AHP

Interpret scores
and ranking

Fig. 2. Process for LEE identification and analysis, consisting of definition and
assessment phases.

Table 2

Electricity user types used in this study, with data from Mutanen et al. (2019).
The values of E_; represent the annual electricity consumption of each energy
consumer unit.

User type Description Operating hours Weekends E.; (MWh)

Ul Commercial Office Closed 50

U2 Industry One shift Closed 180

U3 Commercial Long Open 600
Table 3

Numbers of energy users and potential RES units within the LEE areas
considered in the case study.

Site Location Municipality Energy users RES units
Ul U2 u3 Wind Solar

L1 Vieruméki Heinola 5 1 17 157,500
L2 Kujala Lahti 9 13 1 8 0

L3 Pennala Orimattila 3 4 0 18 250,000
L4 Nastola Lahti 12 1 18 0

L5 Salpakangas Hollola 23 12 2 4 0

L6 Jarveld Karkola 10 1 26 0

L7 Loukkuharju  Asikkala 20 1 20 20 0

3.2. Decision factor values

The values of energy volume factor E, were defined using research-
based electricity user classifications (Mutanen et al., 2019) adopted by
the national energy authority. Table 2 presents the values used.

The definition of E, (MWh) in Eq. (1) can be represented in a
specific form through inserting the values from Table 2:

E_ = 50ny; + 180ny, + 600n; (12)

where nyj,, ny, and ny; are the numbers of each corresponding user type
inside the core area. Industrial and commercial units (such as factories,
offices, repair shops, and retail outlets) were identified using mapping
services, and the units were counted and categorized as type Ul, U2,
or U3.

The numbers of wind turbines (nyr) and solar panels (ngp) in
the renewable energy factors E, and E, were defined using data of
potential RES units within the peripheral areas. The numbers were
calculated using locations and capacities of potential wind power (FCG
Finnish Consulting Group Oy, 2023) and solar power projects (Motiva
Oy, 2023), supplemented with current information from the regional
authority. Rooftop solar power was not included, because most of it
is available only for self-use. Table 3 lists both the numbers of energy
users for calculating E,, and the numbers of RES units for calculating
E,, and E, for all identified LEE locations as in Fig. 3.

The localized CFs for wind power (CFy) and solar power (CFgp)
were derived from Renewables.ninja (Staffell and Pfenninger, 2016;
Pfenninger and Staffell, 2016) for the year 2024 using the MERRA-2
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X
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Loukkuharju X
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Fig. 3. LEE sites in the region of Pdijat-Héme, as well as potential wind and solar power locations within the peripheral areas. Background map from National

Land Survey of Finland (2024) (CC BY 4.0).

Table 4

Local capacity factors for wind and solar power
in each LEE (Staffell and Pfenninger, 2016; Pfen-
ninger and Staffell, 2016). Values are presented
only for the site and source combinations that
have potential.

Site Capacity factor

Wind Solar
L1 0.408 0.105
L2 0.415 -
L3 0.415 0.107
L4 0.415 -
L5 0.422 -
L6 0.425 -
L7 0.414 -

dataset. The modeled wind turbine was a 5.5 MW Enercon E-160 5560
with a hub height of 150 m. The modeled solar panel was a 400 W unit
with a 40° tilt, a 180° azimuth (south-facing), and an assumed system
loss of 10%. The resulting aggregated CF values for each LEE location
are presented in Table 4. Both wind and solar power CFs show low
variability across the identified sites.

Finally, the values of E;; were obtained from national statistics of
heat energy volumes in district heat networks (Finnish Energy, 2023),
complemented by data from public administrative documents. The
values do not include electricity networks, as the power transmission
infrastructure available throughout the region has a very high capacity
compared to the energy volumes of the LEEs.

3.3. Expert survey

To obtain the input data for AHP, experts familiar with the local
conditions were invited to participate in a questionnaire. The invitation

was sent to a LEE development project steering group, which represents
the interests of diverse regional stakeholders, including individuals
from the regional authority, cities, academia, and the private sector. In
total, 10 responses were received from 3 regional development experts,
3 energy or sustainability experts, and 4 research experts. The number
of responses was deemed sufficient to represent the regional scope.
Inviting participants from the project steering group ensured familiarity
with the topic and the regional context. As with any survey involving a
defined group, the resulting weights reflect the collective perspective of
the specific stakeholders. Although potential bias cannot be completely
eliminated, the diversity of roles represented within the group aimed
to mitigate this potential influence.

