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Abstract

:

The article presents the results of research related to the SDG7 sustainable development implementation analysis. The goal is to provide affordable and clean energy. Its implementation will allow for development that will simultaneously provide the possibility of economic growth and the achievement of an optimal level of citizens’ health and life. The research was conducted for the countries of the European Union EU-27. During the analysis, the indicators proposed by Eurostat were used. The research aimed to examine the progress in EU member states’ energy markets integration. In order to carry out the indispensable research, it was necessary to use a spatial information system. Cluster analysis, as well as TSA analysis, were applied. The conducted research made it possible to verify the posed hypotheses and showed that the energy transformation process of the EU-27 countries is so complicated and heterogeneous that it has given rise to new independent and unique clusters. The authors also verified the adopted set of SDG7 achievement indicators using multiple regression. Additional indicators were also proposed that could complement the set and clarify its analyses.
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1. Introduction


The idea of sustainable development arose due to concerns about the condition of the Earth’s ecosystem, which was threatened by human activity. Economic growth had a negative impact on the natural environment, so it became necessary to strike a balance between economic development and care for the natural environment.



The article focuses on the seventh goal (SDG7), i.e., affordable and clean energy. The degree of SDG7 implementation was presented in the Sustainable Development Report 2021 [1]. The progress has been recognized as on track or maintaining SDG achievement, for example in Iceland, New Zealand, Switzerland, and Norway. In the case of the European Union, only a few member states have succeeded in this area, such as Finland, Denmark, Bulgaria, Portugal, and Sweden.



For each of the goals, Eurostat has assigned indicators that make it possible to assess the degree of their implementation. Eurostat has adopted a set of indicators to monitor and verify the progress of individual EU countries towards the SDG7. These indicators are:




	
Primary energy consumption



	
Final energy consumption



	
Final energy consumption in households per capita



	
Energy productivity



	
Share of renewable energy in gross final energy consumption by sector



	
Energy import dependency by products



	
Population unable to keep home adequately warm by poverty status



	
Greenhouse gas emissions intensity of energy consumption [2,3].








In addition to the eight fundamental indicators, the set also includes additional subgroups, such as energy import dependency by products (coal, crude oil, and natural gas), primary energy consumption per capita, or final energy consumption in households per capita.



The European Union places the emphasis on actions aimed at achieving all the goals of sustainable development. Therefore, they were included in the policy and vision of the European Union until 2030 [4]. The research aimed to examine the progress in EU member states’ integration of energy markets. It was assumed that the degree of the SDG7 achievement depended on the country for which the analyses were conducted. Therefore, in the article, a cluster analysis was used. This enabled an assignment of the analyzed countries to groups similar to each other in terms of the level of the analyzed indicators. The analysis was carried out for the EU-27 in two years: 2000 as the base year and 2019. This allowed for dynamic analysis. Cluster analysis was conducted using the hierarchical method in two variants, without and with weights of the considered factors. To determine the importance of indicators, an expert survey was carried out. In the next step the set of indicators adopted by Eurostat was verified.




2. Literature Review


The concept of sustainable development was first used in the 1980s. Its authors are considered to be Pearce D.W., Barbier E.W., Markandya A. [5]. It meant at the time the activity undertaken in order to meet the needs of the society [6]. The United Nations then disseminated the idea after the Rio De Janeiro Conference in 1992. The result of this summit was the creation of the principles presented in the Action Program—Agenda 21 [7]. Since then, the term has changed constantly [8,9,10]. In the face of the enormous challenges that the world is facing in the 21st century, solutions should be sought that would make it possible to ensure a dignified and safe life for everyone now and in the future [11]. The global problems that must be dealt with are the humanitarian crisis and environmental degradation. Today, the concept of sustainable development is understood as 17 goals that enable actions to be taken to benefit humanity, its well-being, and the protection of the natural environment. These goals are described in the 2030 Agenda for Sustainable Development from 2015 [12].



	
No poverty



	
No hunger



	
Good health and well-being



	
Quality education



	
Gender equality



	
Clean water and sanitation



	
Affordable and clean energy



	
Decent work and economic growth



	
Industry, innovation, and infrastructure



	
Reduced inequality



	
Sustainable cities and communities



	
Responsible consumption and production



	
Climate action



	
Life below water



	
Life on land



	
Peace, justice, and strong institutions



	
Partnership for the goals [13].






Their implementation will allow for the development of such an economy that will give the possibility of economic development, and at the same time, achieve the optimal level of health and life of citizens. Such an economy also guarantees no negative impact of human activities on the natural environment [14]. The implementation of the set goal is primarily intended to reduce the amount of fuel and consumed energy, increase the share of renewable energy sources in the energy mixes of countries, and reduce greenhouse gas emissions [15,16,17]. On the other hand, sustainable energy management consists of two complementary elements: energy efficiency and the use of renewable energy sources [18].



