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Abstract: This paper presents the application of a Multi-Criteria Decision Making (MCDM) method
for the ranking of smart cities. During the construction of the MCDM techniques, the importance
of the decision-making approach for the linear ordering of 66 Polish cities with powiat status was
presented. The Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) was used
for evaluation. The method has been verified by applying it to measure urban smartness. The TOPSIS
method allowed compilation for a final ranking, taking into account publicly available indicators
of the smart cities concept. The work uses data from the Local Data Bank Polish Central Statistical
Office (LDB). The author conducted a literature review of research papers related to smart cities
and MCDM methods dated from 2010 to 2020. Based on calculations using the TOPSIS method, the
results obtained that the city of Krakow has the highest value to become a smart city.

Keywords: smart city; urban smartness; TOPSIS

1. Introduction

Becoming a smart city is an important task in the transition path and urban strategy of
many cities. Local governments constantly introduce innovation to cities by encouraging
international enterprises to deploy renewable energy projects, green energy services and
products in the municipalities. Urban leaders need the knowledge of how to attract the
enterprises implies. Public managers understand the multi-criteria decision problem that
the enterprises face when deciding about location in this city or another. Considering
how important the energy sector is for sustainable smart cities, this paper focuses on
identification the significant location for energy enterprises when making the choice for
new places to offer the services.

The development of smart cities is monitored from an international comparative
perspective. There is a lot of cyclical rankings surveying cities in different aspects and
located on all continents. It is used a lot of various indicators measuring the primary areas
selected by its creators, according to the assumed theoretical concept. Rankings of smart
cities serve to support the development of urbanized areas by indicating the areas which
require some intervention and by comparing with other cities in order to search for good
practices. There are a lot of smart city rankings [1–6]. The most popular is the Smart City
Index of Institute for Management Development World Competitiveness Centre [7].

The work analyzed the s66 Polish cities with powiat status in terms of the urban
smartness indicators. The goal manuscript is to present a ranking of smart cities based on
the MCDM method using 21 indicators. Smart cities are currently one of the most important
models of development. Firstly, the manuscript identified publications on the topic of smart
cities and MCDM based on a literature review. Secondly, the article attempts to organize
the methods and main indicators in the field of smart cities and MCDM. The papers
available on the Web of Science, Springer, Scopus, IEEE and Elsevier databases have been
reviewed. The inductive thinking in the theoretical part, as well as the TOPSIS technique
in the empirical part, were used in the paper. The manuscript is an attempt to answer the
research questions: how can we measure urban smartness and which variables can we use,
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which cities have the highest level of urban smartness, how does classification of cities
present in terms of smart cities? The selected MCDM technique allowed to indicated the
smartness and least smart cities with respect to six main Giffinger [8] dimensions: economy,
environment, transport, social capital, quality of life and public management. Finally,
21 smart city indicators that are available in public statistics were proposed in the context
of a diagnosis of Polish cities.

2. Literature Review

The first study concerning the issue of the smart city concept is dated 1992. It was
“The Technopolis Phenomenon: Smart Cities, Fast Systems, Global Networks” by David V.
Gibsona, George Kozmetsky, Raymond W. Smilor [9]. Overall, bibliometrics is a power-
ful tool for analyzing knowledge domains and revealing their cognitive-epistemological
structure. Furthermore, a lot of scientists analyzed the trends for academic debate and
research. Mora et al. [10] revealed the five emerging development path of smart cities that
each thematic cluster represents and the strategic principles such as: experimental (smart
cities as testbeds for IoT solutions), ubiquitous (the Korean experience of ubiquitous cities),
corporate (IBM and the corporate smart city model), European (smart city for a low-carbon
economy) and holistic (digital, intelligent, smart). Additionally, Perez et al. [11] explored
the important research topics in the top journals, e.g., intelligent cities, sustainable cities,
e-Government, digital transformation, knowledge-based city, ubiquitous city. Based on the
co-keyword network analysis, Guo et al. [12] distinguished the main research areas in the
domain of smart cities: smart development, telecommunications and computer science, a
smart strategy for sustainable development as well as public administration.

Over the last three decades, a lot of manuscripts that deal with smart cities in the Web
of Science, Scopus and Elsevier databases (more than 52,000) have been prepared. Figure 1
shows the number of papers on the topic of smart cities selected by the Web of Science,
Scopus and Elsevier databases from 2000 to 2020 (Table A1). The trend line presents a
steady increase from 2012. Additionally, there is a significantly increasing trend of growth
each year. There are more than eighteen thousand publications on the topic of smart cities
in the Scopus database from 2018.
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The field of operations research develops procedures and optimization approach
to help the business sector analyze and solve complex problems in the multiple and
opposite criteria or objectives. Decision-making is a common human practice that requires
choosing the best alternative among many. MCDM techniques are considered the modern
part of operations research with a multi-objective optimization problem. One of the
first publications on MCDM was performed by Benjamin Franklin in his work on moral
algebra [13]. Since the 1950s, MCDM has been practiced by theoretical and empirical
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scientists to test the capability of mathematical modeling of the decision-making approach.
The MCDM methods are applied in the following sectors: economics, logistics, industrial
engineering, environmental science, urban studies and public policy.

Many researchers have relied on MCDM or Multi-Criteria Decision Analysis (MCDA).
The top journals referred to MCDA and smart cities based in a number of publications are:
“Sustainability,” “Energies,” “Symmetry” and “Applied Sciences.” A total of 162 scientific
articles concerning the application of MCDA or MCDM techniques to selected decision
problems in the field of smart cities from 2010 to 2020 worldwide were analyzed (Figure 2).
The authors studied MCDM trends and applications in smart cities. During the analysis,
the most frequent MCDA techniques associated with smart cities were identified: AHP,
TOPSIS and SAW. The other MCDM techniques include ANP, DEA, DEMATEL, VIKOR,
ELECTRE, PROMETHEE, MACBETH and MULTIMOORA. MCDM techniques enable
evaluating alternatives in many criteria. MCDM techniques are classified as pairwise
comparison-based methods (AHP, ANP), distance-based methods (TOPSIS, VIKOR) and
outranking methods (ELECTRE, PROMETHEE) [14]. Table 1 presents characteristics of the
most frequently applied MCDM techniques.

Table 1. Characteristic of MCDM techniques.

MCDA Techniques
Characteristic

Abbreviation Description

AHP Analytic Hierarchy Process It represents an approach to quantifying the weights of criteria.

TOPSIS Technique for Order of Preference by
Similarity to Ideal Solution

It compares alternatives to the positive and the negative
ideal solution.

SAW Simple Additive Weight

It is based on the weighted average. An assessment score is
calculated for each alternative by multiplying the scaled value
given to the alternative of that attribute with the weights of
relative importance directly assigned by decision maker
followed by summing of the products for all criteria.