Each participant was asked to compare the relative importance of
each criterion pair on both AHP hierarchy levels. The scale used was the
one by Saaty (1987), with 1 indicating equally important, 3 moderately
more important, 5 strongly more important, 7 very strongly more
important, and 9 extremely more important. The individual responses
were combined using the aggregated individual judgments method with
geometric mean (Forman and Peniwati, 1998). Although the responses
between individuals differed, the quality of the results is not reduced,
since the stakeholder group as a whole is considered to represent the
regional collective preference according to the model in Forman and
Peniwati (1998).

As an interim result, Table 5 lists the resulting aggregated individual
judgments for the region, corresponding to the hierarchy outlined in
Fig. 1. A larger importance intensity value indicates that, according to
the aggregated judgment, criterion A is more important than criterion
B.

4. Results and discussion

This section presents and discusses the results from the application
of the methodology in the case region of Pdijat-Hédme. The quantitative
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Table 5
Aggregated importance intensities of criterion A compared to criterion B on a scale of 1 to 9.
Level Criterion A Criterion B Importance intensity
1 Renewable energy potential Energy volume 1.236
1 Energy infrastructure Energy volume 1.885
1 Energy infrastructure Renewable energy potential 1.088
2 Solar energy potential Wind energy potential 1.345
Table 6 Table 7
Category and criterion weights derived using AHP. Decision factor values (unit GWh), as well as the TOPSIS scores and the
Level 1 Level 2 ranking of the LEE sites.
Category Weight Criterion Weight Site Decision factors Results
Energy volume 0.246 w, 0.246 E. E, Eq E; Score Rank
Renewable energy potential 0.340 Dw 0.145 L1 247 334 58 14 0.288 4
wy 0.195 L2 3.39 160 0 1108 0.629 1
Energy infrastructure 0.414 wy 0.414 L3 0.87 360 94 0 0.349 3
L4 2.64 360 0 1108 0.626 2
L5 4.51 81 0 97 0.287 5
L6 1.64 532 0 5 0.179 6
results include decision criteria weights and LEE site potential. Then, a L7 1.18 399 0 24 0.128 7

data source analysis discusses the reliability and accuracy of the input
parameters, after which a thorough sensitivity analysis illustrates the
relationships between the criteria weights and the outcomes. Finally,
the implications of the outcomes are discussed.

4.1. Decision criteria weights

Table 6 presents the normalized regional criteria weights separately
for hierarchy levels 1 and 2, with level 2 weight values serving as the
inputs for TOPSIS. On level 1, the expert consensus deemed energy
infrastructure (E;) the most important for LEE potential at slightly
above neutral weight, renewable energy potential at approximately
neutral, and energy volume (E,) at 8.7 percentage points below neutral
weight, all in relation to equal weights of 0.333 each. Considering RES
preferences on level 2, the consensus held solar power (E,) to be more
relevant than wind power (E,,).

Overall, the results are in line with the outcomes in Francis et al.
(2022), where robustness, energy, and infrastructure were found to be
the most important technical factors in assessing the performance of
localized energy systems. The high importance of energy infrastructure
is supported by earlier studies that found the cost of increasing self-
sufficiency past a certain point to be disproportionately high (Ren et al.,
2021) and the complete detachment of an LEE from existing energy
infrastructure to be not viable (Eloranta et al., 2025). Nevertheless, it
should be recalled that the weights are tailored to regional circum-
stances; for instance, the higher preference of solar power compared
to wind power might be related to socio-technical factors or ongoing
RES deployments in the region.

The consistency of the results is measured by the consistency ratio,
where a lower value indicates more consistent choices. In this case, its
value at level 1 is 1.1%, while it is not applicable at level 2 due to only
one pairwise comparison. A value of less than 10% signals adequate
consistency (Saaty, 1987) and thus reliable results.