Access to energy carriers has a huge impact on the possibility of eradicating poverty. Access to energy enables economic development and is synonymous with citizens’ access to health care and education. This is evidenced, inter alia, by the correlation between the Human Development Index HDI [19] and energy consumption per capita in a given country [20,21]. The development of the world and the achievement of SDG goals will require access to energy. Therefore, one of the most important goals included in the SDG is the seventh goal: clean and available energy [22], the implementation of which has been analyzed and presented in the article.



Very serious and more and more real threats such as degradation of the natural environment, dying species of plants and animals, climate change, and increasingly dangerous weather phenomena and natural disasters have drawn attention to the concept of sustainable development, which has become very important and is being implemented all over the world [23,24,25].



The Sustainable Development Goals (SDG) have been set for the whole world, both for developed and developing countries. They are based on three pillars: economic growth, social inclusion, and environmental protection [22]. Due to the limited amount of fossil energy resources, sustainable development is becoming increasingly important. Optimal consumption of energy resources is significant due to the growing demand for energy [26,27]. The level of achievement of individual goals varies depending on the country in question. The presented research focuses on analyzing the implementation of the Sustainable Development Goals in the EU-27 European Union countries. According to the treaties of the European Union, sustainable development means synergistic activities in the field of economic development, as well as environmental protection and policy. These activities are aimed at meeting the needs of EU citizens today, but also in the future [28].




3. Materials and Methods


The research was preceded by a literature review in sustainable development, cluster analysis, and multiple regression. Subsequently spatial and statistical data were collected. Then, a database was built that was used to conduct spatial analyses in the spatial information system. Clusters were built, and the results were analyzed. Subsequently, multiple regression was used to verify the set of data accepted for analysis. The methodology used in the research is presented in the diagram below (Figure 1).



In conclusion, the authors of the article put forward and verified during the research the following hypotheses:



Hypothesis 1 (H1).

Activities related to implementing SDG7 will unify the analyzed indicators within the EU.





Hypothesis 2 (H2).

The countries of the “Old” and the “New” Union will implement sustainable development differently.





The presented research required using methods in cluster analysis, Trend Surface Analysis TSA, and multiple regression. The tools and used methods are described below.



3.1. Trend Surface Analysis


Trend Surface Analysis TSA is one of the best-known and frequently used global surface fitting procedures. It was used for the first time in 1927 by O. Loverson. In the TSA model, the independent variables are the geographical coordinates of the object, and the zij is any attribute characterizing the studied phenomenon [29,30,31,32]. The general form of the model takes the form [33]:


   z  i j   = f  (   x i  ,  y i   )  +  ε  i j    



(1)




where:



zij—dependent variable,



xi, yi—geographic coordinates,



εij—random component.



TSA was used to characterize the examined attributes for the EU-27 countries. It made it possible to present the local diversity of the analyzed feature in the individual member states.




3.2. Cluster Analysis


Cluster analysis is one of the methods of multivariate comparative analysis. It allows for comparison between the objects in terms of selected attributes. Moreover, it enables the determination of objects groups with similar characteristics [34]. Cluster analysis can be carried out concerning both point and area features. In the presented research the algorithm used grouped area units corresponding to individual countries of the European Union. Cluster analysis allows dividing a set of objects into clusters and groups of features. This set is defined as [35]:


  O =  {   w i  =  (   w  i 1   , … ,    w  i j    )  | i = 1 , … N    }   



(2)




where:



wi—is the j-dimensional feature vector of an object that belongs to the set O.



Groups are determined using following principle: objects included in one group are homogeneous, while objects in two different groups are characterized by heterogeneity. The methods for grouping objects fall into two categories of hierarchical and non-hierarchical methods. In the presented studies, hierarchical methods were used [36,37,38,39]. In the first phase, the algorithms assume that each analyzed object is a separate cluster. In the next step, similar clusters are combined. Successive iterations are repeated until similar clusters are combined into one. The main issue of multivariate comparative analysis is the normalization of the input variables. The normalization task is to transform the values of variables expressed in different units to bring them to mutual comparability [40]. Subsequently, the Chebyshev distance was used to calculate the distance between the objects, which made it possible to compare the data subjected to normalization [41]:


  d  (   o i  ,  o j   )  = m a  x i   |   z  i k   −  z  j k    |   



(3)




where:



i, k—number of objects,



j—number of variables,



zik, zjk—normalized values of j-th features of objects i and k.



