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Executive Summary  
 

Introduction to Life Cycle Assessment and Ecoinvent:  
 

Life Cycle Assessment (LCA) models the complex interaction between a product and the 
environment form cradle to grave. The aim of the LCA is to capture the environmental impact 
of a product and helps with decision making. One of the background databases for LCA is 
Ecoinvent.  
 
Studied Problem:  
 

In Ecoinvent, the data for the electricity generation mixes in a geographical area is generated 
by a log-normal distribution. The aim of this thesis is to provide an analysis of the uncertainty 
(a total range a value can take with a corresponding probability – probability density function) 
of the log-normal distribution in Ecoinvent and to promote a new approach for sampling data. 
The reason for studying the uncertainties for the electricity generation mixes is to give a better 
approximation how much electricity contributes to overall emissions in a LCA.  
 
The Methodology and Approach:  
 

The thesis covers two interlinked parts. The first part evaluates the fit of the log-normal 
distribution to real data. For this, the different histograms are compared, the ANOVA test is 
performed for a difference in the seasons, the hartigans dip test is performed, and to calculate 
the absolute percentage difference the Method of Moments (MoM) of the real data is compared 
to Ecoinvent. This is accompanied by the goodness of fit tests. Additionally, a linear correlation 
and cross correlation is applied. The linear correlation is applied in the second part and the cross 
correlation should provide as an additional evidence that the energy types are correlated. In the 
second part the correlations are applied in Brightway v 2, and we perform the correlated 
sampling. The results from correlated sampling, sampling from the parent data and the data in 
Ecoinvent v 2.2 and Ecoinvent v 3.2. are compared. (for a better overview consult chapter 9.2) 
 
Findings and Results 
 

Results of the statistical analysis showed that the log-normal is not a good fit for the energy 
mixes, since 35/56 distribution were at least bimodal. Additionally, the uncertainty for the 
different distribution mixes is underestimated. The standard deviation of Ecoinvent is on 
average 1100% off compared to the MoM. Correlated sampling was not possible, due to 
programming limitations and time. The sampling from the parent data showed that the 
uncertainty for the impact category of the global warming potential was underestimated. For 
the impact category ReCiPE and Ecotoxcicity, this was not the case, because they are more 
prone to other substances.  
 
Conclusions 
 

• The uncertainty in Ecoinvent is underestimated and could be improved at low cost. 
• A multimodal distribution fits better (in most cases) than the log-normal distribution. 
• There are some significant correlations between different fuel types.   
 
Recommendations 
 

• Improving the uncertainty in Ecoinvent by increasing the standard deviation.  
• Further research in correlated sampling for Ecoinvent. 
• Research in implementing a bimodal or multi-modal distribution into Ecoinvent.  

 
Limitations of this report 
 

• Active forecasting (modelling) was not investigated for Ecoinvent.  
• Correlation analysis did not consider partial correlation and multi-colinearity.  
• Implementing a standardized bimodal distribution (which is difficult) has not been covered. 
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Task given  

The electricity grid draws from a number of different generating technologies, like coal, 

nuclear, PV, etc. However, our current estimates of what the relative shares of different 

generating technologies in the grid mix are based on rough estimates, but good data is available 

from other sources in addition to improving the existing values, it would be nice to better 

understand the shapes of the relative share uncertainty distributions, to see what the correlations 

are between different technologies. This work would be very important in improving our 

understanding of the environmental impacts of electricity generation and consumption.  

Key questions:  

• What do the actual distribution functions for different generating technologies look 

like?  

• How different are they from our current estimates?  

• What are the correlations between different technologies? Can we include these 

correlations when performing Monte Carlo Analysis when doing Life Cycle Assessment 

calculations?  

• Do the patterns in generation change over time? Can we project future uncertainty 

scenarios for grid mixes? 
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Abstract  
 

Over the recent years Life Cycle Assessment (LCA) has gained more and more attention, as it 

is spurred by the European Union and is frequently applied as a tool for measuring the 

environmental performance and sustainability. It is a valuable decision support tool to measure 

the environmental and social burdens of a product or process, from cradle to grave. In order to 

support a good LCA, good information is needed. One of the most transparent and reliable 

background databases is Ecoinvent. Despite the efforts of collecting new and up-to-date data, 

there is still a lack of information in Ecoinvent. A way to approximate the data is by sampling 

from a distribution. This distribution is predefined and has been selected for modeling purposes. 

The aim of this thesis is to dig deeper in the concept of uncertainty for electricity supply mixes 

in Ecoinvent. Uncertainty is the total range from which a value can be sampled with a 

corresponding probability and is a helpful tool in cases were data is missing. The uncertainty 

for the electricity generation mixes in Ecoinvent v 2.2, is produced by a pre-defined log-normal 

distribution. This thesis evaluates the uncertainty for electricity supply mixes in Ecoinvent and 

tries to improve the uncertainty by correlated sampling between the the electricity generation 

mixes.  

 

 Key words: Ecoinvent v 2.2, uncertainty, log-normal distribution, electricity supply mixes, 

correlation 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 



  Table of Content 
 

 V 

Table of Content 
 

Executive Summary .................................................................................................................... I 

Acknowledgements .................................................................................................................... II 

Task given ................................................................................................................................ III 

Abstract .................................................................................................................................... IV 

Table of Content ........................................................................................................................ V 

List of Illustrations ................................................................................................................. VIII 

List of Tables ......................................................................................................................... XIII 

List of Abbreviations and Definitions ................................................................................... XIV 

1. Introduction ........................................................................................................................ 1 

1.1. Project Motivation ..................................................................................................... 2 

1.2. Research Objective and Questions ............................................................................. 2 

1.3. Relevance ................................................................................................................... 3 

1.3.1. Practical Relevance ............................................................................................ 3 

1.3.2. Scientific Relevance ........................................................................................... 4 

1.4. Thesis Structure ......................................................................................................... 4 

2. Literature Review ............................................................................................................... 5 

3. Problem Formulation and Methodology ............................................................................ 6 

3.1. The Problem ............................................................................................................... 6 

3.2. Methodology .............................................................................................................. 6 

3.3. Thesis Boundary ........................................................................................................ 8 

4. Introduction to Life Cycle Assessment ............................................................................ 10 

4.1. Goal of the Ecoinvent Project .................................................................................. 10 

4.2. History to Ecoinvent ................................................................................................ 11 

4.3. Methodology of LCA ............................................................................................... 11 

4.4. The Ecoinvent Database .......................................................................................... 14 

4.4.1. Ecoinvent v 2.2 ................................................................................................ 14 

4.4.2. Ecoinvent v 3.2 ................................................................................................ 16 

4.5. Electricity Generation mixes in Ecoinvent .............................................................. 18 

4.5.1. Uncertainty for the Electricity Mixes .............................................................. 21 



  Table of Content 
 

 VI 

4.5.2. The Pedigree Matrix ........................................................................................ 22 

4.5.3. The Advantages of the Log-Normal Distribution ............................................ 23 

4.5.4. Monte-Carlo Randomized Sampling ............................................................... 24 

5. Methodology of the Statistical Concepts ......................................................................... 26 

5.1. Input Data ................................................................................................................. 26 

5.2. Linear Regression and Correlation Analysis ........................................................... 26 

5.3. Time Series Analysis ............................................................................................... 29 

6. Data Collection and Preparation ...................................................................................... 35 

7. Statistical Analysis ........................................................................................................... 37 

7.1. Descriptive Statistics ................................................................................................ 37 

7.1.1. Electricity generation by Country .................................................................... 37 

7.2. Statistical Testing of Bivariate Relations ................................................................. 47 

7.2.1. Testing for Differences in Time ....................................................................... 47 

7.3. Statistical Inference .................................................................................................. 48 

7.3.1. The Methods of Moments Comparison ........................................................... 49 

7.3.2. Summary of Methods of Moments Analysis ................................................... 54 

7.3.3. Goodness-of-Fit Estimation ............................................................................. 56 

7.4. Correlation and Regression Analysis ....................................................................... 58 

7.4.1. Conditions of the Linear Regression ................................................................ 59 

7.4.2. Assumptions for the Linear Regression ........................................................... 61 

7.4.3. Results of Linear Regression Analysis ............................................................ 63 

7.4.4. Reasons against the Linear Regression ............................................................ 69 

7.5. Time Series Analysis ............................................................................................... 70 

7.5.1. Assumptions for Time Series Analysis ............................................................ 70 

7.5.2. Univariate Statistics of the Time Series Analysis ............................................ 72 

7.5.3. Results of the Transfer Function Model .......................................................... 79 

8. Monte Carlo Sampling ..................................................................................................... 89 

8.1. Introduction to Brightway v 2 .................................................................................. 89 

8.2. Failed Approaches to Monte Carlo Sampling .......................................................... 90 

8.3. Actual Approach to Monte Carlo Sampling ............................................................ 91 

8.4. Data Manipulation for Monte Carlo Sampling ........................................................ 91 

8.5. Results of Monte Carlo Sampling ............................................................................ 92 

8.5.1. Ecotoxicity Indicators ...................................................................................... 92 



  Table of Content 
 

 VII 

8.5.2. Global Warming Potential ............................................................................... 94 

8.5.3. ReCiPe Total .................................................................................................... 97 

9. Summary of Results and Overview ............................................................................... 100 

9.1. Summary of Results ............................................................................................... 100 

9.2. Overview of the Thesis .......................................................................................... 103 

10. Conclusions and Future Work ................................................................................... 106 

10.1. Conclusions ............................................................................................................ 106 

10.2. Critical Analysis ..................................................................................................... 107 

10.3. Recommendations and Future Work ..................................................................... 108 

11. References .................................................................................................................. 109 

Appendix ................................................................................................................................ 114 

Annex A - Comparison between the Attributional LCA and Consequential LCA ............ 115 

Annex B - Comparison between the Ecoinvent v 2.2 and Ecoinvent v 3.2 database ........ 116 

Annex C - Total Electricity Technologies considered in Ecoinvent v 2.2 and v 3.2 ......... 117 

Annex D - The default uncertainty factors for physical flows ........................................... 118 

Annex E - The Pedigree Matrix for the standard deviations ............................................. 119 