ANP Analytic Network Process It structures a decision problem as a network criteria
and alternatives.

DEA Data Envelopment Analysis It is used to measure productive efficiency of
decision-making units.

DEMATEL Decision Making Trial and
Evaluation Laboratory

It is used to verify the independence between variables and try
to improve by offering a specific chart to reflect
interrelationships between variables.

VIKOR Vlsekrzterijumska Optimizacija i
Kompromisno Resenje

It ranks alternatives and determines the best (compromise)
solution that is the closest to the ideal.

ELECTRE Elimination and Choice
Translating Reality

It is used to discard some alternatives to the problem, which
are unacceptable.

PROMETHEE Preference Ranking Organization Method
for Enrichment Evaluation

It provides a framework for structuring a decision problem,
identifying synergies, highlighting the main alternatives and
the structured reasoning behind it.

MACBETH Measuring Attractiveness by a
Categorical Based Evaluation TecHnique

It needs qualitative assessment about the difference of
attractiveness between 2 elements in order to generate
numerical scores for the options in each criterion.

MULTIMOORA
Multi-Objective Optimization on the

basis of Ratio Analysis plus full
multiplicative form

It requires a matrix of responses of the alternative to the
objectives. A ration system is developed in which each response
of an alternative of an objective is compared to a denominator,
which is the representative for all alternatives concerning
that objective.

Source: author’s elaboration on the basis of [14].
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author’s work).

The author conducted the literature review in the Web of Science and Elsevier databases.
Table 2 presents the results of this analysis. The research targeted relevant manuscripts that
focused on MCDM techniques in the field of smart cities and were published in 2016–2020.
The summary indicates the methods, aims of each article, objects and main indicators of
the research.

Table 2. Papers relevant to MCDM and smart cities.

Authors Kind of Methods Aims Objects Main Indicators

Rana, Luthra,
Mangla, Islam,
Roderick, Dwivedi,
2019 [26]

Fuzzy AHP,
sensitivity analysis

To prioritize of barriers to
recognize the most
important barrier category
and ranking of specific
barriers within the
categories to the
development of
smart cities

India’s cities

31 barriers, such as lack of
cooperation and coordination
between city’s operational
networks, high IT infrastructure
and intelligence deficit, lack of
involvement of citizens, lacking
technological knowledge among
the planners, lacking ecological
view in behavior and
cultural issues

Luo, Chen, Sun,
Zhu, Zeng, Chen,
2020 [27]

TOPSIS

To measure of the
centrality together with the
factors influencing
centrality using data for
the population flow

Cities in the
Yangtze River
Economic Belt

17 indicators, such as total
permanent residential population,
GDP, added value of secondary
and tertiary industries, total fixed
assets investment, total retail sales
of consumer goods, actual use of
foreign investment, R&D
expenditure and tourism income

Zhu, Li, Feng,
2019 [28]

hybrid
AHP-TOPSIS
method

To explore the potential
links between urban
smartness and resilience

187 Chinese
cities

21 indicators, such as principal
arterial, tertiary industry,
population natural growth,
persons covered of unemployment
insurance and green coverage

Gokhan, Ceren,
2020 [29] ANP, TOPSIS To evaluate the dimensions

of smart cities
44 cities around
the world

47 criteria, such as innovation
index score, research and
development score and
entrepreneurship index score
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Table 2. Cont.

Authors Kind of Methods Aims Objects Main Indicators

Shi, Tsai, Lin,
Zhang, 2018 [30] AHP

To evaluate the intelligent
development level and
compare from the
perspective of model
accuracy and time cost

151 Chinese
cities

16 indicators, such as information
service industry practitioners,
government online service level,
open data service level, urban
innovation and
entrepreneurship level

Ma, Zhang, Lu, Xue,
2020 [17] DEA

To assess the impact of
sustainable development
pilot zones on the
environmental efficiency

187
prefecture-level
Chinese cities

Input: wastewater discharge,
industrial sulfur dioxide emission,
industrial smoke and dust
emissions and unutilized rate of
general industrial solid waste.
Output: output of the
secondary industry.

Feizi, Joo, Kwigizile,
Oh, 2020 [31] TOPSIS

To assess transportation
performance measures and
smart growth of cities

46 cities in
the U.S.

4 groups of criteria: network
performance, traffic safety,
environmental impact and
physical activity

Stanković, Džunić,
Džunić, Marinković,
2017 [32]

Multi-criteria
analysis, combining
the AHP and
TOPSIS

To analyze of social,
economic and
environmental aspects of
urban life and to provide
the ranking cities according
to smart performance

23 Central and
Eastern
European cities

26 qualitative indicators divided
into 5 thematic categories:
infrastructure, liveability and
housing conditions, environment,
employment and finance,
governance, urban safety, trust
and social cohesion as well as 2
indictors referring to citizens’
perceptions of the quality of life in
the city (satisfaction with cities
and aspects of urban life)

Pang, Fang,
2016 [19] TOPSIS

To investigate the dynamic
of smart low-carbon
development

52 Chinese cities

52 indicators from 6 categories
(science and technology, resource
and environment, economy and
industry, facilities and functions,
critical capital, institution and
culture), e.g., number of national
key laboratories, energy intensity,
GPD city, internet penetration rate,
number of R&D personnel and
urbanization level

Su et al., 2013 [20]
Set pair analysis,
information
entropy weight

To assess of urban
low-carbon development
level

12 Chinese cities

Economic development and social
progress (GDP per capita, GDP
growth rate, proportion of tertiary
industry to GDP, urbanization rate,
R&D as a percentage of GDP),
energy structure and usage
efficiency (proportion of non-coal
energy, carbon productivity,
elasticity coefficient of energy
consumption), living consumption
(angel’s coefficient, number of
public transportations vehicles),
development surrounding (public
green areas per capita, forest
coverage, coverage rate of green
area in built-up area, proportion of
investment for environmental
protection to GDP)
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Table 2. Cont.