The determined distances between individual objects form the distance matrix Do [42]:


   D o  =  [       d  11   …  d  12   …  d  1 m          d  21   …  d  22   …  d  2 m         …   …   …   …        d  n 1   …  d  n 2   …  d  n m        ]   



(4)







This matrix is used to compute clusters. In order to define clusters, the grouping method should be used. In this case, e.g., the nearest neighbor method, the median method, the center of gravity method, and the Ward method can be selected. The single linkage method was used in the presented research. The method enables the determination of the distance between two clusters by determining the distance between two closest neighbors—objects that have been assigned to different clusters. Using the single linkage method also identifies outliers. The algorithm of the hierarchical unweighted method allows for the automatic selection of the optimal number of clusters. However, to determine the number of clusters in the case of the weighted hierarchical method, the elbow method was used [43,44,45]. This method is expressed in terms of Sum of Squared Error:


  S E E =   ∑   k = 1  k    ∑    x i  ∈  S k    ∥  x i  −  C k  ∥   2 2   



(5)




where:



k—number of clusters,



xi—object assigned to a given cluster Sk,



Ck—cluster centroid.



The first step in the elbow method is to determine the centroids for the available objects randomly. After calculating the Euclidean distance, the objects are assigned to the nearest centroid, thus creating groups k. Next, further centroids are determined for the resulting groups. Points are reassigned to the nearest centroid. The procedure is repeated until the position of the centroids stabilizes [43].




3.3. Expert Survey


The weighted cluster analysis requires the determination of individual SDG7 indicators weights. For this purpose, an expert survey was carried out—in accordance with the principles of the Delphi method. The respondents participating in the study were experts in the discipline of environmental engineering, mining, and energy, as well as the discipline of chemical science. The examination of experts’ opinions made it possible to obtain results for an undiagnosed problem for which no empirical data was available. The survey was anonymous. Experts also had the opportunity to supplement the presented set of indicators with those which, according to them, should be included in the survey. Experts were asked to weight each indicator on a 0–100% scale. The sum of the weights for all indicators assessed by one expert should be 100%. The weight of the indicators was determined according to the formula [46]:


   w  i w   =    w i     ∑  i = 1  N   w i     



(6)




where:



   w  i w    —weight of the i-th parameter,



   w i   —the importance of the i-th parameter.




3.4. Verification of the SDG7 Indicators Set


After the survey is completed, the compliance of the results obtained from individual experts should be verified. For this purpose, the variation coefficient was determined, which made it possible to indicate the level of the obtained opinions unanimity [47]:


  V =  s  x ¯    



(7)




where:



s—standard deviation,



  x ¯  —mean value.



In the next step, it was necessary to determine which indicators are statistically significant variables explaining the analyzed phenomenon. Therefore, the multiple regression presented in the next section was used.




3.5. Trend Multiple Regression


TSA models can also constitute multiple regression when several explanatory variables are introduced into the model. Multiple regression was performed for the analyzed spatial and statistical data. The explained and explanatory variables constituted a set of indicators for the achievement of SDG7. The following equation can describe the multiple regression model [48,49,50]:


  z =  α 0  +  α 1   x 1  + … +  α i   x i  + ε  



(8)




where:



z—dependent variable,



αi—model parameters,



xi—explanatory variables,



 ε —random component.



Multiple regression allows to detect the relationship between explanatory variables(xi) and explained variables (z). Therefore, it enables investigating which explanatory variables best describe the dependent variable. It also allows determining the trend and the rest of the model. A trend is a long-term development tendency, and it is a consequence of a constant set of factors influencing the variable z. The rest of the model, on the other hand, is white noise, random fluctuations that cannot be explained and controlled. The result of the analysis is a three-dimensional, smoothed surface approximation.



When deciding whether a variable is statistically significant, the value of Student’s t-test and the p-level (probability) should be considered:




	
If p ≤ α, the null hypothesis that the variable is insignificant should be rejected and an alternative hypothesis of significance of the variable adopted.



	
If p > α, there is no reason to reject the null hypothesis of irrelevance.








The backward selection method was used. It consisted in introducing all explanatory variables into the model and then removing statistically insignificant variables from the model [43].




3.6. Analysis of SDG7 Achievement Indicators


The research was divided into two stages. In the first stage, the indicators of SDG7 were analyzed in terms of their changes in the years 2000–2019. The level of homogeneity of these indicators in the individual member states was also examined. The most important conclusions are described below.



The indicators of the achievement of SDG7 are presented in the Table 1 and Figure 2. Figure a presents the values of indicators in 2000, while b is the year 2019.



The energy market of the European Union member states is significantly diversified. This can be seen when analyzing the indicators of achieving SDG7.



To enable a visual analysis of this differentiation, TSA models were used. TSA models allowed the analysis of the homogeneity and variability of the explanatory variables. Additionally, the coefficient of variation of the indicators used during the analysis was determined. It has been noticed that the level of primary energy consumption is the most diverse in the individual member states (Figure 3). On the other hand, greenhouse gas emissions are the most similar in the EU-27 (Figure 4).