Annex F - Descriptive Statistics and Linear Regression Results per Country .................. 120 

Annex G - R – Time Series Analysis ................................................................................. 224 

Annex H - Monte Carlo Sampling ..................................................................................... 228 

Annex I - Sample R – Code for one country ..................................................................... 230 

	

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



  List of Illustrations 
 

 VIII 

List of Illustrations  
 
 
Figure 1: Phases of Life Cycle Assessment. ............................................................................ 11	

Figure 2: The Phases of a life cycle assessment framework and its direct applications. ......... 12	

Figure 3: The design of the Ecoinvent database v 2.2. ............................................................ 14	

Figure 4: Unit process structure of Ecoinvent v 2.2. ............................................................... 15	

Figure 5: The Data structure in Ecoinvent ............................................................................... 16	

Figure 6: The unit process structure for the Ecoinvent v 3.2 database. ................................... 17	

Figure 7: The direct comparison of the changes in Ecoinvent v 2.2 compared to Ecoinvent v 

3.2 ..................................................................................................................................... 17	

Figure 8: The market structure for the inputs and outputs of activities in the unit processes. 18	

Figure 9: The difference between supply mixes and production mixes in Ecoinvent. This is an 

example and does not represent the actual electricity mixes for Spain. ........................... 19	

Figure 10: The Ecoinvent data coverage. The blue shows the countries that have been 

introduced in Ecoinvent v2 and the red show the additional included countries. ............ 20	

Figure 11: The division into different geographical regions in Ecoinvent v 3.2. .................... 21	

Figure 12: The additional pedigree matrix to the base uncertainty. ........................................ 24	

Figure 13: Example of a Linear Regression. ........................................................................... 28	

Figure 14: The decomposition of the week 08.07 – 14.07 of hourly data of hydro in Spain. . 30	

Figure 15: Example of a cross-correlation calculation for time series data. ............................ 33	

Figure 16: The average percentual generation mix in Spain 2015. ......................................... 38	

Figure 17: The violin plots for the different years and seasons for the percentage share of 

supply for hydro and wind electricity in Spain. ................................................................ 38	

Figure 18: The violin plots for the different years and seasons for the percentage share of 

supply for nuclear and coal electricity in Spain. .............................................................. 39	

Figure 19:The box plots for the different years and daily variations for the percentage share of 

supply for hydro and gas electricity in Spain. .................................................................. 39	

Figure 20: The average percentual generation mix in France 2015.(import is removed – 

supplied less than 1% of annual share). ............................................................................ 40	

Figure 21: The violin plots for the different years and seasons for the percentage share of 

supply for nuclear and hydro electricity in France. .......................................................... 40	

Figure 22: The average percentual generation mix in United Kingdom 2015. (Oil is removed 

– supplied less than 1% of annual share). ......................................................................... 41	



  List of Illustrations 
 

 IX 

Figure 23: The comparison of violin plots and box plots for a difference in years in seasons 

and days respectively in the United Kingdom. ................................................................. 42	

Figure 24: The violin plots for the different years and seasons for the percentage share of 

supply for hard coal and nuclear electricity in the United Kingdom. ............................... 42	

Figure 25: The box plots for the different years and daily variations for the percentage share 

of supply for nuclear electricity in the United Kingdom. ................................................. 42	

Figure 26: The average percentual generation mix in Portugal 2015. (removed: tidal and oil – 

produced less than a total of 1% share). ........................................................................... 43	

Figure 27: The violin plots for the different years and seasons for the percentage share of 

supply for geothermal and oil electricity in the Portugal. ................................................ 43	

Figure 28: The violin plots for the different years and seasons for the percentage share of 

supply for wind and photo-voltaic electricity in Portugal. ............................................... 44	

Figure 29: The average percentual generation mix in Alberta/Canada 2013. ......................... 44	

Figure 30: The violin plots for the different years and seasons for the percentage share of 

supply for coal and gas electricity in Alberta/Canada. ..................................................... 45	

Figure 31: The average percentual generation mix in Finland 2014. ...................................... 45	

Figure 32: The violin plots for the different years and seasons for the percentage share of 

supply for cogeneration and hydro electricity in Finland. ................................................ 46	

Figure 33: The box plots for the different years and daily variations for the percentage share 

of supply for nuclear electricity in Finland. ..................................................................... 46	

Figure 34: The comparison of normalized distributions of coal, nuclear, gas and wind in Spain 

for all the years in percent. ............................................................................................... 50	

Figure 35: The comparison of normalized distributions of nuclear, hydro and coal in France 

for all the years. ................................................................................................................ 51	

Figure 36: The comparison of normalized distributions of nuclear, total gas and coal in the 

United Kingdom for all the years. .................................................................................... 52	

Figure 37: The comparison of normalized distributions of hard coal, gas and wind in Portugal 

for all the years. ................................................................................................................ 52	

Figure 38: The comparison of normalized distributions of gas and hydro in Alberta/Canada 

for all the years. ................................................................................................................ 53	

Figure 39: The comparison of normalized distributions of cogeneration, hydro and nuclear in 

Finland for all the years. ................................................................................................... 54	



  List of Illustrations 
 

 X 

Figure 40: The absolute percentage difference between the Ecoinvent v 2.2 but median 

adjusted by Ecoinvent v 3.2 and the Method of Moment fit of the log-normal distribution 

for the parent data. ............................................................................................................ 55	

Figure 41: A example of the Kolmogorov-Smirnov Test for the log-normal distribution. ..... 58	

Figure 42: Regular scatterplot of coal and gas for 2012 in Alberta/Canada. ........................... 59	

Figure 43: The Q-Q plot of gas and coal in Alberta/Canada for 2012. ................................... 60	

Figure 44: The residual plot for coal and gas in Alberta/Canada for 2012. ............................. 60	

Figure 45: The Cooks distance to reveal potential outliers for gas and coal in Alberta for 

2012. ................................................................................................................................. 61	

Figure 46: The scatterplot for hydro and gas with a log x-scaled axis (left) and with two log-

scaled axis (right) .............................................................................................................. 62	

Figure 47: The split scatterplots by day time for gas and hydro in Spain for all the years. .... 62	

Figure 48: The density plot of gas and hydro in Spain for all the years. ................................. 63	

Figure 49: A simple scatterplot (left) of coal and wind, and the same scatterplot with density 

plots of coal and hydro on the side. .................................................................................. 64	

Figure 50: Scatterplot of gas and wind in Spain for all the years. ........................................... 65	

Figure 51: The scatterplot of nuclear and hydro with corresponding density plots on the side 

in France for all the years. ................................................................................................ 65	

Figure 52: Scatterplot of nuclear and total gas in the United Kingdom for all the years. ....... 66	

Figure 53: The scatterplot of hard coal and geothermal (left) and the facet plot of hard coal 

and geothermal by season (right) for Portugal for all the years. ...................................... 67	

Figure 54: Scatterplot for gas and coal (left) and the scatterplot of gas and coal with density 

plots on the sides (right) for Alberta/Canada. ................................................................... 68	

Figure 55: The Scatterplot of cogeneration and imports (left) and the scatterplot with the 

density plots on the sides for cogeneration and nuclear in Finland for all the years. ....... 68	

Figure 56: The seasonal effect on the time series data of the generation mix in Spain for 

September 2012. ............................................................................................................... 72	

Figure 57: The decomposition of the time series data by season, trend and reminder for Spain 

in September 2012. ........................................................................................................... 73	

Figure 58: The lag plot of the univariate time series of wind in Spain for September 2012. .. 74	

Figure 59: The lagged regression analysis with respective correlation between wind and coal 

in Spain for September 2012. ........................................................................................... 74	

Figure 60: The seasonal effect on the time series data of the generation mix in Finland for 

September 2012. ............................................................................................................... 75	



  List of Illustrations 
 

 XI 

Figure 61: The decomposition into season, trend and remainder for nuclear and cogeneration 

in Finland September 2012. .............................................................................................. 76	

Figure 62: The lag plot of nuclear energy in Finland September 2012. .................................. 76	

Figure 63: The lagged regression of nuclear and cogeneration and the respective correlation 

for Finland September 2012. ............................................................................................ 77	

Figure 64: The seasonal effect on the time series data of the generation mix in Alberta/Canada 

for September 2012. ......................................................................................................... 77	

Figure 65: The decomposition into season, trend and the remainder for coal and gas in Alberta 

for September 2012 .......................................................................................................... 78	

Figure 66: The lag plot for gas in Alberta for September 2012. .............................................. 78	

Figure 67: The lagged regression with the respective correlation for coal and gas in Alberta 

for September 2012. ......................................................................................................... 79	

Figure 68: The ACF and PACF for coal in Spain for September 2012. .................................. 80	

Figure 69: The ARIMA model residuals of coal (top left) and wind (bottom right) and the 

preliminary cross-correlations for coal and wind with the ARIMA adjustments on the 

diagonal. ........................................................................................................................... 81	

Figure 70: The check for the residuals of the adjusted ARIMA model for coal in Spain for 

September 2012. ............................................................................................................... 81	

Figure 71: The cross-correlation between coal and wind in Spain for September 2012. ........ 82	

Figure 72: The ACF and PACF of cogeneration in Finland for September 2012. .................. 83	

Figure 73:The ARIMA model residuals of cogeneration (top left) and nuclear (bottom right) 

and the preliminary cross-correlations for cogeneration and wind with the ARIMA 

adjustments on the diagonal. ............................................................................................ 84	

Figure 74:The residual plots of the adjusted ARIMA model for cogeneration in Finland for 

September 2012. ............................................................................................................... 84	

Figure 75: The cross-correlation between cogeneration and the pre-whitened nuclear time 

series in Finland for September 2012. .............................................................................. 85	

Figure 76: The ACF and PACF for coal in Alberta for September 2012. ............................... 86	

Figure 77:The ARIMA model residuals of coal (top left) and gas (bottom right) and the 

preliminary cross-correlations for coal and gas with the ARIMA adjustments on the 

diagonal for Alberta in September 2012. .......................................................................... 86	

Figure 78: The residual plots for the fitted ARIMA model for coal in Alberta for September 

2012. ................................................................................................................................. 87	