Authors Kind of Methods Aims Objects Main Indicators

Lombardi et al.,
2017 [24]

MACBETH,
“Playing Cards”

To analyze and test
approaches into ranking of
the evaluation criteria

2 projects:
District
Information
Modeling and
Management
for Energy
Reduction, Zero
Energy
Buildings in
Smart Urban
District

Economic (investment costs,
payback period), environmental
(reduction of the CO2 emissions)
and technical (reduction of the
energy requirement, resilience of
the energy systems)

Moutinho et al.,
2018 [21] DEA

To assess urban
performance in term of
eco-efficiency

24 German and
14 French cities

Input: energy consumption,
population density, labor
productivity, resource productivity,
patents per inhabitant. Output:
GDP, CO2 emissions

Song et al.,
2016 [33]

Energy Synthesis,
Slacks-Based
Measure DEA

To measure the urban
metabolic evolution index

31 major
Chinese cities

Renewable energy, indigenous
renewable energy, locally
non-renewable energy, imported
energy, exported energy and
waste energy

Liu et al., 2020 [15] DEA

To measure urban green
total factor productivity
(GTFP) with a
difference-in-difference
(DID) approach

283
prefecture-level
Chinese cities
(96 pilot, 187
non-pilot cities)

Input variables: capital stock,
number of employees, energy
consumption. Output variables:
GDP, CO2 emissions.Control
variables: innovation index

Wang et al.,
2020 [23]

Slacks-Based
Measure DEA
based on
non-expected
output

To explore the
spatiotemporal evolution
of urban carbon emission
performance

283 cities in
China

Input: fixed-asset investment,
inventory assets, number of
employees, energy consumption,
urban electricity consumption.
Expected output: GDP.
Non-expected output: urban
CO2 emissions.

Geng, Zhang,
2020 [18] TOPSIS

To establish a correlation
model and a
comprehensive evaluation
system between
environment and
urbanization

13 cities in
Hunan province
of China

Environment subsystem: resource
elements (sown area, water
consumption), ecological elements
(park green land, green area
coverage rate), ecological pressure
(sewage discharged, energy
consumption) and ecological
response (gas utilization rate,
sewage treatment rate).
Urbanization subsystem:
population (population growth
rate, urbanization rate), economic
(GDP, investment in fixed assets,
output value of the tertiary
industries), spatial (area of paved
roads, population density) and
social (retail sales of consumer
goods, number of vehicles,
number of general educations,
number of health institutions).
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Table 2. Cont.

Authors Kind of Methods Aims Objects Main Indicators

Fang, Pang, Liu,
2016 [22] TOPSIS

To creatively take a
quantitative study on a
smart low-carbon city’s
dynamic mechanism

64 Chinese cities

59 major indicators in 6 categories:
science and technology, resource
and environment, economy and
industry, facilities and functions,
critical capital and institution
and culture

Porro, Pardo-Bosch,
Agell, Sanchez
2020 [13]

Integrated AHP
and fuzzy linguistic
TOPSIS

To design a framework
oriented to public
managers based on the
assessment of criteria and
sub-criteria the strategic
location decision made
by enterprises

Energy sector
enterprises of
European cities

27 sub-criteria in 6 criteria:
characteristics of the city’s host
country or region, structural
factors, government and its
policies, socioeconomic context,
environmental conditions and
market condition for energy firms

Carli, Dotoli,
Pellegrino,
2018 [16]

Sensitive analysis
for AHP

To analyze the sustainable
development of energy,
water and environmental
systems, through a set of
objective performance
indicators

4 Italian
metropolitan
areas: Bari,
Bitonto, Mola,
Molfetta

35 indicators from 7 dimensions:
energy consumption and climate
(e.g., energy consumption per
capita); penetration of energy and
CO2 saving measures; renewable
energy potential and utilization
(e.g., renewable energy in
electricity production); water and
environmental quality; CO2
emissions and industrial profile
(e.g., CO2 emissions of buildings);
city planning and social welfare
(e.g., GDP per capita); R&D,
innovation and sustainability policy
(e.g., patents in clean technologies)

Tariq, Faumatu,
Hussein, Shahid,
Muttil, 2020 [34]

AHP
To compare and identify
the smartness of cities in
multi-dimensions

Australian
major cities

90 indicators in 26 factors and six
components (economy,
governance, environment,
livability, mobility, people)

Source: author’s elaboration on the basis of [13,15–24,26–34].

Based on the literature review, the author identified three ranges of smart cities evalua-
tion: (i) the urban smartness performance, (ii) the urban smartness performance of different
types and (iii) the urban smartness performance of different objects. The interest in the prob-
lem of assessment is high and constant. Most papers focused on the studies related to urban
smartness performance [15]. The urban smartness performance obtains urban efficiency, ur-
ban sustainability performance [16], urban environmental efficiency [17,18] and low-carbon
ecological city evaluation [19–22]. The urban smartness performance studies of different
types include three perspectives: well-being performance, urban security performance and
carbon emission performance [23]. The urban smartness performance studies of different
objects refer to the following categories: building performance [24], household performance,
enterprise performance [25], national performance [13] and regional performance [16,18].

The urban smartness condition assessment is carried out using evaluation indicators
or key factors [35]. The evaluation indicators are divided into input (capital, labor, energy,
air pollution) and output variables (gross domestic product, GDP). The key factors obtain
population, area, urbanization, travel mode and climate. Moutinho et al. [21] argue that
high GDP over CO2 emissions does not imply a high eco-efficiency score. Carli et al. [16]
investigate of possibilities maximizing the efficiency and effectiveness of the actions for the
sustainable development of energy, water and environmental systems of the whole city.

Marsal-Llacuna [25] suggests that smartness means contributing to sustainable devel-
opment and resilience. Smartness in the smart city is when the three pillars of sustainability
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(environmental, economic and social) are safeguarded; while, urban resilience is being
improved by making use of ICT infrastructure ICT [36–38]. Smartness in the smart city
equals urban smartness, which is a combination of three components, such as sustain-
ability, urban resilience and ICT infrastructure (Figure 3). The smart city value chain by
Dameri [39] is the basis of urban smartness. The smart city value chain obtains (i) sus-
tainability (carbon neutral, clean air and water); (ii) quality of life (safe, diverse, leisure,
convenience); (iii) smart growth (knowledge, innovation, employment, investments). Fur-
thermore, Trindade et al. [40] analyzed scientific studies focusing on both environmental
sustainability and smart city concepts to understand the relationship between these two.
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The literature contains many procedures for testing a city’s performance, such as
The Smart City Index [7], The Innovation Cities Index [1], The Global Cities Index [2],
The Green City Index [41], The City Blueprint [42] and The Sustainable Cities Index [43].
Numerous organizations and institutions have prepared city rankings, in particular, relating
to the life quality, such as Institute for Urban Strategies [44], Mercer [3], Monocle [45] and
Numbeo [46]. Conger has prepared an overview of the indexing methodology [35]. Table 3
presents the characteristics of the most popular smart city rankings. Dameri argues that the
process of evaluating sustainable cities is a complex task [39]. Furthermore, Sacirovic et al.
introduced a transformation between the present and the vision of a sustainable city in
the future [47].

Some cities in Central and Eastern Europe could not become smart cities because
there are a lot of problems with social inclusion. Excluding certain social groups (the
poorly-off, the elderly, the disabled) is a threat resulting from the implementation of the
smart city concept. Stigmatization of Roma has deeply rooted historical backgrounds. The
integration of Roma will be difficult to implement because stigmatization remains in the
collective mentality [48,49].
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Table 3. The characteristics of the most popular smart city rankings.