The average consumption of primary and final energy in the EU countries slightly decreased in 2000–2019. The activities of the European Union are focused on the use of energy-saving technologies and thermal modernization of buildings. However, this feature’s differentiation level in the EU-27 is the highest and amounts to 138%.



Greenhouse gas emissions in the EU in the years 2000–2019 decreased by less than 20%. It was possible mainly due to the reduction of the share of coal in the energy mixes of the member states and the increase in the share of renewable energy sources and natural gas. The coefficient of variation in greenhouse gas emissions for the EU-27 was 12% in 2019 and was the lowest among the analyzed indicators (Figure 3).



The energy mixes of individual countries have different compositions. Therefore, the level of energy import dependency is also very heterogeneous. Energy import dependency means that the EU cannot self-satisfy its energy needs. The lowest level of dependency on imports occurs in the case of coal. In 2019, it amounted to an average of 75% for the EU-27. On the other hand, the most significant import dependency occurs in crude oil, where the mean value is 95%. This level is very stable and has been maintained since 2000 [51,52]. The European Union obtains fossil fuels mainly from Russia, and the low level of diversification of import sources poses a threat to the EU’s energy security.



The analysis of the energy productivity index showed that in the analyzed period, the average productivity level increased by 45%. The level of productivity diversification in individual countries, determined using the variation coefficient, was 50% in 2019. It is one of the most important indicators included in the analyzed set. The increase in productivity will reduce the consumption of primary and final energy and reduce greenhouse gas emissions.



In the case of the renewable energy share in the energy mixes of the EU-27 countries, an average 75% increase can be noticed in 2000–2019. In most EU countries, the emphasis has been on the development of renewable energy sources (RES) for many years [53]. On the other hand, in some countries, such as the countries of the Visegrad Group, this development was intensified after they acceded to the EU. RES will continue to be developed in connection with the growing energy demand and the need to implement Sustainable Development Goals in environmental protection. The coefficient of variation for the share of renewable energy is 52%.



The economic situation of households significantly influences the adequate heating of households. The analysis of the population unable to keep home adequately warm by poverty status indicator shows that the percentage of households affected by this problem in Europe is declining. However, there are countries where it is still high. In the analyzed period, the value of the indicator decreased on average by about 40%. The coefficient of variation, in this case, is 94% for 2019.



The situation in countries where coal occupies an essential position in energy mixes may deteriorate in terms of problems with sufficient heating of households due to phasing out this fuel. The energy obtained by burning coal is one of the cheapest. This applies to both heat and electricity. Therefore, the authors believe that new technological solutions should be sought that will allow the further use of coal in the mix and enable efficient and clean coal combustion. These methods include membrane techniques. They are an excellent solution due to their economy, efficiency, versatility, and ease of use [54,55,56,57,58,59].



The discovered regularities allowed for the correct interpretation of the results of spatial analyses carried out in the second stage.





4. Results and Discussion


4.1. Cluster Analysis


The conducted research aimed to examine the progress of the EU-27 countries on the way to transforming their economies and energy systems following the concept and goals of sustainable development. They concerned the availability of energy as well as the achievement of goals related to climate protection. It was assumed that actions taken in connection with the implementation of SDG7 should unify and integrate the EU-27 countries and that differences between the “Old” and the “New” Union countries may arise. A spatial information system was used to verify the hypotheses and perform the necessary analyses. Quantum GIS 3.20.1 Odense was used [60]. In the first step, it was necessary to obtain both spatial and statistical data that would enable the planned research to be carried out. Statistical data were obtained from the Eurostat database [2], while vector maps of individual EU-27 member states were obtained from the Free vector world & country maps website [61]. Individual maps of countries were combined, creating a vector map of the entire European Union. Then, statistical data on eight indicators of the achievement of SDG7 were added to the database related to map (Figure 5).



Cluster analysis was performed using the hierarchical method in two variants:




	
Not weighted—where each of the considered attributes has a weight of 1. In this case, the algorithm enables the automatic determination of the number of clusters.



	
Weighted—in this case, the attributes considered during the analysis are given weights from 0–1. For this purpose, an expert survey was carried out. Ten experts participated in the study, and their competencies made it possible to answer the question: which of the indicators are considered the most important and which are least important. The respondents were asked to rate a set of all 13 indicators. The results of the study are presented in the Table 2.








Experts considered the energy import dependency as the most important of the indicators taken into account. It was given a weight of 14%. Energy productivity, import dependency, and greenhouse gas emissions were also considered the most critical factors that will affect SDG7. For the least important indicators, experts considered dependence on oil and natural gas imports and population unable to keep home adequately warm by poverty status.