  List of Illustrations 
 

 XII 

Figure 79: The cross-correlation between coal and the pre-whitened gas in Alberta for 

September 2012. ............................................................................................................... 87	

Figure 80: The violin plots for the ecotoxicity impact category in Spain for the normalized 

and median adjusted Ecoinvent v 2.2 and the normalized parent sample in CTU 

(Comparative Toxic Units) for 2012. ............................................................................... 93	

Figure 81: The violin plots for the ecotoxicity impact category in Finland for the normalized 

and median adjusted Ecoinvent v 2.2 and the normalized parent sample in CTU 

(Comparative Toxic Units) for 2012. ............................................................................... 94	

Figure 82: The violin plots for the global warming potential impact category in Spain for the 

normalized and median adjusted Ecoinvent v 2.2 and the normalized parent sample in 

CO2 ~eq. for 2012. ........................................................................................................... 95	

Figure 83: The different distributions of the Monte Carlo sampling on the diagonal and the 

kernel density plots on the of diagonals for Spain in 2012. ............................................. 95	

Figure 84:The violin plots for the global warming potential impact category in Finland for the 

normalized and median adjusted Ecoinvent v 2.2 and the parent sample in CO2 ~eq. for 

2012. ................................................................................................................................. 96	

Figure 85: The different distributions of the Monte Carlo sampling on the diagonal and the 

kernel density plots on the of diagonals for Finland in 2012. .......................................... 96	

Figure 86:The violin plots for the ReCiPe impact category in Spain for the normalized and 

median adjusted Ecoinvent v 2.2 and the normalized parent sample in pts (unit points) for 

2012. ................................................................................................................................. 98	

Figure 87: The violin plots for the ReCiPe impact category in Finland for the normalized and 

median adjusted Ecoinvent v 2.2 and the normalized parent sample in pts (unit points) for 

2012. ................................................................................................................................. 98	

Figure 88:Summary and conclusions of the main results ...................................................... 104	

 

 
 
 
 
 
 
 
 
 
 
 
 



  List of Tables 
 

 XIII 

List of Tables  
 
Table 1: Difference between a process, activity and product in Ecoinvent. ............................ 17	

Table 2: The underlying meaning for each quality indicator based on Huijbregts (2011). ..... 22	

Table 3: The default uncertainty factors applied together with the pedigree matrix. .............. 23	

Table 4: Summary of the sources of the data considered for the analysis. .............................. 36	

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



  List of Abbreviations and Definitions 
 

 XIV 

List of Abbreviations and Definitions 
 
Abbreviation  
 
LCA   –  Life Cycle Assessment  

LCI   –  Life Cycle Inventory  

LCIA  – Life Cycle Impact Assessment 

UPR  –  Unit Process  

MC  –  Monte Carlo  

TS   –  Time Series 

CCF  – Cross Correlation 

ACF  – Autocorrelation Function  

PACF  – Partial Autocorrelation Function  

ANOVA – Analysis of Variance  

MC  – Monte Carlo  

GWP  – Global Warming Potential  

 

Definitions – in perspective for the electricity computations in Ecoinvent  

LCA “Models the complex interaction between a product and the environment 
from cradle to grave” (Pré, 2014) 

LCI “Includes information on all the environmental inputs and outputs 
associated with a product or service” (Pré, 2014) 

LCIA Is the classification, characterization, normalization and weighting of all 
substances supplied by the LCI.  

Generation mix 
 

How the final generation mix in a geographical area breaks down by the 
primary energy source. This mixes are proportional to one another and 
show the percentage share in an energy mix.  

Violin plots Is the combination of a box plot and a doubled kernel density plot – it 
allows to visualize the data in an easy and pragmatic way 

Uncertainty “Uncertainty of the result of a measurement expressed as a standard 
deviation” (ISO, 1998; Ecoinvent, 2016)  
For the purposes of this thesis: “A set of possible states or outcomes where 
probabilities are assigned to each possible state or outcome – this also 
includes the application of a probability density function to continuous 
variables” (Davis, 2016) 

Ecoinvent v 2.2 Is a background LCI dataset for LCA, considers uncertainty for electricity 
supply mixes and has a reference year of 2004/2005. 

Ecoinvent v 3.2 Is a background LCI dataset for LCA, does not consider uncertainty for 
electricity supply mixes and has a reference year of 2012. 
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1. Introduction  
When it comes to making decisions, information is key. A way to bundle information and to 

present it to the decision maker is through modeling. Today, modeling became a basic practice 

to make good decisions, be it for forecasting or selection of alternatives. In their essence 

modeling is a tool to compare alternatives, to be more selective and filter the pros and cons. 

However, most models also bear a certain limitation, due to the fact that it is nearly impossible 

to include all the information in the world and thus has to set some boundaries.  

 

Life Cycle Assessment (LCA) “models the complex interaction between a product and the 

environment from cradle to grave” (Pré, 2014). This model includes a large variety of data, be 

it from electricity, metals, glass or any other product, and tries to evaluate the impact of this 

product on to the environment (Pré, 2014). By definition, this model requires a massive 

database, to estimate the footprint of a product. One of the background databases for LCA is 

Ecoinvent. Ecoinvent is a nonprofit organization that aims to provide reliable and transparent 

data for the LCA.  

 

When it comes to model the reality, especially for a LCA one is automatically limited by data 

availability. A way to approximate the missing data is by defining a distribution and to sample 

from it. The results of a sampled distribution include uncertainty, because the results are just 

an approximation to the real results. Uncertainty, is an important tool for modeling as it allows 

to give a range of confidence for the calculations.  

 

The electricity supply mix in Ecoinvent for example are sampled from a predefined log-normal 

distribution for almost every country in the world. The log-normal distribution is a very useful 

distribution for modeling purposes, and is often applied. In order to create a log-normal 

distribution one requires the mean and the standard deviation (uncertainty). The mean, is 

frequently available for a lot of products, but the real difficulty is sizing data on the standard 

deviation. The standard deviation is so to speak the distance away from the mean, which gives 

us the uncertainty. In Ecoinvent the standard deviation is generated by a so called Pedigree 

Matrix, which is based on expert’s judgment, and therefore may lead to subjective behavior. 

Today, good data for the electricity supply mixes are available, which allow us to compare the 

uncertainty created in Ecoinvent to the real uncertainty. Therefore, the goal of this thesis is to 

dive deeper into the concept of uncertainty for LCA and propose a different way to perform 
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uncertainty calculations and to see how the emissions into the biosphere would change by 

implementing new uncertainty for the electricity generation mixes in to Ecoinvent.  

 

1.1. Project Motivation  

Ecoinvent is a background database1 for a LCA. It provides insight of how much resources a 

product consumes during its entire lifetime (from design and construction up to when its 

recycled). Therefore, it is important to update the databases and to adjust it to new and better 

modeling techniques to better represent the actual footprint.  

Currently, there are plenty of Life Cycle Inventory (LCI) databases out there, however, 

Ecoinvent is considered the “world’s leading Life Cycle Inventory database which delivers 

both in terms of transparency and consistency” (Ecoinvent, 2016). Thus, in order sustain its 

superiority for LCA it is vital to find new and more accurate modeling approaches. 

 

1.2. Research Objective and Questions  

The main objective of this thesis is to understand the uncertainty of the log-normal distribution 

in Ecoinvent and to evaluate a new approach for modeling electricity generation mixes for 

Ecoinvent.  

The idea of this thesis is to collect high interval data (parent data) for the different generation 

mixes within one country and to compare them to the data sampled from Ecoinvent. Since these 

generation mixes in Ecoinvent are independent from one another, it would be interesting 

whether it is possible to do sampling with dependencies between them. In other words, the idea 

is to analyze the correlations between the different generation mixes within a country and to 

implement these into Ecoinvent. For this the following main research question is proposed:  

                                                
1  In a LCA one differentiates between foreground data and background data. The foreground data is data 

supplied by the analyst, for example the product requires 2 kWh of electricity. The background data is linked 
to the foreground data and “knows” the environmental impact of the product. For example, 2 kWh electricity 
in this region, corresponds to so much CO2 emissions.  

How do the uncertainties for the real electricity supply mixes in a country compare to 

Ecoinvent and can we use correlations between energy mixes to produce better uncertainty 

calculations? 
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Key questions for the different chapters will require a statistical analysis for the different 

generation mixes. The first part deals with the credibility of the log-normal distribution. Hence, 

the following questions should be covered during the first part of the thesis:  

1. How do the actual distribution functions for the different generating technologies 

look like?  

2. How different are they from our current estimates?  

3. What are the correlations between the different technologies?  

Second part focuses on assessing the correlations between the different technologies and to 

create new uncertainty scenarios through the different correlations. Thus, the second part deals 

with the following sub-questions:  

1. Can we include these correlations when performing Monte Carlo analysis when doing 

Life Cycle Assessment calculations?  

2. Do the patterns in generation change over time?  

3. Can we project future uncertainty scenarios for grid mixes?  

 

1.3. Relevance  

1.3.1. Practical Relevance  

Over the recent years more people became concerned about the environment. Sustainable and 

environmental products, gained more attention. This rethinking, away from economic 

attributes, towards a demand that is more sustainable, leads to new a market. Decision makers 

therefore have to rethink its product and adjust it to the market. However, in order for the 

decision maker to make good decisions good and relevant information is important. Therefore, 

testing the uncertainty and the credibility of the log-normal distribution (and better illustrating 

the impact of electricity mixes on the environment), may improve the decision making and 

could lead to a more sustainable and environmental considered society.  
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1.3.2.  Scientific Relevance  

The log-normal distribution is one of the most frequently used distributions for modeling 

purposes. It is an easy solution for simulating data, where data is limited or missing. Sampling 

from a distribution, brings along uncertainty. The uncertainty is a lack of knowledge and is 

indicated as a range in which a value is sampled in a certain probability interval. The core 

assumption of the thesis is that some distributions are connected or related to one another, and 

thus the aim is to include this connection for sampling. This may improve the uncertainty and 

may lead to a better approximation. This thesis only covers the correlation between electricity 

mixes, but if proven successful this could also be implemented for other products and hence, 

improving the overall uncertainty structure for LCA.  