4.2. LEE site potential

Table 7 shows the TOPSIS site scores and rankings in the re-
gional case. The resulting order of preference of the locations is
L2>14>L3>L1>L5>L6>L7. In order to facilitate analysis of the
linkages between the results and the decision factors, the table also
includes the values of the individual factors E_, E,, E,, and E;, as
defined with Eq. (1), (2), (3), and (4), respectively.

The results (Table 7) show four distinct outcomes. First, the site with
the lowest energy volume E_ (L3) ranks relatively well at third place,
even though the site with the highest energy volume ranks rather low
at fifth place (L5). Therefore, a higher energy volume at the site does

not always seem to correlate with better LEE potential. This notion
aligns with Aid et al. (2015), who found some locations with less
dense industry to have better synergy potential than those with denser
industry.

Second, although L3 does not have any available heat energy infras-
tructure (E;), and L1 only has a low-volume heat network available,
they rank third and fourth despite the infrastructure factor having the
highest criterion weight in the study. However, both L3 and L1 have
strong renewable wind (E,) and solar (E;) energy potential, which
seems to compensate for the lack of infrastructure. More broadly, a
LEE without access to heat energy infrastructure can be perceived
as an island energy system from the heat energy carrier perspective.
Prior research has found that an island energy system can perform
environmentally well without heat infrastructure connections to the
outside by utilizing local renewable energy and energy storage tech-
nologies (Sihvonen et al., 2024). Therefore, heat infrastructure does not
seem strictly required for a viable LEE potential.

Third, the two highest-ranking options (L2 and L4) do not have
any solar energy potential (E,). As wind energy availability and solar
energy availability in the Nordics complement each other on annual
profiles, with more wind energy being available in the winter and
more solar energy in summer (Widen, 2011), a combination of these
RES would enable a fairly flat annual availability profile. However,
the higher wind power availability during the winter coincides well
with the high cold climate space heating energy demand during the
winter, suggesting that wind could serve as a primary source for clean
heating energy in LEEs. Therefore, solar energy potential seems to be
a supportive energy source and not a strict prerequisite for LEEs.

Last, considering the mutual separation of the scores, the alterna-
tives seem to form three distinct clusters. The best-performing loca-
tions, L2 and L4, form a cluster of 0.626-0.629 with a very small
score range of 0.003. This effect is most probably explained by the
rather similar capabilities of the locations, including equal values of
E; and E;, as well as similar magnitudes of the values of E.. The
average-performing locations, L1, L3, and L5, constitute a cluster of
0.287-0.349 with a score range of 0.062. Within this cluster, L1 and L5
have only a small score difference of 0.001. Despite their similar scores,
their strengths differ especially in E, as L1 has solar energy potential
while L5 does not. Finally, the least-performing locations, L6 and L7,
form the last cluster of 0.128-0.179 with a score difference of 0.051.
While closely adjacent scores are a common phenomenon evidenced
also by several previous MCDA studies (Saeidi et al., 2023; Guo and
Zhao, 2015), their appearance indicates a need for robustness analysis.
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Data sources of the decision factors and criteria weights used in the case study.

Factor Parameter Description Type Data source

E, E; Energy consumption General National classification (Mutanen et al., 2019)
n; Number of energy users  Local Calculation by assessor (National Land Survey of Finland, 2023)

E,, E, nyw/sp Number of RES units Local Assessment (FCG Finnish Consulting Group Oy, 2023), database (Motiva Oy, 2023)
Pyr/sp Peak power of RES unit  General Typical value
CFyr/sp RES capacity factor Local Hourly model (Staffell and Pfenninger, 2016; Pfenninger and Staffell, 2016)

E; E;; District heat volume Local Statistics (Finnish Energy, 2023)

- w; Criteria weights Regional  Expert survey

4.3. Analysis of data sources

The validity of the results depends on the locality and the accuracy
of the data used. The data used in this study can be divided to
three types: local data characterizing the specific site, regional data
describing regional conditions, and general data representing national
standards and statistics. Table 8 lists details of the data sources used
for each parameter.

The details in Table 8 show that each decision factor draws from
at least one local data source. Indeed, the number of energy users (for
E,), the number of RES units and CFs (for E,, and E,), as well as district
heat consumption volumes (for E;) can be seen to represent the core
characteristics of the sites.