Name Important Cities Domains of Indicators

Smart City Index [7] Singapore, Helsinki (Finland),
Zurich (Switzerland)

affordable housing, fulling employment,
unemployment, health services, basic amenities,
school education, air pollution, road congestion,

green spaces, public transport, recycling, security,
citizen engagement, social mobility, corruption

Global Smart City Performance [4] Singapore, London (UK),
New York (USA) mobility, healthcare, public safety and productivity

Global Cities Ranking [2] London (UK), New York (USA),
Paris (France)

business activity, human capital, information
exchange, cultural experience and

political engagement

Ranking of Cities in Motion [5] New York (USA), London (UK),
Paris (France)

economy, human capital, technology, environment,
international outreach, social cohesion, mobility and

transport, governance, urban planning,
public management

Global Power City Index [44] London (UK), New York (USA),
Tokyo (Japan)

economy, R& D, cultural interaction, liveability,
environment, accessibility

Ranking of World Cities [6] New York (USA), London (UK),
Singapore

economic strength, physical capital, financial
maturity, institutional character, human capital,

environmental and natural hazards, global appeal

Innovation Cities Global Index [1] London (UK), New York (USA),
Tokyo (Japan)

cultural assets, human infrastructure,
networked markets

Note: author’s elaboration based on [1,2,4–7,44].

3. Research Method

The presented research focused on the ranking of smart cities. The scope of research
has three steps: selection, evaluation and classification (Figure 4). The test procedure
consists of several successive stages: (1) the selection of indicators and objects; (2) the
construction normalized decision matrix; (3) the calculation of criterion weights; (4) linear
ordering using TOPSIS method; (5) ranking and clustering of cities; (6) conclusions and
finding the recommendations.
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According to the review, the TOPSIS technique one of the most commonly applied
to decision problems in field of smart cities and was used in this work. On the basis of
decision theory, the first method of linear ordering using the pattern and anti-patterner
was proposed by C.L. Hwang and K. Yoon in 1981 under the name TOPSIS. The test steps
using the classic TOPSIS procedure can be concluded as follows [50]:

Step 1. The multiple attributes were selected in accordance with substantive and statis-
tical considerations. Then attributes were divided into stimulants (S) and destimulants (D).
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Step 2. Based on the multiple attributes, the decision matrix X was constructed:

X=
[
xij
]
=

 x11 · · · x1n
...

. . .
...

xm1 · · · xmn

 (1)

where xij represents the value of the j-th attribute (j = 1, 2, . . . , n) for the i-th objects
(cities, i = 1, 2, . . . , m) and xij ε R.

Step 3. The value of the attributes was normalized in order to obtain their comparabil-
ity in accordance with the formula:

rij=


xij

∑n
j=1 xij

1− xij

∑n
j=1 xij

, gdy j ε stymulant
, gdy j ε destymulant

(2)

Step 4. The normalized (vector-based) decision matrix was constructed:

R=
[
rij
]
=

 r11 · · · r1n
...

. . .
...

rm1 · · · rmn

 (3)

where rij means the normalized value of the j-th attribute (j = 1, 2, . . . , n) for the i-th
alternatives (cities, i = 1, 2, . . . , m).

Step 5. The weight coefficients for indicators were determined based on expert
opinion [51], where:

n

∑
j=1

wj = 1, wj ε [0, 1] (4)

where wj means the criterion weight.
Step 6. The value of the normalized indicators was weighed based on the follow-

ing formula:
vij = rij ·wj (5)

Step 7. Based on the weight of each attribute, the weighted normalized decision matrix
V was calculated:

V=
[
vij
]
=

 v11 · · · v1n
...

. . .
...

vm1 · · · vmn

 (6)

where vij means the weighted and normalized value of the j-th attribute (j = 1, 2, . . . , n)
for the i-th alternatives (cities, i = 1, 2, . . . , m).

Step 8. The model coordinates of the ideal (A+) and anti-ideal (A−) were established [52]:

A+=
(
v+1 , v+2 , . . . , v+m

)
(7)

A−=
(
v−1 , v−2 , . . . , v−m

)
(8)

v+m=
{(

max
i

vij|j ∈ S
)

,
(

min
i

vij|j ∈ D
)
|i = 1, 2, . . . , n

}
(9)

v−m=
{(

min
i

vij|j ∈ S
)

,
(

max
i

vij|j ∈ D
)
|i = 1, 2, . . . , n

}
(10)

where S = { j = 1, 2, . . . , m| j represent the bigger− the better attribute};
D = { j = 1, 2, . . . , m| j represent the smaller− the better attribute}.
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Step 9. Calculated the positive distance
(
d+i
)

and the negative distance
(
d−i
)

of each
assessed object as follows:

d+i =

√√√√ m

∑
j=1

(
vij − v+j

)2
(11)

d−i =

√√√√ m

∑
j=1

(
vij − v−j

)2
(12)

where i = 1, 2, . . . , m.
Step 10. The values of the relative closeness coefficient (RCi) of each object were calculated:

RCi=
d−i

d+i + d−i
(13)

where 0 ≤ RCi ≤ 1, i = 1, 2, . . . , m.
Step 11. The modification of the relative closeness coefficient (RC′i ) in the clas-

sic TOPSIS procedure was applied to simplify the smart city levels according to the
following formula:

RC′i =
RCi

∑m
i=1 RCi

, (i = 1, 2, . . . , m) (14)

Step 12. The ranking of smart cities was prepared.
Step 13. The classification was determined on the basis of the relative closeness

coefficient (RCi) as well as an arithmetic mean (RCi) and a standard deviation (SRCi) with
typological classes specified through the creation of four separate groups of similar objects:

Class I: if the relative closeness coefficient is RCi ≥ RCi + SRCi
Class II: if the relative closeness coefficient is RCi ≤ RCi < RCi + SRCi
Class III: if the relative closeness coefficient is RCi − SRCi ≤ RCi < RCi
Class IV: if the relative closeness coefficient is RCi < RCi − SRCi.

4. Research Materials

The starting point for the multi-criteria analysis of smart cities in this work was the
assumptions and indicators proposed by the authors of the report “Smart cities. Ranking
of European medium-size cities” [53] as well as ISO 37120:2014 standard [8,54,55]. This
report developed a hierarchical structure including six characteristics of the smart city,
31 factors describing the key characteristics and 74 indicators enabling the evaluation of
cities. Additionally, ISO 37120:2014 standard involves 46 core and 54 supporting indicators
in seventeen thematic groups. The important step of the investigation was the initial
verification of statistical data in Poland. On the basis of an analysis of publicly available
database (LBD) of Statistics Poland, 21 indicators between 2017 and 2019. Table 4 provides
the dimensions of the 21 indicators included in the studies.