  

1.4. Thesis Structure  

The first part of the thesis will cover a general literature review, the problem of the research 

and the corresponding methodology of this work. This includes difficulties that this thesis has 

faced and the limits/ boundaries of the thesis. In chapter four, we will have a closer look at 

Ecoinvent. This should be an insight of how Ecoinvent works and familiarize the reader with 

LCA. From there on, we will go deeper into the data structure and how the uncertainties are 

calculated. Once the basis is covered and the purpose of a LCA and Life Cycle Inventory (LCI) 

is more clear, the assumptions for the calculations and the analysis are explained. The purpose 

is to explain what data is considered in the statistical analysis. In chapter seven, we begin with 

the statistical analysis of the different energy types. It includes the descriptives, some statistical 

testing, the comparison to Ecoinvent and the analysis of the individual correlations of the 

different energy types. In chapter 8 (part two), we apply Brightway v 2 2 in order to compare 

the data from Ecoinvent to the parent data. An assumption is to apply the correlations from 

chapter 7.4, and sample from the distributions with the correlations between them. This is 

followed by explaining the results and finishing the thesis off by a conclusion and 

recommendation.  

 

                                                
2 Brightway v 2, is an advanced LCA software (https://brightwaylca.org) 



  Literature Review 
 

 5 

2. Literature Review 

For the first part of the work, the literature will focus on the LCA and Ecoinvent manuals 

provided by the International Standard Organization (ISO) 1400 and 14040. The aim of this 

part is to refresh on the concept of LCA and to describe how the Ecoinvent library works. Once, 

the basics are covered this work will go deeper in the understanding of uncertainty. Uncertainty 

is an important factor for LCA because it provides for data in situations where actual data is 

insufficient. This insufficiency may be due to multiple reasons, for example not of a high 

quality, missing or not public. However, when it comes to uncertainty scientists share a lot of 

disagreement and leave a lot of room for interpretations. As, Time Grant (2008) puts it 

“calculation[s] of uncertainty in life cycle assessment (LCA) has traditionally been difficult, 

due to a lack of available uncertainty data”. Exactly, here is the added value of this thesis and 

therefore should provide for a “better” and more updated uncertainty analysis.  

In Ecoinvent, the uncertainty calculations for electricity generation mixes is based on estimates 

of basic uncertainties and are modified by a so called “qualitative assessment of data quality”, 

the pedigree matrix (originated by Funtowicz and Ravetz in 1990 and updated by Wiedema and 

Wesnaes in 1996). However, the calculation of uncertainty through a pedigree matrix shows a 

“lack of universality”3 (Lewandowska, Foltynowicz, & Podlesny, 2004). Therefore, Ciroth 

(2013) suggests that more investigation in the uncertainty distributions as well as dependency 

structures are necessary. He underlines the importance of good uncertainty calculations and 

emphasizes that with new available resources and data, more investigation is need. Further, he 

believes that the uncertainty calculations can be updated with new available data source and 

new available technology. Additionally, Mutel (2014) indicates that the issues of further 

research in uncertainties concerning Ecoinvent “are not addressed in the literature“, and 

suggests that further research in the field of uncertainty calculations is important.  

 

                                                
3  With lack of universality the author means that the algorithm that is used for calculations are difficult to 

compare.  
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3. Problem Formulation and Methodology 

3.1. The Problem  

There are two problems the thesis addresses. The first problem is the credibility of the log-

normal distribution. The second problem is the effect of correlated sampling. 

The issue of the first problem is that Ecoinvent v 2.2 relies on a predefined log-normal 

distribution for the uncertainty calculations for all energy types of the generation mixes. The 

log-normal distribution may be a handy distribution, due to its nice properties, but may lack in 

describing the total range of uncertainty estimates for the different energy types. Uncertainty is 

simply the range that the values from a log-normal distribution can take and is associated with 

the standard deviation. Therefore, the first question is to check whether the log-normal is a good 

fit and to investigate whether the log-normal does capture the total range of uncertainty of the 

different energy types.  

The second issue is that the distributions in Ecoinvent are uncorrelated to one another, which 

may not necessarily be true. In the real world the dispatch for electricity depends on the merit 

order and the priority dispatch for some energy types. It seems logical that there is a dependency 

among the different energy types. Therefore, it is assumed that by including the correlations for 

sampling, this may improve the uncertainty in Ecoinvent.  

 

3.2.  Methodology 

The analysis is split in two interlinked parts. The first covers the analysis of the fit of the log-

normal distribution and the second the analysis of the results of the correlated sampling of the 

log-normal distribution.  

In order to evaluate the fit of the log-normal distribution, we require a statistical approach. For 

this, the first part will require high quality data from different countries. The idea is to have a 

very short time interval (less than one hour) to capture the daily and seasonal effects of the 

generation mixes. From there on, the different histograms are compared to the distributions 

from Ecoinvent. In order to do so, the mu (arithmetic mean) and sigma (standard deviation), 

can be extracted from the LCI and a hypothetical log-normal distribution can be created. This 

hypothetical distribution is then compared to the real distribution. Additionally, the “Method 

of Moments” is applied, to approximate the real distribution for the log-normal distribution. 
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This helps to understand the differences between the log-normal distribution and the real 

distribution. In order to evaluate the difference or similarity between the distributions the 

“Goodness-of-Fit” test is applied. It is helpful to investigate whether the log-normal distribution 

is indeed a good or bad fit for the real distributions. 

For analyzing the relationship between the different energy types, a linear regression model is 

applied. From the regression model, the different correlations between all the energy types can 

be extracted. At this point we do not really care about the conditions of the test, because in 

order to fit the conditions too much information has to be dropped and even some energy 

sources. However, the linear regression model may not be the most perfect model, due to the 

time series data type and therefore a transfer function model is also suggested. The issue with 

the transfer function model is that it may not give us any significant values due to the large data 

frame. Therefore, for the second part we only rely on the results retrieved from the linear 

regression model.  

In the second part of the thesis, the correlations from the linear regression model between the 

energy types are implemented in Brightway V 2 (an LCA platform). The purpose is to link the 

different distributions (as they are implemented in Ecoinvent v 2.2) by the correlations and 

sample from these correlated distributions by the Monte Carlo random sampler (this is done by 

the Cholesky decomposition method). The idea is to demonstrate, with real code, how one could 

introduce Monte Carlo sampling while including the correlations and how the uncertainties for 

impact categories (means of comparison in a LCA) would change. Therefore, the uncertainties 

from the Monte Carlo sampling are then compared to the uncertainties from the original 

distribution.  

In hindsight, including the correlation into Brightway v 2 was not possible and thus in order to 

produce uncertainty data, we simply sampled from the real data. This allowed us to compare 

the uncertainty sampled from the real data (the distributions) and the samples in Ecoinvent, and 

gave us the desired result. However, the intentional approach is still followed through in order 

to statistically investigate whether the log-normal distribution is a good fit and whether the 

energy types are correlated amongst each other.  
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3.3. Thesis Boundary  

There are some limitations to the proposed approach and thus this chapter covers potential 

limitations step by step.  

First of all, the data collection. In this work, the focus is primarily on high quality and high 

interval data of at least one hour. This is a very high resolution and may exclude other data sets. 

For our analysis, the high resolution is very important since it may outline structures that are 

not covered by daily data for example. Another issue that may be tricky, is the adjustment to fit 

the data to Ecoinvent. Ecoinvent maintains a detailed list of all energy types, but in some 

occasions the energy types are not the same or are not present4. Another limitation is that some 

data sets have a cluster of different energy types, because the individual share is so few. For 

example, the energy type “renewable resources”, which may include biomass, photovoltaic 

and/or cogeneration. Therefore, some energy types had to be approximated by the available 

data in Ecoinvent.  

Limitations for statistical testing. For the linear regression analysis, no environmental factors 

such as weather are considered, which drive the demand. However, for the thesis we are more 

interested on the relationships between the energy types and not on the demand, and therefore 

do not take environmental influences directly into account. Another assumption for the linear 

regression is that only bivariate relationships are analyzed. This means that multi-colinearity5 

is not considered, since it would considerably reduce the individual correlations. Also 

correlations between countries are not considered. It may be a reasonable assumption since the 

electricity network is heavily intertwined and is governed by the so called „Kirchhoff Laws“, 

to stabilize the network.  

Additionally, all the collected data is considered for the linear regression, because we would 

like to capture the entire information between the different energy types. This in turn may sound 

a bit controversial because this may produce outliers (rare incidences in the data). In general 

outliers are a fuzzy term, since they are rare points of information. However, these observations 

are real and thus can not be easily erased. Due to this assumption, this may cause issues with 

the linear regression conditions. The conditions are difficult to achieve with all the datasets and 

                                                
4  This is especially the case for the difference in Ecoinvent v 2.2 and v 3.2. In v 3.2 some countries have a 

regionalized patter, which is not the case for Ecoinvent v 2.2. This is an issue since both versions are applied 
and they can differ from one another.  

5  Multi-Colinearity: Linear Regression on a dependent variable with more than one independent variable.  
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one would have to remove a lot of information of the datasets, in order to satisfy them. 

Therefore, we do not explicitly take them into account.  

For the time series analysis, the resolution of the data may be too big. This can result in 

distorting the analysis since it would be difficult to capture the seasonal effect. Therefore, the 

time steps are clustered to hourly values. This would make sense, since the day-ahead-market 

manages the daily dispatch for every hour. Another issue with the total amount of the data. The 

problem is that, an analysis of all the time series relation with all the different energy types 

would result over 200 individual correlation analysis. Therefore, the transfer function model is 

coded into a generic function and applies to all relationships in one dataset, in order to partially 

compare the results from the cross correlation to the linear correlation.  
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4. Introduction to Life Cycle Assessment  

The LCA framework is a tool that allows to quantify the total amount of resources that a product 

or service consumes throughout its lifetime. It includes the design, the manufacture, the use and 

recycling the product. This approach is also known as the “cradle-to-grave” approach 

(Ecoinvent, 2016).  

This work, will focus on the Ecoinvent background database, due to two reasons. The Paul 

Scherrer Institute is directly affiliated to the Ecoinvent and is considered the largest and one of 

the most transparent datasets (Ecoinvent, 2016).  