Complementing local data, three decision factors also draw from
general data sources. The first factor, E_, includes the energy consumer
categories of different user types and their annual consumption, defined
according to national classifications. The classifications contain aggre-
gated data of various electricity consumers in the prevailing climate.
The second and third factors, E, and E,, include peak power values
of wind turbines and solar panels, which are based on general knowl-
edge of RES installations. This type of data was deemed sufficient for
representing the capacities in the potential definition phase.

Two parameters rely on expert discretion. The number of energy
consumers of different user types (for E.) was defined by counting
and categorizing energy consumers, while the number of potential RES
units (for E, and E;) was defined utilizing expert assessments and
data on potential and ongoing investments. The latter requires projec-
tions of future RES deployments and is thus potentially vulnerable to
over- or under-estimation. However, this bias was minimized by using
high-quality quantitative data sources.

Finally, the criteria weights were defined through a regional expert
survey, as reported in this paper. As the experts’ responses represent
human understanding of the operating environment, the aggregated
values cannot be objectively confirmed. Therefore, a sensitivity analysis
will be conducted to assess this uncertainty.

4.4. Sensitivity analysis

In earlier studies, the robustness and validity of MCDA results has
been assessed with various methods, including sensitivity analysis (in
Dogan, 2021; Sindhu et al.,, 2017; Guo and Zhao, 2015), analysis
of individual decision criteria (in Guo and Zhao, 2015), compari-
son of results obtained with different MCDA methods (in Sanchez-
Lozano et al.,, 2016), and visualizations on maps (in Konstantinos
et al., 2019). Of these approaches, the standard method is sensitivity
analysis (Wieckowski and Satabun, 2023), which is also carried out in
our study.

As the first step, an equal criteria weight variation of the original
analysis was performed to evaluate the effects of AHP and the expert
questionnaire on the results. This method excludes expert opinion from
the weighting process. To calculate the scores, the decision factor
values from Table 7 were used as in the original process, but the four
criteria weights were replaced with equal values of w; = 0.25, adding
up to Y w; = 1. Table 9 lists the results from this alternative approach.
The equal-weighted ranking differs from the primary ranking (Table 7)

Table 9
Scores and ranking of the LEE sites from the
equal criterion weighting approach.

Site Score Rank
L1 0.428 4
L2 0.454 3
L3 0.502 1
L4 0.470 2
L5 0.307 5
L6 0.299 6
L7 0.225 7

in the first and third places, as the positions of L2 and L3 are reversed.
However, the absolute scores of L2 and L3 differ much less in the
equal weighted results (difference of 0.048) than in the actual results
(difference of 0.280), reinforcing the need for more detailed analysis.

Therefore, a comprehensive sensitivity analysis was conducted using
a methodology similar to Dogan (2021). All criterion weights w; were
individually modified in the range 0-1 with steps of 0.1, and the other
criterion weights were scaled proportionally to retain )} w; = 1. When
w; =1, only the factor E ; affects the MCDA results, and when w ; =0,
only factors other than E; affect the results. The score and ranking
changes observed in the sensitivity analysis, caused by modified cri-
terion weight parameters (w,, w,, w,, and wy), are discussed in the
following four scenarios.

Firstly, Fig. 4 shows that increasing the weight w_ from 0.246 to 0.3
results in L5 moving from fifth to third place, outperforming L1 and L3.
A further increase to w, = 0.4 causes L1 to surpass L3. Eventually, with
an additional increase in w,, L5 becomes the highest-scoring option,
owing to its strength in the decision factor E_. Conversely, decreasing
w, from 0.246 to 0.2 results in a change in the ranking of the best
performers from L2 > L4 to L4 > L2. A further decrease to w, = 0.1
results in another change from L5 > L6 to L6 > L5, simultaneously
moving L5 from the average-performing cluster to the least-performing
one. Ultimately, increasing the weight w, leads to a stronger correlation
between the energy volume factor E, and site potential.