The ranking of smart cities is complex and multifaced [34]. Firstly, cities consist of
many inter-related systems, which impact each other. Secondly, cities answer to different
stakeholders, who may have conflict ideas.

The following analysis includes cities from all Polish voivodships. Table 5 provides a
list of the general overview of the analyzed cities. The urban profile involves the following
features, such as a voivodship, city population, city land area, population density and
own income. Warszawa is the city with the largest land area, population and own income
(517 km2; 1790,658 persons; 7307.64 PLN), but Swietochlowice has the highest population
density (3723 persons/km2). Moreover, Chełm is the city with the least own income
(2277.28 PLN). Figure 5 visualizes localization analyzed Polish cities.
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Table 4. Dimensions and indictors.

Dimensions Unit Indicators

Economy

% X1—registered unemployment rate
number X2—entities entered in the REGON register per 10,000 residents

% X3—share of newly registered creative sector entities in the
number of newly registered entities

number X4—patents per 1,000,000 residents
PLN X5—city income per capita

Environment
ton/year X6—annual average concentration of NO2

m3 X7—total consumption of water per capita
% X8—share of recycled waste

Transport
person X9—fatalities in road accidents per 100,000 inhabitants
number X10—number of passengers cars per 1000 inhabitants

km X11—bicycle paths per 10,000 inhabitants

Social
capital

% X12—net enrolment rate (middle schools)
person X13—graduates of universities

person X14—number of inhabitants per 1 library outlet (including
library points)

Quality of
life

person X15—number of residents per 1 hospital bed
m2 X16—average size of flat per 1 inhabitant
% X17—share of parks, lawns and green areas in total area
% X18—detectability of perpetrators of identified crimes

Management
% X19—turnout in the local government election in 2018
% X20—participation of women in the city council
% X21—share of Local Spatial Developments Plans; planning support

Source: author’s elaboration on the basis of [56].

Table 5. The selected cities profile in 2019.

Voivodship Cities Population
[Person]

City Land
Area [km2]

Population
Density

[person/km2]

Own Income
per Capita

[PLN]

dolnoslaskie

JG 79,061 109 724 2954.33

LG 99,350 56 1765 3262.55

WR 642,869 293 2195 5226.33

WL 111,356 85 1315 3087.56

kujawsko-
pomorskie

BD 348,190 176 1979 3654.19

GR 94,368 58 1634 3173.05

TR 201,447 116 1741 3242.88

WL 109,883 84 1303 3345.88

lubelskie

BP 57,170 49 1157 2489.40

CL 61,932 35 1755 2277.28

LB 339,784 148 2304 3693.56

ZM 63,437 30 2091 2840.19

lubuskie
GW 123,609 86 1442 3040.52

ZG 141,222 277 507 3843.49

lodzkie

LD 679,941 293 2319 4144.20

PT 73,090 67 1087 3367.30

SK 48,089 35 1390 3206.61
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Table 5. Cont.

Voivodship Cities Population
[Person]

City Land
Area [km2]

Population
Density

[person/km2]

Own Income
per Capita

[PLN]

malopolskie

KR 779,115 327 2384 4947.30

NS 83,794 58 1455 3251.55

TR 108,470 72 1499 3263.74

mazowieckie

OS 52,055 33 1556 3499.83

PL 119,425 88 1356 5494.61

RD 211,371 112 1891 2757.71

SD 78,185 32 2454 2915.83

WA 1,790,658 517 3462 7307.64

opolskie OP 128,035 149 860 4606.99

podkarpackie

KS 46,291 44 1064 3323.53

PR 60,689 46 1314 2526.85

RZ 196,208 126 1550 3698.20

TA 46,745 85 547 2517.77

podlaskie

BL 297,554 102 2913 3496.47

LM 62,945 33 1927 2916.62

SU 69,758 66 1065 3330.64

pomorskie

GD 470,907 262 1798 4950.56

GN 246,348 135 1823 4187.16

SL 90,681 43 2102 3299.96

SP 35,719 17 2067 7834.37

slaskie

BB 170,663 125 1371 3816.89

BY 165,263 69 2380 2702.93

CH 107,807 33 3243 3175.64

CZ 220,433 160 1380 3203.49

DG 119,373 189 633 4391.50

GL 178,603 134 1334 4413.61

JZ 88,743 85 1040 3126.14

JA 91,115 153 597 3601.91

KT 292,774 165 1778 4704.37

MY 74,618 66 1137 3214.85

PS 55,030 40 1376 2897.08

RS 137,360 78 1767 3274.01

RB 138,098 148 931 3204.30

SS 66,841 25 2621 3027.41

SO 199,974 91 2196 2962.13

SW 49,557 13 3723 2336.39

TY 127,590 82 1560 3864.81

ZB 172,360 80 2144 3038.54

ZR 62,472 65 966 2913.70
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Table 5. Cont.

Voivodship Cities Population
[Person]

City Land
Area [km2]

Population
Density

[person/km2]

Own Income
per Capita

[PLN]

swietokrzyskie KL 194,852 110 1777 3542.03

warminsko-mazurskie
EL 119,317 80 1495 2744.53

OL 171,979 88 1947 3844.31

wielkopolskie

KL 100,246 69 1444 3421.84

KN 73,522 82 893 3538.06

LE 63,505 32 1993 3191.90

PZ 534,813 262 2042 4958.02

zachodniopomorskie

KS 107,048 98 1089 3201.04

SZ 401,907 301 1337 3843.59

SW 40,888 202 202 4100.45

Source: author’s elaboration on the basis of [56].
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At this step, the workflow of the TOPSIS method used in recommending a cities
worthy of being a smart city in Poland is based on 66 alternatives in six dimensions, and
21criteria have been analyzed. Table 6 presents characteristics of the TOPSIS method in the
context of alternatives and criteria.
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Table 6. Steps of the TOPSIS method.

Input Process Output

Alternative

dolnoslaskie (JG, LG, WR and WL)
kujawsko-pomorskie (BD, GR, TR and WL)
lubelskie (BP, CL, LB and ZM)
lubuskie (GW and ZG)
lodzkie (LD, PT and SK)
malopolskie (KR, NS and TR)
mazowieckie (OS, PL, RD, SD and WA)
opolskie (OP)
podkarpackie (KS, PR, RZ and TA)
podlaskie (BL, LM and SU)
pomorskie (SL, SP, GD and G)
sląskie (BB, BY, CH, CZ, DG, GL, JZ, JA, KT, MY, PS, RS, RB, SS, SO, SW, TY,
ZB and ZR)
swietokrzyskie (KL)
warmińsko-mazurskie (EL and OL)
wielkopolskie (KL, KN, LE and PZ)
zachodniopomorskie (KS, SZ and SW)

Calculation of
TOPSIS method

Results,
ranking and

clustering

Criteria

economy: X1 X2 X3 X4 X5
environment: X6 X7 X8
transport: X9 X10 X11
social capital: X12 X13 X14
quality of life: X15 X16 X17 X18
management: X19 X19 X21

Source: author’s elaboration.