The purpose of Ecoinvent is to supply Life Cycle Inventory (LCI) background data to support 

assessment of the environmental and socio-economic impact of decisions (Weidema, et al., 

2013). At this point it, is important to note that we consider Ecoinvent v 2.2 and v 3.2. The 

reason is that only the Ecoinvent v 2.2 database considers uncertainty for the electricity 

generation mixes but has a reference year of 2004/2005. On the other hand, Ecoinvent v 3.2 

applies a reference year of 2012 and therefore could complement Ecoinvent v 2.2 with more 

up-to-date data.  

This chapter is a general introduction to the LCA framework and thus covers the foundation of 

this analysis. For this, we look at the goal and the recent developments of Ecoinvent. Then we 

explain and describe the general idea of a LCA and the concept behind it. We then describe 

how the uncertainty of electricity generation mixes is stored in Ecoinvent and how Ecoinvent 

v 2.2 and v 3.2 differ from one another.  

 

4.1. Goal of the Ecoinvent Project 

The goal of the Ecoinvent project is to provide for a rich and high quality LCI dataset from a 

variety of areas (Frischknecht, et al., 2007a; Ecoinvent, 2016). The aim is to allow for a 

transparent and easy way to perform a LCA with an increased credibility and acceptance. Thus, 

easy access and a user-friendly design is a prerequisite to establish a LCA as a reliable tool for 

environmental assessment that will support an integrated product policy (Frischknecht, et al., 

2007a).  
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4.2. History to Ecoinvent  

The Ecoinvent database was developed by the Swiss Centre for Life Cycle Inventories and first 

appeared in 1999 (Ecoinvent Centre, 2016). Before 1999 different databases for LCA existed 

from five different institutes (Swiss Federal Institutes of Technology Zürich and Lausanne, Paul 

Scherrer Institute, Swiss Federal Laboratories for Materials Science and Technology, and 

Agroscope), which covered different or even the same domain of an economic sectors 6. Hence, 

Ecoinvent was created by all the five institutes to provide for a compilation of harmonized data 

for all economic sectors (Ecoinvent Centre, 2016). From then on, the database grew bigger and 

extended its database beyond the Swiss boarders. As a result by 2007, the Ecoinvent database 

had become the most used LCI worldwide (Ecoinvent Centre, 2016).  

In 2013 Ecoinvent has become an independent and a non for profit organization. The reasons 

for restructuring was to allow Ecoinvent to be more flexible and faster in its decision making 

process (Ecoinvent Centre, 2016). The latest version of Ecoinvent was v 3.2, which appeared 

on the 20th November 2015.  

 

4.3. Methodology of LCA 

A LCA is applied as a decision support tool for selecting between different alternatives 

(Turconi, Boldrin, & Astrup, 2013). It is considered as a powerful tool because it systematically 

addresses the environmental aspects of a product, from the acquisition of raw materials up until 

to final disposal. The complete cycle of a LCA is shown in the following figure.  

 

Figure 1: Phases of Life Cycle Assessment. 

 

                                                
6  An economic sector can be understood as the “division of a countries population based upon the economic area 

in which the population is based upon” (Business Dictionary, 2016).  
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In order to conduct a LCA it is important to have a comprehensive and trustworthy database. 

And here is where Ecoinvent adds on. The Ecoinvent dataset comes in handy as it is a core 

piece for the LCA. A LCA is not a straight forward process and despite the efforts of 

standardizing by the International Organization for Standardized (ISO) in 2006, performing a 

LCA still remains a difficult task. This may lead to misuse and false interpretations 

(Frischknecht, et al., 2007a). Therefore, it is essential to be precise and coherent with the steps 

when preforming a LCA.  

A typical LCA is performed in four steps: 1) Goal and scope definition 2) Inventory analysis 

3) Impact assessment and 4) Interpretation. These steps are interrelated and illustrated in figure 

2.  

 

Figure 2: The Phases of a life cycle assessment framework and its direct applications. 

Each of block in figure 2 follows the standardized framework defined by the ISO 1400 and 

14040. It is important to understand each of the blocks in order to avoid misuse and 

misinformation.  

Goal and Scope: The goal defines the aim of the intended application whereas the scope 

includes the method and impact categories (categories for example like; air, resources, soil etc., 

and their corresponding subcategories; low population density, high population density etc.) as 

the functional units (e.g.: kg, a, m3 etc.), and the system boundaries. In other words, the scope 

and the goal are not the same. The goal is defined as the target and the scope how the target is 

achieved.  

Inventory Analysis (LCI): The inventory includes calculations and the allocation of the data. 

This is where Ecoinvent comes into play. One usually distinguishes between two types of data: 

1) Primary (foreground) data that is supplied by the conductor (industry etc.) of the LCA.  

Example: If one would require 2 kWh for producing a certain product in a certain region.  
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2) Background data or secondary data that comes from databases such as Ecoinvent.  

Example: Ecoinvent would know that in that region if one would require 2 kWh of energy, 

it would be associated to so much CO2, CH4 and many other emissions. Individually linking 

all the corresponding emissions is rather exhaustive and thus Ecoinvent does this for the 

modeler.  

However, when it comes to performing a LCA, one distinguishes between two main modeling 

frameworks. This is the attributional and the consequential modeling framework. Both models 

are recognized by the LCA society but are subject to disputes, because little agreement can be 

achieved when which model is better in certain situations. The attributional LCA focuses on 

describing the environmental relevant physical flows to and from a product or process, while 

consequential assessment describes how relevant environmental flows7 will change in response 

to possible decisions (Finnveden, et al., 2009; Eco-Efficiency Action Project, 2010). The 

attributional LCA uses average data (i.e. data that represents the average environmental burden 

for producing a unit of the good or the service in the system). Whereas the consequential LCA 

on the other hand uses marginal data, representing the effects of a small change in the output 

of goods and/or service (Finnveden, et al., 2009; Eco-Efficiency Action Project, 2010). A direct 

comparison between the attributional and the consequential LCA is given in the Annex A.  

Impact assessment (LCIA): In this step the inventory is checked for any environmental impact. 

Nevertheless, the impact can be very different dependent on the areas one would like to 

investigate in. Hence, the Life Cycle Impact Assessment (LCIA) has a rich base for impact 

indicators. A well known example is the “global warming potential”, which shows the potential 

of a product to influence the global average temperature. Besides the global warming potential 

many other indicators exist and to determine which aspects should be investigated has to be 

defined during the goal and scope step.  

Interpretation: The interpretation seems to be the last step in the LCA framework, but a good 

LCA requires an iterative process to find the optimal solution. If one finds the “best” solution 

after multiple iterations the results have to presented to the decision maker. The results have to 

be presented understandably for the decision makers and without biases (Hauschild, Olsen, & 

Schmidt, 2009). Under any circumstances the interpretations must contain the ISO 14040 

requirements, which are: 1) Identification of significant issues 2) Evaluation and 3) 

                                                
7  A flow is a common term in the LCA and represents pollutants and resources that move between the 

technosphere and the biosphere.  
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Conclusions, limitations and recommendations (European Comission, Joint Research Centre, 

& Institute for Environment and Sustainability, 2010) .  

Going back to the purpose of Ecoinvent. Ecoinvent is a huge background LCI and so to speak 

the heart of a good LCA, because it provides transparent and high quality data. Good data is 

essential for a good result, as among researchers the phrase “garbage in, garbage out” is very 

popular. Therefore, it is important to understand how Ecoinvent is constructed and how the data 

is intertwined.  

 

4.4. The Ecoinvent Database 

The structure of the Ecoinvent database changed considerably from the Ecoinvent v 2.2 to v 

3.2. It is thus important to differentiate between them. A mayor change is that Ecoinvent v 3.2 

does not contain uncertainty for the generation mixes, whereas Ecoinvent v 2.2 does. This 

change has a major impact on the later analysis and it is important to have a clear separation 

among them. A complete summary of the comparison between both datasets is given in the 

annex B.  

 

4.4.1. Ecoinvent v 2.2  

Ecoinvent v 2 was released in 2007. The update to Ecoinvent v 2.2 followed in 2010, and 

included new data for the generation mixes. Figure 3, points out the relevant terminology of the 

Ecoinvent database and the structure how the data is linked.  

 

Figure 3: The design of the Ecoinvent database v 2.2. 
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Ecoinvent is a LCI that describes the total amount of resources consumed by the product in the 

technosphere. Hence, the technosphere can be understood as anything that is modified or 

transformed by the human being. The biosphere in other words is the nature/ecosystem8. 

However, it is important to understand that the technosphere always moves within the 

biosphere. Every activity that has an impact onto this biosphere is registered and is defined as 

an “elementary flow” (shown as the number two in figure 3). This should not be confused with 

the general term of “flow”, which describes the exchanges between unit processes (UPR). A 

flow is the in- and output between the activities and are added up until the product “leaves” the 

LCI. In principal the Ecoinvent database can be seen as individual building blocks of UPR, 

which is the smallest element in the LCI and are the “individual unit processes of human 

activities and their exchanges with the environment” (Ecoinvent, 2016). Zooming into the UPR, 

one further distinguishes between the different flows, as illustrated in figure 4 below.  

 

Figure 4: Unit process structure of Ecoinvent v 2.2. 

Figure 4 shows the different in- and outputs to and from an activity. An activity is the 

information that is added to a reference product, whereas the reference product is the stored 

information of all the activities in every UPR (Frischknecht, et al., 2007a). The activity and the 

reference product are linked together, since the information of an activity may only be provided 

by one singular supplier. In other words, only one company or one factory is able to supply 

information for the reference product. An example would be, imagine you would need sand for 

constructing a house, this sand can only be supplied by one company and not two or more 

companies.  