Secondly, Fig. 5 demonstrates that an increase of the weight w,,
from 0.145 to 0.2 changes the order of the best performers from
L2 > L4 to L4 > L2. A further increase to w,, = 0.3 rearranges the score
clusters, mixing the least and average performers. Notably, L7 is then
no longer the worst option (L7 > L3). Conversely, a decrease of w,,
from 0.145 to 0.1 changes the order of L1 and L5 from L1 > L5 to
L5 > L1, but a further decrease to w,, = 0.0 does not cause any more
changes in the ranking. Notably, the score of L4 remains very stable
regardless of the value of w,,, which is a coincidence caused by the
combination of the decision factor values.

Thirdly, when varying the weight w, as shown in Fig. 6, the scores
of the best performers, L2 and L4, remain close to each other. Nev-
ertheless, their ranking remains L2 > L4, except at w, = 0.0 where the
scores of both L2 and L4 are zero. Increasing w, from 0.195 to 0.3 does
not change the order of preference, but the score clusters rearrange,
with L3 moving up among the best performers and L5 moving down.
On the other hand, reducing the weight to w, = 0.1 causes changes in
the order of preference, as the order of the average performers changes
from L3 >L1>L5toL5>L1>L3.
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Fig. 4. Sensitivity analysis results from modifying the weight w,_. The vertical dotted line represents the original weight w, = 0.246.
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Fig. 5. Sensitivity analysis results from modifying the weight w,,. The vertical dotted line represents the original weight w,, = 0.145.

Lastly, Fig. 7 displays that increasing the weight w; from 0.414
to 0.5 causes a similar change to that observed with the decrease of
w,,: the order L1 > L5 changes to L5 > L1. However, decreasing w; to
0.3 does not cause any ranking changes. Although the best performers
maintain their relative order L2 > L4 with any value of wy, the scores
of both L2 and L4 fall eventually below L3, L1, and L5, when w; < 0.2.

Summing up the results of the sensitivity analysis, the most notable
ranking changes occur in the preferences of L1 > L5 (in all four sce-
narios) and L2 > L4 (in w, and w,,). These changes are explained by
the very similar scores of L1 (0.288) and L5 (0.287) as well as L2
(0.629) and L4 (0.626). Due to the minimal differences in the scores of
the two pairs, it is challenging to definitively determine their order of
preference. Nevertheless, the performance of both L2 and L4 compared

to other locations is strong in all eight variations of w; + 0.1, with 1.2
preferred over L4 in six of these eight cases.

In a broader context, the sensitivity analysis showed characteristics
typical for AHP-weighted TOPSIS. The outcomes are comparable to
prior studies: Guo and Zhao (2015) showed a comparable phenomenon
to this study, where the preference of two nearly identical scoring
options varied in most variations in the sensitivity analysis. Dogan
(2021) noted numerous changes in the ranking of the options across
their sensitivity analysis scenarios. Even though they used a different
MCDA methodology, their approach and results are comparable to this
study. Finally, Sindhu et al. (2017) found that the top-ranked option
maintained its position only in two out of the 18 sensitivity analysis
variations, showing less stability of the best choice than found in this
study.
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Fig. 6. Sensitivity analysis results from modifying the weight w,. The vertical dotted line represents the original weight w, = 0.195.
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Fig. 7. Sensitivity analysis results from modifying the weight w;. The vertical dotted line represents the original weight w; = 0.414.

4.5. Applicability and regulatory implications

The deployment process of LEEs involves a wide range of stakehold-
ers, including regional authorities, municipalities, investors, businesses,
and local energy users (Koirala et al., 2016). LEE site selection is of
interest mainly for regional developers to facilitate and steer devel-
opment actions, while economic feasibility is of interest primarily to
investors and energy users. Although the proposed process sheds initial
light on the economic potential of the sites, their detailed economic
feasibility can be reliably evaluated only in further planning stages
once the specific technological composition and assets are known.
Therefore, techno-economic assessment is inherently separate from the
site selection process.