5. Research Results

The research began with computing the basic statistics for smart city indicators by
measuring the position (the arithmetic mean) and variability (the standard deviation, the
variation coefficient). The entities entered in the REGON register are the most varied
indicator (510.81%). Moreover, the net enrolment rate provides the least information
(8.89%). Table 7 provides a list of the general statistics of each criterium. There are six
stimulants (X1, X6, X7, X9, X10, X16), and the other criteria are destimulants.

Next, a decision matrix (X) was developed. Then, the normalized decision matrix (R)
was developed based on a normalized vector (r). The weight factors (w) were determined,
and the weighted normalized decision matrix (V) was developed.

The results of the calculated relative closeness coefficient (RC) and the ranking of
smart cities in relation to the basic level of urban smartness are summarized in Table 8.
Likewise, the positive distance (d+) and the negative distance (d+) are presented in this
table. The values of the relative closeness coefficient are in the range from 0.09087 to
0.82156, while the modification of the relative closeness coefficient (RC′) is between 0.00182
and 0.01648.

The relative closeness coefficient (RC) was defined for each smart city. As a result,
Krakow (KR) was found to be a desirable city among these alternatives, overtaking its
nearest competitor, Wroclaw (WR). These cities are capitals of voivodship. Ostroleka (OS)
ranked 65, leaving Konin (KN) last. These cities have power stations (Patnow-Adamow-
Konin with a generation capacity of 1647 MW; Energa-681 MW) and consume a lot of water
(8054.4; 17,607.9 m3). Figure 6 visualizes and summarizes of analyzed Polish cities for the
relative closeness coefficient.
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Table 7. The basic statistics of criteria.

Quality Average
Value

Standard
Deviation

Variation
Coefficient

Best Value
City

Worst Value
City

X1 ↓ 1350.53 2217.10 164.17 10,044.00 RB 10.00 SP

X2 ↑ 461.62 2357.95 510.81 1760.90 KN 39.10 ZM

X3 ↑ 11.56 18.01 155.84 98.46 JZ 0.00 SP

X4 ↑ 5.15 2.16 41.97 11.40 CZ 2.00 PZ

X5 ↑ 1246.18 358.41 28.76 2429.65 SP 655.52 JZ

X6 ↓ 7.31 1.34 18.40 9.71 RZ 4.14 SW

X7 ↓ 10.98 11.91 108.38 67.50 GL 0.00 SW

X8 ↑ 3392.16 1017.73 30.00 7236.69 WA 2143.67 BP

X9 ↓ 3.72 2.28 61.33 11.16 LM 0.00 SW

X10 ↓ 519.20 77.10 14.85 732.42 SP 237.38 WL

X11 ↑ 3.47 1.90 54.87 8.80 SU 0.10 MY

X12 ↑ 97.14 9.73 10.02 120.78 SZ 74.73 BY

X13 ↑ 1504.42 1577.38 104.85 6406.40 RZ 0.00 TY

X14 ↑ 9070.94 3782.82 41.70 24,898.00 PT 2468.00 LE

X15 ↑ 142.01 60.72 42.75 351.41 SW 61.06 PR

X16 ↓ 27.42 2.71 9.89 36.40 WR 23.20 EL

X17 ↑ 3.75 2.87 76.60 21.20 CH 0.50 SW

X18 ↑ 71.90 9.09 12.64 89.80 NS 46.00 WR

X19 ↑ 40.97 6.49 15.85 51.34 SP 0.00 ZG

X20 ↑ 26.27 8.41 32.01 50.00 WA 12.00 BY

X21 ↑ 52.27 26.55 50.79 101.10 CH 13.00 RD
Legend: ↑—stimulant, ↓—destimulant. Source: author’s elaboration based on [56].

Table 8. The ranking of smart cities.

Cities d+ d− RC RC’ Rank

JG 0.00917948 0.028098 0.753755 0.015121 57

LG 0.00902014 0.028094 0.756964 0.015185 51

WR 0.00685278 0.028103 0.803957 0.016128 2

WL 0.00921463 0.028068 0.752841 0.015102 59

BD 0.00829651 0.027961 0.771179 0.01547 27

GR 0.00886708 0.028111 0.760207 0.01525 43

TR 0.00785894 0.028096 0.781425 0.015676 16

WL 0.00853532 0.027838 0.76534 0.015353 35

BP 0.007285945 0.028347 0.795529 0.015959 6

CL 0.008528623 0.027997 0.766501 0.015376 32

LB 0.007468562 0.028252 0.790918 0.015866 8

ZM 0.008960001 0.028135 0.75846 0.015215 46

GW 0.00891002 0.028005 0.758631 0.015218 45

ZG 0.009097716 0.02804 0.755028 0.015146 52
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Table 8. Cont.