The activity has several inputs and outputs. An input for the activity can be information from 

the environment and/or the technosphere9. For example, a resource extracted from the biosphere 

                                                
8  In general, it is difficult to define nature and many scientists can not come to a common conclusion.  
9  This is also known as the intermediate flow, which is defined by the ISO (2006) as “product, material or energy 

flow occurring between unit processes of the product system being studied”  
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could be, coal and gas and an example for the technosphere could be biomass (electricity from 

waste products). Outputs of the activity are usually the reference product, the by-product or 

waste and the elementary exchange. The reference product (also called reference flow) is the 

“measure of the needed outputs from processes in a given product system required to fulfill the 

function expressed by the functional unit” (Frischknecht, et al., 2007a; ISO, 2006). The 

functional unit, on the other hand, is defined as “quantified performance of a product system 

for use as a reference unit” (ISO, 2006). The by-product and the elementary exchange are 

separated from one another, because they assume different information. The by-product 

assumes that the resources, which are not used for the further calculations may be an input for 

another activity (for example gypsum in coal firing power plants). This means that this waste 

is reusable/recycled. The elementary exchange that flows to the environment is the actual 

pollution/ or environmental impact.  

Each unit process therefore contains the information and computations that add up to determine 

the total environmental impact of the product. The information, for the generation mixes, are 

based on the average annual production mixes with a reference year 2004/2005.  

 

4.4.2. Ecoinvent v 3.2 

Ecoinvent v 3.2 bears almost the same structure as Ecoinvent v 2.2 but has two big changes 

concerning the computations of the flows. First, markets have been introduced and second, the 

UPR have changed by separating the activity and the product. The general structure of 

Ecoinvent v 3.2 is shown blow in figure 5.  

 

Figure 5: The Data structure in Ecoinvent (Ecoinvent, 2016a).  

Figure 5 exhibits some similar features to the Ecoinvent v 2.2 database with the exception for 

the markets (M). The markets are located between the UPR and are connected to each activity. 
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What is not visible from the above figure are the changes in the UPR itself. The modification 

of the unit process is illustrated in figure 6.  

 

Figure 6: The unit process structure for the Ecoinvent v 3.2 database. 

Different from the Ecoinvent v 2.2 database, the new version distinguishes between the activity 

and the product. Before, the process included a combination of the product and the activity. 

Therefore, the process included the information of the activity and where that information came 

from. This becomes clearer with an example:  

Let’s say we would like to produce electricity from a hydro pumped storage. Then the 

information would look something like this.  

Table 1: Difference between a process, activity and product in Ecoinvent. 

Ecoinvent v 2.2 Process = Electricity, hydropower at pumped storage power plant 

Ecoinvent v 3.2 Activity = Electricity production, hydro pumped 
storage Product = Electricity, High voltage 

 

 

Figure 7: The direct comparison of the changes in Ecoinvent v 2.2 compared to Ecoinvent v 3.2 (Moreno Ruiz, et al., 2013). 

The reason why Ecoinvent v 3.2 distinguishes between the activity and the product was to 

introduce the markets. The good thing about markets is that they allow to seize products from 

multiple activities. This is a big difference compared to the Ecoinvent v 2.2 database, because 

now a reference product can be a mix of many products from different activities. Figure 8 

illustrates the modelling procedure that occurs in a market.  
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Figure 8: The market structure for the inputs and outputs of activities in the unit processes. 

In principal the market has many inputs from different products that in turn result from different 

activities. These products may be the same product or complementary products (Moreno Ruiz, 

et al., 2013). The market then combines all input products to an output reference product and 

waste. This means that the market balances the inputs and outputs. For the electricity market, 

this means that there is a predefined average annual generation mix for every country and that 

there is no uncertainty involved (Treyer & Bauer, 2013). Therefore, this analysis also includes 

the Ecoinvent v 2.2 database as it contains the uncertainty.  

 
4.5. Electricity Generation mixes in Ecoinvent  

As already explained in the previous chapters, Ecoinvent v 3.2 does not consider uncertainty 

for the generation mixes and therefore the uncertainty calculations are based on Ecoinvent v 

2.2.  

The electricity mixes are based on the annual production volumes of the individual electricity 

generation technologies in each geographic region. They are based on the average annual 

production and are defined as gross and net electricity production10. In Ecoinvent v 3.2 these 

annual production volumes are in proportion to one another and the electricity is fed into the 

grid at high, medium or low voltage levels (Treyer & Bauer, 2013). Since, the mean annual 

production volumes are considered, both databases do not consider any daily and seasonal 

fluctuations. The reference year, from which the annual productions are specified is 2004/2005 

for Ecoinvent v 2.2 and 2012 for Ecoinvent 3.2 (Treyer & Bauer, 2013). The reference year is 

usually updated every two years.  

                                                
10  The net electricity production is defined by the IEA (2010) and only considers the electricity that is leaving a 

power plant and not the electricity that is additionally consumed by the power plant (Treyer & Bauer, 2013). 
This net electricity production is measured at the busbars and therefor should exclude the electricity consumed 
by the power plant.  
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Ecoinvent differentiates between two distinct ways to compute the total electricity mix for a 

geographical region. This is the production mix and the supply mix. First of all, Ecoinvent treats 

the electricity data as regional data and not as global data, which basically means that electricity 

can not be traded on a global scale. This is important for the supply mixes, because it includes 

the total imports of the neighboring countries to the geographical region considering the unique 

electricity profile of the neighboring country. The production mix, only considers electricity 

from its own geographical region. The distinction is illustrated in figure 9.  

 

   Supply Mix      Production Mix 

 

Figure 9: The difference between supply mixes and production mixes in Ecoinvent. This is an example and does not 
represent the actual electricity mixes for Spain. 

The supply mix is defined as “a production mix with the addition of the import of the specified 

product to the specific geographic region” (Treyer & Bauer, 2013). Whereas a production mix 

is defined as “the production volume weighted average of the suppliers of a specific product 

within a specific geographic region” (Treyer & Bauer, 2013). Due to lack of data, this work 

will apply the production mix for the analysis, despite the fact that supply mixes apply more to 

reality and are more precise (Treyer & Bauer, 2013)11. The formula how a supply mix is 

calculated is shown below:  
ESM = Electricity Market = DP + I – TTL  

ESM  = Electricity Supply Mix  
DP  = Domestic Production Mix  
I  = Imports from markets from neighbor countries  

                                                
11  Further, Treyer and Bauer (2013), indicate that the database of Ecoinvent v 2.2 and Ecoinvent v 3.2 can not be 

directly compared because the Ecoinvent v 2.2 database includes the transmission infrastructure and associated 
emissions, while Ecoinvent v 3.2 shows the pure composition of the mix for the corresponding generation 
technologies. Additionally, the composition of the production mix and the supply mic can be significant, and 
could change the total emission profile of a product (Treyer & Bauer, 2013).  
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TTL  = Transformation and Transmission Losses (not considered in Ecoinvent v 2.2 (Itten, 
Frischknecht, & Stucki, 2014)) (39% losses for high voltage; 13% on medium voltage; 48% on 
low voltage) 
 
It is important to note that the imports do not differentiate between the individual energy types 

as in the supply mix. The reason why Ecoinvent does not explicitly consider exports but imports 

is that all imports have to equal all exports. And therefore the exports are by definition taken 

into account.  

Electricity can be transported in three interlinked voltage levels; the high (above 24 kV), 

medium (between 1 and 24 kV) and low voltage (below 1kV) level. In Ecoinvent v 3.2, most 

electricity producing activities are assumed to generate electricity at the high voltage level. 

Photovoltaics are usually modelled at the medium voltage level, since it mostly contributes to 

the distribution network. Imports, on the other hand, are exclusively modelled on the high 

voltage level (Itten, Frischknecht, & Stucki, 2014). However, as Treyer and Bauer (2013) 

indicate it is difficult to find proper data concerning the differences and thus modelling the 

medium and low voltage levels are performed from the top down approach. In other words, the 

higher voltage level feeds the lower voltage level. This in turn may raise the transformation and 

transmission losses as well as the emissions (Treyer & Bauer, 2013).  

Currently, the Ecoinvent database has approximately 50 countries in their new Ecoinvent v 3.2 

database and covers roughly 83% of the worldwide electricity production (Ecoinvent, 2016). 

The countries that are included in the database is illustrated in the following figure 10.  

 

Figure 10: The Ecoinvent data coverage. The blue shows the countries that have been introduced in Ecoinvent v2 and the red 
show the additional included countries. 

Some of the countries are again divided into different geographical regions, due to their large 

size and their differences within the country. For example, United States of America is divided 

into multiple unique regions based on their individual profile. In total Ecoinvent v 3.2 has 71 
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geographical regions included in the data. An example of how the region is split is given in 

figure 11 below.  

 

Figure 11: The division into different geographical regions in Ecoinvent v 3.2. 

 

4.5.1. Uncertainty for the Electricity Mixes 

Uncertainty is an important concept in the LCA, as it provides information where data or 

information is missing (Treyer and Bauer, 2013; Ciroth et. al., 2013; Frischknecht et. al., 2007). 

For this, uncertainty can be defined as “simply a lack of certainty“ (Ciroth, Muller, Weidema, 

& Lesage, 2013). The concept of uncertainty is well known in modeling, because in most cases 

it is practically impossible to pin point or predict the reality.  

In Ecoinvent uncertainty is generated for every UPR in the LCI. This means each input and 

output of the unit process contains a fundamental uncertainty, because only annual means are 

the inputs and outputs (Frischknecht, et al., 2007a). The uncertainty calculations for the 

electricity generation mixes come from a log-normal distribution. The log-normal is a very 

useful distribution and is discussed in the following chapters.  

Up to now, this work has discussed the input data (annual means) and the type of distribution 

assumed (log-normal) for the underlying uncertainties. Now, we will dive deeper into the 

concept of statistical uncertainty12. The statistical uncertainty is compromised out of two 

methods the qualitative13 and the quantitative14 method.  

 

                                                
12  Statistical Uncertainty, is any uncertainty which can be characterized in probabilities (Warmink , Janssen, 

Booij, & Krol, 2010) 
13  Qualitative, can be described as exploratory research and to gain an insight into the problem.  
14  Quantitative, can be described to quantify the problem. This helps to generate numerical data or data that can 

be transformed into usable statistics (Wyse, 2011).  
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4.5.2. The Pedigree Matrix  

The qualitative uncertainty applied in Ecoinvent is by the pedigree matrix (Huijbregts, 2011; 

Frischknecht et. al. 2007a). The pedigree matrix has been defined by Pedersen, Wiedema and 

Wesnaes in 1996 and is a handy tool that allows to quantify uncertainty on a scale for inputs 

and/or outputs that can not be derived from available information (Frischknecht, et al., 2007a; 

Ciroth, Muller, Weidema, & Lesage, 2013). So, the pedigree matrix evaluates the source of the 

data by six different categories, also known as quality indicators, illustrated in Table 2 

(Huijbregts, 2011; Frischknecht, et. al., 2007a).  