Expert assessments have shown that the most important factor in the survey is the import of energy resources. This is because only some European countries have sufficient energy resources or sufficiently developed RES to become independent from energy sources outside the EU. This, in turn, poses a severe threat to the energy security of EU countries. Additionally, it was indicated that the import of coal was the most important in import dependency indicators. This is related to the nationality of the experts participating in the study. Since the power industry in Poland is mainly based on coal, the inability to obtain its own fuel and the need to rely only on raw material from Russia would pose a severe threat to energy security. It is not only characteristic for Poland but also other countries such as the Czech Republic, Greece, or Germany, where coal is an essential component of the energy mix [62]. For the same reasons, dependence on natural gas and oil was considered the least important. Additionally, this result was influenced by the growing share of renewable energy sources in the mixes of the EU-27 countries. It is assumed that they are to form the basis of the energy mixes of EU countries in the future. The share of the population unable to adequately heat their homes was also considered insignificant. In this case, in most EU countries, such a phenomenon occurs in the amount lower than 10%. The highest level of the indicator in EU is specific for Bulgaria and amounts (in 2019) to 30%. Due to the above, the indicator was considered insignificant.



In order to conduct the cluster analysis, the attribute-based clustering tool was used. This made it possible to consider the distance between individual objects and additional features of each country during the construction of clusters. A set of 13 indicators constituted these attributes. The not weighted cluster analysis was carried out for both 2000 and 2019. The analysis results are presented in the Figure 6 and Figure 7. For both years, the same assumptions were made as to the grouping method and the method of determining the distance between objects. As a result of the analysis, considering selected attributes (presented in the Table 2), 13 clusters were created for 2000 and 15 clusters for 2019. In 2000, the most numerous cluster was cluster no. 3: France, Spain, Italy, Poland, the Czech Republic, Hungary, and Greece. In 2019, Poland, the Czech Republic, and Hungary were classified into separate group. There was also a differentiation in the case of Lithuania, Latvia, and Estonia.



The analysis showed that despite the EU countries’ efforts to implement SDG7, a serious discrepancy in their actions appeared. This is evidenced by the growing number of designated clusters from 13 to 15 in 2019.



Clusters formed by countries that were part of the EU before 2000, and those that systematically joined the EU since 2004, are visible. Due to the vast diversity of specific indicators, some countries have been classified as separate objects. An example, in this case, is Denmark (cluster no. 14) due to its low level of dependence on oil imports, the highest level of dependence on coal imports, and a level of dependence on natural gas imports lower than 0. Luxembourg is also classified as a separate cluster (no. 15) due to its almost 100% level of dependence on imported energy resources. The cluster no. 3, which includes Poland, the Czech Republic, Hungary, and Slovenia, is distinguished from other countries mainly by a significant increase in dependence on the import of raw materials, a dynamic increase in energy productivity, and a substantial decrease in population unable to keep home adequately warm by poverty status indicator. In the countries of the Visegrad Group, energy productivity grew faster and energy intensity slower than changes in these parameters for the entire EU, mainly as a result of the economic transformation. The countries of the “Old” Union were separated from cluster no. 7 in 2019 because they systematically implemented the policy consistent with SDG7 long before the countries of the “New” Union. Therefore, the dynamics of changes in their case are slower. Moreover, cluster no. 2 from 2000 (Sweden and Finland) was split in 2019. This was mainly due to a 36% increase in population unable to keep home adequately warm by poverty status in Sweden. In the case of cluster no. 1 (2000), Lithuania, Latvia, and Estonia, in 2019, were not classified as one cluster mainly due to the seven-fold decrease in Estonia’s dependence on imports, its dynamic development in the field of renewable energy sources, and a reduction in the level of the population unable to keep home adequately warm by poverty status.



In the next step, a hierarchical cluster analysis was performed, considering the weights of individual attributes. In this case the elbow method was used. For the data from 2000, 7 clusters were created, and for the year 2019, 11 clusters.



The results of the analysis are presented in the Figure 8 and Figure 9.



Considering the importance of the attributes used in the analysis, an increase in the number of clusters was again observed. The number of clusters increased from 7 to 11. There are also clusters composed of only one object, such as Denmark or Luxembourg. In 2000, clusters of countries that were part of the Union before 2000 and after 2004 were again visible. However, after 15 years, i.e., in 2019, this division disappeared, and the following clusters have been designated:



Cluster no. 0—Bulgaria



Cluster no. 1—Cyprus



Cluster no. 2—Denmark



Cluster no. 3—Estonia



Cluster no. 4—Germany, France



Cluster no. 5—Ireland



Cluster no. 6—Luxembourg



Cluster no. 7—Malta, Greece



Cluster no. 8—Poland, Czech Republic, Slovenia, Romania



Cluster no. 9—Lithuania, Latvia, Portugal, Spain, Italy, Belgium, the Netherlands, Croatia, Hungary, Austria, Slovakia