Cities d+ d− RC RC’ Rank

LD 0.008096413 0.027931 0.77527 0.015552 22

PT 0.008026164 0.028162 0.778212 0.015611 20

SK 0.008844481 0.028053 0.760294 0.015252 42

KR 0.006098978 0.02808 0.821559 0.016481 1

NS 0.00785292 0.028185 0.782095 0.015689 15

TR 0.009437722 0.027536 0.744742 0.01494 63

OS 0.015126034 0.015707 0.509422 0.010219 65

PL 0.009367627 0.027429 0.745419 0.014953 62

RD 0.007232271 0.02816 0.795653 0.015961 5

SD 0.00859709 0.028133 0.765942 0.015365 33

WA 0.008583773 0.027644 0.763062 0.015307 37

OP 0.00823938 0.02811 0.773329 0.015513 24

KS 0.008470708 0.028093 0.768329 0.015413 30

PR 0.008992147 0.028105 0.757607 0.015198 48

RZ 0.007930242 0.028267 0.780918 0.015666 17

TA 0.00911297 0.028006 0.754491 0.015135 55

BL 0.007961784 0.028115 0.77931 0.015633 19

LM 0.009098881 0.028033 0.754957 0.015145 53

SU 0.008723845 0.028098 0.763079 0.015308 36

GD 0.007745206 0.027898 0.782703 0.015701 14

GN 0.00839518 0.02797 0.769145 0.015429 28

SL 0.009005107 0.028081 0.757183 0.015189 50

SP 0.008549118 0.028129 0.766918 0.015385 31

BB 0.008796179 0.028082 0.761479 0.015276 40

BY 0.009175048 0.028032 0.753408 0.015114 58

CH 0.007996775 0.028266 0.779476 0.015637 18

CZ 0.007697045 0.027919 0.783887 0.015725 10

DG 0.008596064 0.027677 0.763019 0.015306 38

GL 0.00770891 0.028401 0.786513 0.015778 9

JZ 0.007043382 0.028708 0.802989 0.016108 3

JA 0.009006215 0.027423 0.752775 0.015101 60

KT 0.007129814 0.028129 0.797786 0.016004 4

MY 0.009244983 0.028022 0.751927 0.015084 61

PS 0.008605436 0.028105 0.765589 0.015358 34

RS 0.00824394 0.028096 0.773147 0.01551 25

RB 0.010516311 0.027479 0.723221 0.014508 64

SS 0.008362588 0.028199 0.771271 0.015472 26

SO 0.008967373 0.028066 0.757858 0.015203 47

SW 0.008746866 0.028124 0.76277 0.015301 39

TY 0.009090566 0.028003 0.754927 0.015144 54

ZB 0.008110522 0.028047 0.775687 0.015561 21
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Table 8. Cont.

Cities d+ d− RC RC’ Rank

ZR 0.009145103 0.028102 0.754473 0.015135 56

KL 0.007765694 0.028109 0.783532 0.015718 12

EL 0.007323147 0.028023 0.792814 0.015904 7

OL 0.00816392 0.028093 0.774829 0.015543 23

KL 0.008830132 0.0281 0.760898 0.015264 41

KN 0.029307512 0.002929 0.090866 0.001823 66

LE 0.008990765 0.028097 0.757579 0.015197 49

PZ 0.007747899 0.028085 0.783779 0.015723 11

KS 0.007782441 0.028163 0.783496 0.015717 13

SZ 0.008298585 0.027618 0.768945 0.015425 29

SW 0.008877713 0.028141 0.760184 0.01525 44
Source: author’s work.

The next step of investigation was the preparation six partial rankings for each dimen-
sion (economy, environment, transport, social capital, quality of life, public management),
as well as the identification of the best and the worst cities in each dimension. The last
stage was the comparative analysis and clustering smart cities.

6. Discussion

The preparation of six partial rankings for each dimension (economy, environment,
transport, social capital, quality of life and public management) allowed the identification
of the best and the worst cities in each dimension. The top cities in the economic dimension
are Gliwice (GL, 0.827266), Poznań (PZ, 0.539027) and Lublin (LB, 0.515385). Moreover,
Swinoujscie (SW, 0.8712), Koszalin (KS, 0.772187) and Grudziadz (GR, 0.724292) are the
best cities in the transportation dimension. The high-level achieve Rzeszow (RZ, 0.879274),
Katowice (KT, 0.760275) and Lublin (LB, 0.74743) in social capital. On the other hand,
Elbląg (EL), Bytom (BY, 0.209898) and Piotrkow Trybunalski (PT, 0.083115) are the worst
cities. Besides, the top cities in the management are Żory (ZR, 0.775757), Jastrzebie Zdroj
(JZ, 0.774897) and Świętochłowice (ST, 0.768276). Bytom (BY, 0.33052), Zabrze (ZB, 0.317148)
and Zielona Góra (ZG, 0.019516) are the worst cities. Table 9 provides a list of the best and
the worst alternatives in each dimension of a smart city.
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Table 9. The best and the worst cities in each dimensions of smart city.

Dimensions The Best Cities The Worst Cities

Economy GL, PZ, LB BP, WL, PR

Environment JZ, BP, EL RB, KO, OS

Transport SW, KS, GR GL, DG, LO

Social capital RZ, KT, LB EL, BY, PT

Quality of life CH, SS, BD GN, SW, MY

Management ZR, JZ, ST BY, ZB, ZG
Legend: The bold means regional cities. Source: author’s work.

Hence, the overall assessment of smart cities is sufficient, and they performed poorly
in promoting a low-carbon city and sustainable development. Moreover, the environment
is an extremely important criterium (0.817). The best cities in this context are Jastrzebie
Zdroj (JZ, 0.989288) and Biala Podlaska (BP, 0.922096). Additionally, the quality of life is
of low importance among criteria, and the average achieves only 0.281. The best cities in
this context are Chorzow (0.904502, CH) and Siemianowice Slaskie (0.470556, SS). Figure 7
presents dimensions of smart cities for the best city and the worst city as well as the
average values.
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According to the value of the relative closeness coefficient, a four-level classification of
smart cities based on the assessment of urban smartness can be derived. Table 10 presents
the classification of smart cities by their level of urban smartness. From the table, it can be
seen that Krakow (KR), Wroclaw (WR) and Jastrzebia Gora (JZ) have reached the status
excellent with regard to their urban smartness. The majority of smart cities (34) were in
good status. Dabrowa Gornicza (DG), Swietochlowice (ST), Bielsko-Biala (BB), Kalisz (KL),
Skierniewice (SK), Grudziadz (GR), Swinoujscie (SW), Gorzow Wielkopolski (GW), Zamosc
(ZM), Sosnowiec (SO), Przemysl (PR) and Leszno (LE) belong to group III (medium class
of urban smartness level), which RC is between 0.758 and 0.765. In total, 17 cities are in the
low class, and RC is below 0.758. The four-cluster is empty.

Research and experiments contribute to the creation of urban ranking and compar-
ative analysis of smart cities worldwide. Sikora-Fernandez [57] assessed 16 Polish cities
in which the leader was Warsaw, and the second place was taken by Wroclaw. On the
other hand, Lodz and Zielona Gora were the cities with the lowest scores in this classifi-
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cation. Similarly, Lewandowska and Szymanska [58] analyzed and evaluated changes in
65 Polish cities based on selected characteristics of sustainable development. Additionally,
Masik et al. [59] analyzed Polish smart city strategies in the field of new urban development
policies. Stanković et al. [32] investigated Central and Eastern European cities in the field
of social, economic and environmental aspects of urban life and provided the ranking cities.
However, Moutinho et al. [21] evaluated the urban performance of German and French
cities in terms of eco-efficiency. Gokhan and Ceren [29] assessed the dimensions of 44 smart
cities around the world. On the other hand, Feizi et al. [31] analyzed the transportation
performance of cities in the U.S. in the context of network performance, traffic safety,
environmental impact and physical activity. Zhu et al. [28] explored the potential links
between urban smartness and resilience for Chinese cities. Luo et al. [27] measured the
centrality together with the factors influencing centrality using data for the population flow
of cities in the Yangtze River Economic Belt. Further, Rana et al. [26] prioritized barriers to
recognize the most important barrier category and ranking of specific barriers within the
categories to the development of Indian smart cities.

Table 10. Classification of smart cities in terms of urban smartness level.