Table 2: The underlying meaning for each quality indicator based on Huijbregts (2011). 

Quality indicator Meaning 

Reliability Relates to the sources, acquisition methods and verification procedures 
used to obtain the data 

Completeness Relates to the statistical properties of the data (how representative is the 
sample 

Temporal  Represents the time correlation between the year of the study and the year 
of the obtained data 

Geographical  Illustrates the geographical correlation between the defined area and the 
obtained data 

Technological  is concerned with all the other aspects of correlation than the temporal 
and geographical considerations 

Basic 
Uncertainty* 

This a principal uncertainty assigned to the inputs and outputs 
considered. Every flow has a 

* The Basic uncertainty is assumed by expert’s judgments is is the default uncertainty factor 

 

The basic uncertainty stings out from the other five uncertainty factors, because it assumes a 

default uncertainty. The total assumed basic uncertainty is included in the annex D. Each of the 

quality indicators is again divided into five quality levels with a score from 1 to 5. Hence, one 

assigns a number to the quality of the data according to the quality indicator. This scaling and 

coupling allows to convert the qualitative uncertainty into uncertainty factor estimates 

(Frischknecht, et al., 2005; Huijbregts, 2011). The complete Pedigree matrix is illustrated in 

annex E.  

The total uncertainty factor (the squared geometric standard deviation), is a combination of all 

the six quality indicators. All these individual quality indicators are based on expert judgment. 



  Introduction to Life Cycle Assessment 
 

 23 

The total uncertainty factor, expressed as the 95% confidence interval, SDg95 (the square of the 

geometric standard deviation15), is calculated using the formula shown below:  

!"#$% = '#
( = )*+ [-.	(12)]

56[-.	(15)]
56[-.	(17)]

56[-.	(18)]
56[-.	(19)]

56[-.	(1:)]
56[-.	(1;)]

5 

U1 = Uncertainty factor of reliability  
U2 = Uncertainty factor of completeness 
U3 = Uncertainty factor of temporal correlation  
U4 = Uncertainty factor of geographic correlation 
U5 = Uncertainty factor of other technological correlation 
U6 = Uncertainty factor of sample size 
Ub = basic uncertainty factor 
 
The base uncertainty or the default uncertainty factors are illustrated in table 3.  

Table 3: The default uncertainty factors applied together with the pedigree matrix. 

Indicator Score 1 2 3 4 5 
Reliability 1.00 1.05 1.10 1.20 1.50 
Completeness 1.00 1.02 1.05 1.10 1.20 
Temporal correlation 1.00 1.03 1.10 1.20 1.50 
Geographical correlation 1.00 1.01 1.02  1.10 
Further technological correlation 1.00  1.20 1.50 2.00 
Sample size  1.00 1.02 1.05 1.10 1.20 

 
 
4.5.3. The Advantages of the Log-Normal Distribution 

Together, from the mean (<) and the standard deviation ('), the log-normal distribution can be 

drawn for the random variable (*) by the following probability density function: 

= * = 	
>

(?@A
)*+

(B	
[CD E FG]5

5H5
)
		, * ∈ (0,∞)   

The reason why log-normal is applied is due to its nice properties. First of all, when the log-

normal distribution is applied then the random variable * may be transformed into a normal16 

distribution: M = log	(Q) (the natural logarithm of the random variable). Hence, the lognormal 

distribution is a small variation of the normal distribution (Mutel, 2013). Secondly, the log-

normal distribution does not take negative numbers into account (asymmetric and positively 

skewed) and has the minimum zero (shown in the properties, next to the formula above). When 

                                                
15 Also known as the variance in statistics.  
16   The normal distribution is a very famous distribution and it appears to be symmetric, other than the log-normal 

distribution. It, thus, comes more natural as and is therefore easier to handle. It is also called the bells-shaped 
Gauss-curve and includes the Central-Limit-Theorem.  
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multiplying two independent log-normally distributed datasets (the base uncertainty and the 

uncertainty with the applied pedigree matrix), the data sets are added to each other without 

shifting the median but increasing the standard deviation:  

RS M = RS Q ∙ U = RS Q + 	RS	(U)  

)WX = 	 )WE6WY = )WE ∙ )WY 

 

Figure 12: The additional pedigree matrix to the base uncertainty. 

This is a very useful property and makes it easier to work with (Mutel, 2013). Additionally, 

there is some evidence that the log-normal distribution appears to be more frequent in natural 

phenomena (Limpert, Stahel, & ABBT, 2001).  

A downside is that the range of the log-normal can take infinite values into account, which in 

very rare cases can produce abnormal high electricity values. Another disadvantage is that the 

right-hand side is skewed. This means that the average is always greater than its median value 

(Mutel, 2014). The issue is that Ecoinvent v 2.2 uses the median values and instead of the mean 

values for computations, which makes the LCA more conservative. In other words, in 

Ecoinvent one applies the geometric mean17 (<#Z[ = )W), because of the multiplicative 

behavior of the log-normal distribution. Since the median for a log-normal distribution is 

defined as )W, Ecoinvent applies the median instead of the arithmetic mean and hence may 

provide for a difference in the results.  

 

4.5.4. Monte-Carlo Randomized Sampling  

The Monte-Carlo is a randomizer that uses repeated sampling to generate simulated data to be 

applied in the statistical model (Frost, 2015). This simulation of the data is estimated on each 

                                                
17 It applies the geometric mean because it usually has a better central tendency for long-tailed distributions 

compared to the mean (GraphPad, 2016). 

Most likely values 

Higher Uncertainty 
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of the UPR levels for Ecoinvent and considers that each UPR is independent from one another 

(Frischknecht, et al., 2007a). Hence, the Monte-Carlo simulates a sample from the log-normal 

distribution (the probability density function), the generation mixes in each UPR.  
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5. Methodology of the Statistical Concepts  
 
5.1. Input Data  

The input data is structured as cross-sectional data and time series data. Both data structures are 

different from one another but are not mutually exclusive. Each data type exhibits different 

characteristics, which are important to distinguish from, and underlie different statistical 

assumptions.  

Cross-sectional data, frequently used in surveys to generate a sample from a population, 

assumes that the data derives from the same period of time (Biorn, 2013). Hence, it includes 

many variables that are generated at the same time. For the linear regression analysis, we will 

assume that the observations are sampled at the same time.  

Time Series data on the other hand, follows the changes of a single variable over time (Biorn, 

2013). It captures the changes of the variable over time. This type of data is assumed for the 

time series analysis.  

When it comes to electricity generation one usually categorizes electricity as time series data, 

but both data structures bear their advantages and disadvantages. The major advantage of the 

cross-sectional data is the easy handling and simplicity. A drawback is the time dependency of 

the variables, which has an impact on the test conditions for the linear regression analysis. Time 

series data, on the other hand, is subject to biases and more advanced statistics, which is usually 

applied in the field of econometrics. The advantages of this structure is that it considers the 

evolution of the data over time. Because of their individual advantages and disadvantages the 

statistical analysis, includes both data structures.  

 

5.2.  Linear Regression and Correlation Analysis 

The aim of linear regression is to detect a linear relationship between variables18. For this one 

choses a variable which one would like to predict, also called the dependent variable. On the 

other hand, one selects variables that should predict the dependent variable, the so called 

                                                
18  This is a very brief introduction to regression analysis and if one lacks on the necessary background I 

recommend the following reading: http://people.duke.edu/~rnau/regintro.htm 
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independent variables (Nau, 2014). Hence, the following equation illustrates the described 

relationship:  

U\ = 	][ +	]>Q>\ + ^ 

U\  = The dependent variable  
][ = The intercept or coefficients 
]> = Slope of the line  
Q>\  = The independent variable  
^  = Error 
 

The above function shows a linear relationship between the dependent and the independent 

variable. The intercept (][) represents the predicted value of the dependent variable when the 

independent variable is considered zero. The slope (]>) shows the increase in the dependent 

variable with an increase in the independent variable. The error term is a bit more complicated 

and is an important part for the linear regression. For each observation there is a explained part 

of the model (][ +	]>Q>\), also called regression line, and a random error (_)19. The error is 

the difference between the estimated regression line and the measured value yi and also known 

as the residual. The aim of the regression model is to find a line that has the smallest squared 

distance to all data points. The method is known as the least squares method.  

The purpose of the least squares method is to find a pair of ][ and ]> that minimizes the sum 

of the squared residuals. In other words, it squares the individual error terms and allocates a 

line in which the summed distances of all errors are minimized.  

^`
( = (a` −	cd − c>*`)

(

e

`f>

e

`f>

 

It can be proven that the least squares estimators are:  

c> =
(a` − a)(*` − *)

e
`f>

(*` − *)
(e

`f>

 

and  

cd = a − c>* 

* = Average of the x observations  

                                                
19  The error term may be misinterpreted in the sense of a mistake, but I would like to emphasize that the error 

term is the mere difference between an observation and the line, and has an influence on the underlying straight 
line. 
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a = Average of the y observations  

 

It is important to note that from the first equation the independent variable and the intercept is 

not known and thus no forecast can be made. This is the reason why from estimates, c>and cd 

are obtained. These estimates thus illustrate the previously explained regression line. The 

reason why a linear relationship is assumed is due to the following points:  

1. It is the simplest relationship one can have between at least two variables  

2. If a relationship between the variables are real, the variables often or at least 

approximately have linear pattern over a range of values.  

3. If no linear pattern can be observed on the first sight, the variables may be transformed 

to create linear relationships.  

 
For later analysis, we are especially interested how much an independent variable is able to 

explain the dependent variable. This should somewhat give us an idea whether there is a 

relationship between two variables. In order to do so, the linear regression model provides for 

the predicted values (a), which are compared to the observed values (a). The squared difference 

between both, therefore describes the fit of the linear model. Additionally, the observed and the 

predict values are compared to the sample mean (a). All three relationships are shown in the 

formula and figure below:  

 

Figure 13: Example of a Linear Regression. 