Cluster no. 10—Sweden, Finland



Bulgaria has been classified as a separate cluster due to the lowest level of energy productivity and the highest level of the population unable to keep home adequately warm by poverty status. Moreover, Cyprus and Estonia are separate clusters due to one of the highest levels of dependence on imported energy resources, a factor that has received the highest weight. Ireland, on the other hand, has the highest level of energy productivity. Cluster no. 8 constitutes the majority of the Visegrad group countries in which the factors of the highest importance are at a similar level, i.e., energy productivity, import dependence and greenhouse gas emissions. Cluster no. 9 is characterized by a similar level of dependence on the import of energy resources (approx. 70%). On the other hand, for cluster no. 10, the emission of greenhouse gases at the level of 70% is characteristic and the highest share of renewable energy sources.




4.2. Verification of the SDG7 Indicators Set


During the expert’s survey, it was noticed that experts disagreed on the assessment of individual indicators. Additionally, experts found the set of indicators to be incomplete. They also stated that the indicators should be differentiated for energy availability and its impact on the natural environment. Taking into account the opinion of experts, the strengths and weaknesses of the SDG7 indicator set have been identified. They are presented in the Table 3.



First of all, the experts pointed out that the set of indicators should be supplemented with indicators that will inform about the availability of energy in economic terms. It is also difficult to deduce from the current set of indicators whether sufficient energy is available in a given country. The set covers the level of consumption extensively but does not take supply into account. It was also noticed that a very important factor in the aspect of clean energy is the analysis of the number of technologies developed and implemented in the EU member states. Such technologies include, inter alia, technologies related to the production and acquisition of clean energy, as well as clean coal technologies (CCT). CCT should be used along the entire coal and energy distribution chain. They can be used at the stage of coal extraction and mechanical processing, hard coal combustion and waste management.



One of the methods of producing clean coal is its enrichment, that is, separating the coal from waste rock and excesses. These are the most cost-effective ways to eliminate pollution to date. Greenhouse gases generated during the combustion of coal pose a serious threat to the natural environment. At this stage, CCTs focus on the removal of carbon dioxide. This can take place before or after the combustion of coal, as well as during combustion. CCT technologies used at the coal processing stage are developing the most dynamically, and they can be used primarily in the process of:




	
Combustion—oxy-combustion, power plants with fluidized bed boilers, supercritical power plants with steam boilers [63],



	
Coal gasification—this category includes ground and underground gasification [64,65],



	
Flue gas cleaning—for example carbon dioxide sequestration, desulphurization, dedusting [66,67].








The coefficient of variation was determined for the results of the expert’s survey (Table 2). For all indicators, the coefficient of variation exceeds 10%, which determines the threshold beyond which the respondents’ opinions should be considered inconsistent. For 85% of the indicators, it exceeds 30%. This means that the experts disagreed, and their assessments were not alike. Therefore, the authors of the article decided to verify the adopted set of indicators. For this purpose, multiple regression was used.



SDG7 combines the two most essential postulates concerning the energy sector of the European Union. This is, firstly, access to energy in an amount appropriate to the recipients. Secondly, this energy must be clean, i.e., energy production must not have a negative impact on the natural environment. Because the set of indicators proposed by Eurostat has not been differentiated in this respect, the authors decided to define which indicators affect availability and which affect the ecological dimension related to energy production. For this purpose, multiple regression was carried out. The SAGA multiple regression analysis—raster and predictor raster’s algorithm was used to make the application of multiple regression possible with simultaneous consideration of the spatial dimension [68]. Both the dependent variable and the explanatory variables were introduced to the model in the form of raster maps. As a result of the algorithm, a new raster layer was created, which presents the values based on the regression. As the constructed maps were created in the form of vector maps, they were converted first. It made it possible to transform vector layers into raster layers. For this purpose, the rasterize-vector to raster algorithm was used. When executing individual maps for explanatory variables, the option burn-in value was selected. This made it possible to create raster maps, where individual pixels were assigned the values of selected attributes. In this way, 13 raster layers were created as input data to the multiple regression analysis algorithm. The authors considered the set of indicators in terms of energy availability first. In this case, primary energy consumption per capita was used as the explained variable (Model 2). In terms of clean energy, the emission of greenhouse gases was assumed as the dependent variable (Model 1). All the remaining 12 indicators were entered into the model each time. Thanks to this, it was possible to determine which of the explanatory variables are statistically significant in terms of purity and energy availability.



Table 4 presents the results of multiple regression. The variables that turned out to be significant for explaining the explained variable are marked with asterisks. In the case of energy availability, it was six indicators, and in the case of clean energy 4 out of 12 proposed indicators.



The constructed regression models are characterized by high accuracy and reliability. The MAPE (mean absolute percentage error) is less than 10% [69]. From among the created models, those with the smallest information criterion were selected. The Akaike, Hannan-Quinn and Schwarz information criteria were used [70]. Model errors are presented in the Table 5.