10

While the sensitivity analysis in this study thoroughly investigated
the effects of varying criteria weights, the choice of the MCDA method
can significantly impact the results and thus represents a potential
limitation. Although TOPSIS and AHP are very well-established meth-
ods (Zyoud and Fuchs-Hanusch, 2017), applying secondary MCDA
approaches could further strengthen the outcomes. Furthermore, the
scope of this study is limited to the site selection phase of LEE devel-
opment. Hence, the fulfillment of important social and environmental
criteria in the proposed solutions should be ensured in subsequent
planning phases using dedicated frameworks such as Do No Significant
Harm (DNSH). Alternatively, they could be assessed in parallel with the
site selection process using Strengths, Weaknesses, Opportunities, and
Threats (SWOT) analysis or other similar tools.
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A key managerial prerequisite for the successful application of the
site selection process is adequate availability and reliability of decision
criteria data, as highlighted in the data source analysis. Depending on
the context, acquiring this regional data can be a significant under-
taking. This effort requires specific expertise and may be constrained
by limited human resources. The process proposed in this study can
mitigate this barrier by offering a framework for implementation,
potentially reducing the resources needed for application.

Considering policy implications, the effect of regulation on the
realizable economic and environmental benefits of energy synergies is
significant, since lacking or uncertain regulation can reduce the feasibil-
ity of investing in cooperative energy structures (Couraud et al., 2023).
Although the EU regulation recognizes renewable energy communi-
ties (European Union, 2018) and citizen energy communities (European
Union, 2019), they act as frameworks and hence do not provide con-
crete tools to advance LEE implementation. The process proposed in
this study responds to this gap by offering an applicable approach for
initializing LEE development.

Current Finnish electricity market legislation (Finland, 2013) re-
stricts electricity connections from RES to a single property and man-
dates the use of the designated electricity transmission infrastructure
to transmit power between adjacent properties, thus limiting the syner-
gistic potential and economic viability of LEEs. In addition, decentral-
ized RES in Finland are supported only with tax reliefs (Paiho et al.,
2021). Elsewhere, Germany has supported RES deployment with direct
mechanisms such as feed-in tariffs and leans on a more decentralized
energy management model compared to Finland (Paiho et al., 2021).
The Netherlands (Teladia and van der Windt, 2024) has pioneered
community heating and local ownership initiatives, while Austria has
legislation explicitly recognizing local energy communities (Maldet
et al., 2022). Applying good practices from policy abroad as well as
solving the electricity market barrier to community energy would be
important steps to promote the emergence of LEEs.

5. Conclusions and outlook

This study contributes to the literature and regional energy planning
by proposing a process to identify and assess potential local energy
ecosystem (LEE) sites in a region to support the initiation and as-
sessment phases of their development. Our results align with prior
literature, indicating that the proposed factors — energy consumption
volume, wind and solar energy potential, and energy infrastructure
availability — could sufficiently capture the potential of the sites. This
outcome is notable, as many earlier site selection studies have utilized
a higher number of factors.

The results showed that some sites with shortcomings in one factor
value still performed well in the overall ranking, indicating that LEE
potential can emerge from diverse strengths. High energy consumption
density did not directly correlate with high potential, highlighting
the importance of identifying smaller and more diverse sites. In ad-
dition, heat network availability or solar energy potential were not
prerequisites for LEE potential.

Despite heat network availability not being found as a strict re-
quirement for technical LEE potential, the expert group still considered
overall access to energy infrastructure, including the electricity grid,
the most important factor in LEE formation. On the other hand, de-
creasing the criterion weight of energy infrastructure from 41% to as
low as 30% in the TOPSIS analysis did not cause any site ranking
changes, demonstrating the robustness of the results. Overall, when
establishing the expert group, the involvement of all relevant and
diverse stakeholders, including both public and private actors, should
be ensured so that a holistic regional perspective is fully represented.

Ultimately, LEE potential forms not from a single strength, such as
high energy consumption density, but from a synergistic combination
of factors where energy infrastructure is often the most important.

11
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The process proposed in this paper enables planners to pinpoint high-
potential LEE sites that conventional approaches might overlook. To
build on these outcomes, future research should study the applicability
and effectiveness of the proposed decision criteria in other geographi-
cal, societal, and regulatory contexts. Furthermore, public stakeholders
should review and adopt good practices regarding community en-
ergy initiatives from abroad, such as supporting decentralized energy
management, local ownership, and different RES support mechanisms.
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