Level Status Ranges Cities

I Excellent di > 0.758 KR, WR, JZ

II Good 0.758 < di < 0.802

KT, RD, BP, EL, LB, GL, CZ, PZ, KL,
KS, GD, NS, TR, RZ, CH, BL, PT,
ZB, LD, OL, OP, RS, SS, BD, GN,

SZ, KS, SP, CL, SD, PS, WL, SU, WA

III Medium 0.758 < di < 0.765 DG, ST, BB, KL, SK, GR, SW, GW,
ZM, SO, PR, LE

IV Low di < 0.758 SL, LG, ZG, LO, TY, TA, ZR, JG, BY,
WL, JA, MY, PL, TR, RB, OS, KN

Legend: The bold means regional cities. Source: author’s work.

It is worth emphasizing and university of the TOPSIS method in the context of urban
analysis. Studies conducted in this paper present that the chosen method is an effective tool
for the assessment of urban smartness. Nevertheless, it can be extending its application to
other city components, such as transport, economy and energy. The presented multi-criteria
analysis of Polish cities shows that the TOPSIS method allows multifaced assessment of
cities, identification of their strengths and weaknesses in the field of defined criteria, and
compilation of statistical and comparative analysis.

7. Conclusions

Using TOPSIS, the method of multi-criteria decision support selected for this work, six
partial and one final ranking in terms of 21 criteria of the smart city concept were compiled
for the 66 Polish cities. To sum up, the basis of literature studies and multi-criteria analysis
of selected Polish cities in the field of urban smartness, it can be concluded that:

- Smart city is an important research direction, which is confirmed by the growing
publication number.

- Multi-criteria decision support methods can be an effective and relatively simple tool
for analysis and assessment of cities, useful for development strategy design.

- MCDM techniques are one of the important tools in solving decision-making prob-
lems in the context of urban smartness, especially urban efficiency, sustainability
performance, environmental efficiency and low-carbon ecological city evaluation.

- TOPSIS, AHP and DEA are the most popular MCDM techniques in terms of the
smart city.

- The result of the conducted multi-criteria analysis using the TOPSIS technique was a
ranking of the smart cities based on the urban smartness. This method can recommend
cities that are worthy of being smart cities. Krakow (Alternative CR) has the highest
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value in the feasibility of being a smart city-based city that is equal to 0.82156. Krakow
is the best of the assessed cities for location enterprises and projects. Konin was
ranked last.

- The proposed model can be used to analyze the potential of cities in the field of
contemporary urban development, such as compact cities and sustainable cities.

- It was limitations in the implementation phase with the availability of necessary
statistical data. Furthermore, multi-criteria analysis using TOPSIS makes to take
into account local conditions because of the possibility of defining the importance of
criteria and the preference function.

Directions for future research include the TOPSIS method using other algorithms (nor-
malization, weights). The author intends to develop rankings with other popular MDCM
techniques, for example, DEA or AHP. Additionally, the efficiency of urban transport and
urban resistance are the most important parts of smart cities. The research procedure can be
used to assess cities in other countries and other urban dimensions. The proposed criteria
are popular indicators that can be adapted to national statistics.
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Appendix A

Table A1. The publications on the topic of the smart city between 1991 and 2021.

Web of Science Scopus Elsevier Web of Science Scopus Elsevier

1991 1 0 0 2007 1 1 4

1992 0 0 2 2008 3 6 4

1993 1 0 0 2009 8 19 4

1994 0 0 0 2010 18 101 21

1995 0 0 0 2011 60 124 17

1996 0 0 1 2012 109 219 52

1997 0 1 0 2013 339 488 105

1998 0 6 3 2014 639 805 261

1999 4 19 1 2015 1046 1238 461

2000 1 23 1 2016 1626 1983 850

2001 1 3 1 2017 2363 4229 1142

2002 1 29 1 2018 2762 5408 1440

2003 0 3 6 2019 2972 6669 1989

2004 1 1 5 2020 2387 5355 2884

2005 0 3 0 2021 75 812 698

2006 3 4 2 Total 14,421 27,549 9955
Note: author’s elaboration.

www.bdl.stat.gov.pl
www.bdl.stat.gov.pl
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58. Lewandowska, A.; Szymańska, D. Ecologisation of Polish cities in the light of selected parameters of sustainable development.

Sustain. Cities Soc. 2021, 64, 102538. [CrossRef]
59. Masik, G.; Sagan, I.; Scott, J.W. Smart City strategies and new urban development policies in the Polish context. Cities

2021, 108, 102970. [CrossRef]

http://doi.org/10.1016/j.heliyon.2020.e05052
http://doi.org/10.3390/su10010037
http://doi.org/10.1016/j.jth.2020.100956
http://doi.org/10.18045/zbefri.2017.2.519
http://doi.org/10.1007/s11769-016-0830-1
http://doi.org/10.3390/su12072797
www.policyschool.ca/wp-content/uploads/2016/03/livability-conger.pdf
http://doi.org/10.3846/jbem.2018.6358
http://doi.org/10.1371/journal.pone.0240260
http://doi.org/10.1007/978-3-319-45766-6_4
http://doi.org/10.1186/s40852-017-0063-2
www.siemens.com/entry/cc/features/greencityindex_international/all/en/pdf/report_en.pdf
www.siemens.com/entry/cc/features/greencityindex_international/all/en/pdf/report_en.pdf
http://doi.org/10.1007/s00267-017-0952-y
www.arcadis.com
www.mori-m-foundation.or.jp/pdf/GPCI2019_en.pdf
www.wien.gv.at/english/politics/international/competition/monocle-quality-of-life-survey.html
www.wien.gv.at/english/politics/international/competition/monocle-quality-of-life-survey.html
www.numbeo.com/quality-of-life/rankings.jsp
http://doi.org/10.1007/s11356-018-1390-y
http://doi.org/10.5937/gp24-28226
http://doi.org/10.1177/0096144220940713
http://doi.org/10.1007/978-3-642-48318-9_3
http://doi.org/10.17323/2500-2597.2020.1.85.96
http://doi.org/10.3846/tede.2020.12367
www.smart-cities.eu/download/smart_cities_final_report.pdf
www.smart-cities.eu/download/smart_cities_final_report.pdf
http://doi.org/10.1016/j.compenvurbsys.2015.09.009
https://www.iso.org/obp/ui/#iso:std:iso:37120:ed-1:v1:en
www.bdl.stat.gov.pl
http://doi.org/10.1016/j.cities.2018.03.011
http://doi.org/10.1016/j.scs.2020.102538
http://doi.org/10.1016/j.cities.2020.102970

	Introduction 
	Literature Review 
	Research Method 
	Research Materials 
	Research Results 
	Discussion 
	Conclusions 
	
	References