Multiple regression models were used to create raster maps of the explained variables presented in the Figure 10 and Figure 11. They present the value of the dependent variable predicted based on the values of the explanatory variables that were used to carry out the analysis. Multiple regression also makes it possible to build forecasts of dependent variables in a selected time horizon (period for which the forecast is determined). After introducing only statistically significant variables into the model, the obtained values of explanatory variables were calculated on the basis of multiple regression parameters. It was noticed that the results of the forecast correspond to the empirical values. In the case of greenhouse gas emission, the highest emission level was recorded in Lithuania, and the lowest in Finland. In the case of primary energy consumption per capita, the highest energy consumption was recorded in Finland, and the lowest in Lithuania. The results of the empirical and forecast values are presented in Table 6. The low values of the model errors and the clear compliance of the forecasted values with the empirical values indicate the need to verify the validity of the constructed set of indicators.





5. Conclusions


In the presented research, cluster analysis was used to examine the progress of the EU-27 countries towards achieving SDG7. The conducted research showed that the member states differ significantly in terms of the applied attributes. Moreover, in the period 2000–2019, this differentiation increased. The process of energy transformation of the EU-27 countries is so complicated and heterogeneous that it has created new independent and unique clusters. This situation was mainly influenced by the composition of the member states’ energy mix, energy productivity, dependence on imports, and a population unable to keep home adequately warm by poverty status indicator. The main differences were observed in the case of the “Old” and “New” EU countries. Therefore, actions should be taken that would make it possible to standardize the changes taking place in individual EU countries.



The discovered growing diversity may pose a threat to the timely achievement of the SDG7 goal. The main factor that delays the implementation of this goal is the growing tendency of dependence on imported energy carriers. Therefore, it is imperative to look for alternative energy sources that could take on the role of fossil fuels. It is also necessary to take further actions to increase the level of diversification of obtaining energy carriers and increase the share of renewable energy sources in the energy mix. The share of renewable energy sources is already systematically increasing, which positively impacts the pace of implementation of the set goal of sustainable development. Moreover, the increase in energy productivity affects the implementation of SDG7, reducing the energy sector’s negative impact on the natural environment while reducing the demand for energy resources.



The level of SDG7 achievement set out in the Sustainable Development Report 2021 is consistent with the market integration demonstrated with the use of cluster analysis conducted by the authors. Sweden and Finland stand out positively compared to the EU-27, where this goal has already been recognized as achieved. Most of the “Old” EU countries were classified as a group “challenges remain”. This is the case, for example of Germany, France, Italy, and Spain. The countries of the Visegrad Group have been classified as “significant challenges remain”. On the other hand, the country that formed a separate cluster is Luxembourg as the only EU country classified as “major challenges remain”.



The cluster analysis showed that in 2000–2019, the European union member states and their activities did not lead to the unification of clusters in the EU. On the contrary, the pace and direction of changes in individual countries have led to the creation of additional clusters. Therefore, the authors decided to verify the set of indicators and the validity of their selection. The conducted multiple regression analysis showed that the set of indicators proposed as a measure of the achievement of SDG7 should be verified. It has been proven that this set should be separated and supplemented with separate indicators for the aspect of available and clean energy. The conducted experts survey showed that some indicators might be irrelevant when assessing the achievement of SDG7. The authors believe that the set of indicators should be enriched with new components. In the case of energy availability, these should undoubtedly be energy prices, which will determine whether consumers can purchase raw materials and electricity available in a given country. In terms of clean energy, an indicator that should complement the set of indicators should be the number of implemented technologies that enable clean energy production. This is in line with the goals to be achieved in the European Union in 2030. First of all, it concerns establishing and expanding the existing international cooperation to conduct research on clean technologies, including clean coal technologies, ensuring access to modern energy services and infrastructure and universal access to affordable, reliable, and modern energy services. In conclusion the research confirmed hypothesis 2, while hypothesis 1 on the unification of energy markets in the EU-27 countries was rejected.
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Figure 1. Diagram showing the methodology used during the research. 
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Figure 2. Value of target 7 achievement indicators in 2000 (a) and 2019 (b). 
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Figure 3. Primary energy consumption in the EU-27 in 2019. 
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Figure 4. Greenhouse gas emissions in the EU-27 in 2019. 
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Figure 5. Vector map of the European Union. 
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Figure 6. Unweighted EU-27 cluster analysis for the year 2000. 
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Figure 7. Unweighted EU-27 cluster analysis for the year 2019. 
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Figure 8. Weighted cluster analysis for the year 2000. 






Figure 8. Weighted cluster analysis for the year 2000.



[image: Energies 14 07079 g008]







[image: Energies 14 07079 g009 550] 





Figure 9. Weighted cluster analysis for the year 2019. 
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Figure 10. Results of multiple regression of greenhouse gas emissions for the EU-27 (2019). 
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Figure 11. Results of multiple regression of primary energy consumption per capita for the EU-27 (2019). 
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Table 1. Goal 7 achievement indicators.






Table 1. Goal 7 achievement indicators.





	No.
	Indicator





	1
	Primary energy consumption, Mtoe



	2
	Primary energy consumption per capita, toe



	3
	Final energy consumption, Mtoe



	4
	Final energy consumption per capita, toe



	5
	Final energy consumption in households per capita, KGOE



	6
	Energy productivity, KGOE



	7
	Share of renewable energy % 2005



	8
	Energy import dependency, %



	9
	Energy import dependency Oil and petroleum, %



	10
	Energy import dependency solid fossil fuels %



	11
	Energy import dependency natural gas, %



	12
	Population unable to keep home adequately warm by poverty status % 2005



	13
	Greenhouse gas emissions intensity of energy consumption, 2000 = 100










[image: Table] 





Table 2. Expert survey results.
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	Indicator
	Indicator

Unit
	Weight (%)
	Coefficient of Variation





	Primary energy consumption
	Mtoe
	6.2
	0.32



	Primary energy consumption per capita
	toe
	6.0
	0.31



	Final energy consumption
	Mtoe
	5.6
	0.31



	Final energy consumption per capita
	toe
	6.4
	0.34



	Final energy consumption in households per capita
	KGOE
	7.7
	0.40



	Energy productivity
	KGOE
	1.1
	0.43



	Share of renewable energy in gross final energy consumption
	% (base year 2005)
	8.8
	0.27



	Energy import dependency
	%
	14.4
	0.31



	Oil and petroleum products import dependency
	%
	4.2
	0.33



	Solid fossil fuel import dependency
	%
	9.8
	0.23



	Natural gas import dependency
	%
	5.2
	0.59



	Population unable to keep home adequately warm by poverty status
	% (base year 2005)
	5.1
	0.43



	Greenhouse gas emissions intensity of energy consumption
	2000 = 100
	10.0
	0.50
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Table 3. Strengths and weaknesses of the SDG7 indicators set.
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	Strengths
	Weaknesses





	The set is very comprehensive in terms of energy consumption. It takes into account the level of primary and final energy consumption in the scale of the entire country, but also taking into account energy consumption per capita
	None of the indicators provide information on the price of energy for households and industry, which is of key importance in terms of energy availability



	One of the indicators is energy productivity, which is perceived as one of the most important sources of additional energy
	There is no information on the certainty of energy supply, the level of energy production in a given country and excess production over energy demand



	A very important indicator is also share of renewable energy and greenhouse gas emissions intensity of energy consumption in terms of the ecological aspect of energy acquisition and sustainable energy production
	The indicators also do not include information on clean energy generation methods, e.g., CCT or RES technology patents and the number of technologies implemented in the member states in a given year



	Energy import dependency allows to visualize the energy security of the EU-27 countries
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Table 4. Multiple regression analysis results.
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	Indicator
	Model 1 p-Value
	Model 2 p-Value





	Primary energy consumption
	
	*



	Primary energy consumption per capita (model 2 explained variable)
	*
	



	Final energy consumption
	
	*



	Final energy consumption per capita
	
	***



	Final energy consumption in households per capita
	**
	**



	Energy productivity
	
	



	Share of renewable energy in gross final energy consumption by sector
	
	



	Energy import dependency
	
	***



	Oil and petroleum products import dependency
	***
	



	Solid fossil fuel import dependency
	
	



	Natural gas import dependency
	
	



	Population unable to keep home adequately warm by poverty status
	**
	



	Greenhouse gas emissions intensity of energy consumption (model 1 explained variable)
	
	*







The number of asterisks means: * that p < 0.1, ** that p < 0.05, *** p < 0.01.
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Table 5. Multiple regression models 1 and 2 error.
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	Indicator
	Model 1
	Model 2





	MAPE (mean absolute percentage error), %
	10%
	9%



	RMSE (root mean square error)
	10
	0.3



	Akeike information criterion
	213
	23



	Hannan-Quinn information criterion
	214
	26



	Schwarz information criterion
	218
	31
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Table 6. Empirical and forecast values of selected indicators.






Table 6. Empirical and forecast values of selected indicators.





	
Indicator, Country

	
Unit

	
Forecast

	
Empirical Value






	
greenhouse gas emission

	
2000 = 100




	
Lithuania

	

	
92

	
102




	
Finland

	

	
69

	
69




	
primary energy consumption per capita

	
toe




	
Lithuania

	

	
0.85

	
2.25




	
Finland

	

	
5.67

	
5.81
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