In other words, one can say that the total variance of a dependent variable consists of two parts. 

The SSR (Sum of Squared Residuals) the explained part and the SSE (Sum of Squared Errors) 

unexplained part. Therefore, the ratio of the explained over the total sum of squares yields the 

coefficient of determination (how much the variance of the total coefficients can be explained). 

g( =
(a` − a)

(.
`f>

(a` − a)
(.

`f>

 



  Methodology of the Statistical Concepts 
 

 29 

Taking the square root of g( (explained variance) yields the Pearson’s correlation coefficient. 

The maximum correlations between two energy types is 1 and -1, where a correlation value 

closer to zero reveals a fewer correlation. There are different techniques for measuring the 

correlation coefficient, the Spearman’s rank, the Pearson’s correlation coefficient and the 

Kendall correlation coefficient. Normally the Spearman’s rank and the Kendall correlation 

coefficient reveal higher correlations compared to the Pearson’s correlation coefficient, because 

they are non-parametric tests. For this reason, the later correlation analysis is based on the 

Spearman’s correlation (not explained in this work). A rule of thumb whether there is 

significant correlation is when the correlation is higher or lower than 2 S, where S is the 

sample size.  

	
5.3.  Time Series Analysis  

The concept of time series analysis is a bit more complicated compared to the linear regression 

model and requires a lot of detail to fully grasp the idea. For this reason, this paper will describe 

only the basic concepts, which will be applied in the actual analysis. For a better understanding 

I recommend the works of Brockwell and Davis and their work “Introduction to Time Series 

and Forecasting”.  

The reason to apply time series analysis is to complement the linear regression analysis. This 

is because the linear regression models do not account to correlations within the time series 

itself. In other words, it is likely that a value observed at the current time is influenced by the 

previous time steps. This relationship is known as autocorrelations. The issue with 

autocorrelations in a linear regression model, is that the errors or residuals should be 

uncorrelated, which is in the case when autocorrelation is present. Hence, by definition a linear 

regression would be wrong, because the error terms share autocorrelation.  

In time series analysis there are fundamental concepts, which require a clear understanding. An 

example time series looks like the following 

U\ = 	cd + c>i\ + c(j\ + k\ 

U\ = dependent variable (the to be predicted variable) 

cd = the intercept of the mean of the model  

c. = the predictor variables for the independent variables (correlation coefficient) 

i\, j\	= the independent variable  
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k\ = The error term that has to be independent of the independent variables (not independent 

and identical) 

 

The most basic assumption is that a time series is a set of observations, where each of the 

observation *\ was made at a specifc time t. Hence, if we would plot the time series and we 

could see a distinct pattern of the time series. We could distinguish between a trend (an overall 

tendency of the line), the seasonality (an oscillating behavior along the trend) and an error/ 

random term.  

 

Figure 14: The decomposition of the week 08.07 – 14.07 of hourly data of hydro in Spain. 

From the decompositioning we can see that the time series exhibits different behaviors over 

time and it is important that we only have one realization (x) at an equidistant time step (in our 

case) for the n-dimensional distribution function F (Shumway & Stoffer, 2015). 

Complementary to that condition, is the concept of stationary. Stationary means “that the 

probabilistic character of the series must not change over time” – any section of the time series 

is “typical” for every other section with the same length (Dettling, 2012). In other words, a time 

series is defined stationary if the mean value is constant and does not depend on time t, as well 

if the autocovariance only depends on the difference of the values at time s and t (Dettling, 

2012; Shumway & Stoffer, 2015).  

Going more into details, the series can be controlled by different operators in order to achieve 

the required condition of stationarity (Shumway & Stoffer, 2015). One way of removing the 

trend and/ or the seasonal effect form a time series is by taking the first order differences with 
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lag 1. In other words, the step xt is subtracted by the previous step xt-1 (Shumway & Stoffer, 

2015).  

U\ = 	Q\ −	Q\Bl 

 

Once the series is controlled for the stationarity it can be described by fitting models to it. These 

models are useful for forecasting and to conduct a cross-correlation analysis between different 

time series (Dettling, 2012; Shumway & Stoffer, 2015). One of the most basic processes is the 

white noise. White noise is a time series in which the random variables are independent and 

identically distributed with a mean zero. This also implies that all the random variables are not 

autocorrelated and have an identical variance. The white noise series is an important concept, 

because we want the residuals series follow a white noise process. A extension to the white 

noise process is the moving average model20 (Romer, 2016). This model uses past forecast 

errors, to help predict future values. For this, the model uses past forecast errors, where et is 

white noise (Shumway & Stoffer, 2015). 

 

U\ = 	m + )\ +	n>)\B> + ⋯+ np)\Bp 

 

The third and last model is the autoregressive model. This model, which is a linear model, 

explains the current value of the series based on number of steps into the past. Hence, this model 

is able to forecast by using a linear combination of its own past values and looks like: 

 

U\ = 	m + q>a\B> + ⋯+	qla\Bl + )\ 

 

In both cases the moving average model and the autoregressive model, the c is a constant. 

Together, the moving average model and the autoregressive model is known as the ARMA 

model. Including a differencing term to the ARMA model, the term becomes a so called 

ARIMA (AutoRegressive Integrated Moving Average) model. The structure to illustrate, which 

term is applied is defined as (AR, I, MA). For example, (1,0,1) would be a ARIMA process of 

one AR and one MA term, without differencing. The aim in an ARIMA model is to reduce the 

autocorrelations for the errors to zero (white noise). Additionally, to the ARIMA models there 

is a seasonal ARIMA model, which adjusts the seasonal effects of a time series. It is basically 

                                                
20  Not to be confused with a moving average filtering/ differencing process. (Shumway & Stoffer, 12.2015) 
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the same as the ARIMA model, but it adjusts lags that exhibit a repetitive pattern (season) along 

the lags (Shumway & Stoffer, 2015). 

There are some diagnostic plots and tests which help to identify whether the model follows an 

ARIMA process. For our analysis we will apply a visual inspection (the most common 

inspection tool) of the Auto-Correlation Function (ACF) and the PArtial Correlation Function 

(PACF). Both of these functions or plots may expose the underlying model specifications of 

the ARIMA (Dettling, 2012). The difference between the ACF and the PACF is that the ACF 

measures the “simple” dependency between both times, whereas the PACF measures the 

dependence in a “multiple” fashion (compares the lags that show autocorrelation to the first 

variable) (Romer, 2016). Both the ACF and PACF are so called correlograms, which help to 

understand the underlying structure of the time series. A series is then called white noise, if a 

certain limit on these correlograms are not exceeded.  

At this point some other concepts may be important too but we will skip those and go to the 

Cross Correlation Function (CCF) and the pre-whitening process. As the name already implies 

the cross correlation is able to describe a correlation between two-time series. Imagine we have 

two-time series (yt and xt) the series yt may be related to the past lags of the xt time series. The 

assumption is that for electricity the merit order determines the daily dispatch for the next day. 

Therefore, in the priority dispatch it may happen that technologies that depend on 

environmental influences may cause changes in the generation pattern of other generation 

technologies. This assumption relies on the speed of technologies to start up and to shut down. 

Hence, for example, for technologies that supply peak loads (usually fast responsive electricity 

generation technologies) should correlate with a change or the priority dispatched technologies. 

The figure below describes the cross correlation and, shows a “fixed” time series that is 

compared to a “shifting” time series, and each step/lag the correlation is calculated.  
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Figure 15: Example of a cross-correlation calculation for time series data. 

However, when it comes to the CCF we have the issue that the interdependency may be 

influenced by its own past lags (autocorrelation) (Shumway & Stoffer, 2015). This may produce 

bad results and a bad adjusted correlation coefficient. So the dependent series has to be adjusted 

by the ARIMA model and requires the explained condition of stationary. As for the linear 

regression the CCF has a zero hypothesis that there is the relationship between the two time 

series is equal to zero and the alternative hypothesis that the cross-correlation is not equal to 

zero. One disadvantage of the CCF is that it is sensible to the structure of the x-variable and 

any “in common” trends of x and y over time (Shumway & Stoffer, 2015). Pre-whitening may 

solve this issue and may create a correlation analysis on “equal footings” (Shumway & Stoffer, 

2015). First of all, the idea of pre-whitening is to adjust the x-series residuals to white noise by 

the ARIMA model and store these residuals (Romer, 2016). The ARIMA model that is applied 

to the x-series should also be applied to the y-series (Romer, 2016). Hence, we adjust the y-

series to the adjustments done in the x-series and thus create the equal footing (Romer, 2016). 

Then we can examine for cross-correlation between the stored residuals of the x-series and the 

filtered y-series. The pre-whitening is therefor used to help us to identify which lags of x may 

predict y. And after the lags, as the model is determined, the CCF can effectively estimate the 

lagged regression (Shumway & Stoffer, 2015). However, it is not crucial that we achieve a 

white noise series, but we want to get close to it (Shumway & Stoffer, 2015).  

One major difference to the usual linear regression is that the results obtained from cross-

correlation are asymmetric. In other words, the correlations stay the same despite switching the 

dependent and independent variable in a linear regression model. For the CCF, this is not the 
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same due to the pre-whitening, which makes sense in terms of the electricity market (example: 

coal energy can not be the driver of wind generation, but wind the driver of coal generation).  
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6. Data Collection and Preparation  

Data collection and preparation is key for a good analysis. Therefore, this chapter deals with 

what type of data is considered, where the data is from and what has been done to prepare the 

data for the analysis. The target was to size high interval data, of at least an hourly interval over 

a long time period of at least a year. A total of six different datasets from Spain, Portugal, 

France, Great Britain, Finland and Alberta/Canada could be collected. Because each country 

records data differently, it is important to know how the electricity is recorded and how the 

electricity considered (at source etc.).  

For all the datasets some transformations were the same. First of all the time has been 

categorized into three different categorical variables (Season, Day and Year). This is done in 

order to illustrate the changes of the electricity generation in different time periods. However, 

four different categories for seasons where created; Winter, Spring, Summer and Fall. The 

months January until April is considered as Winter, April to July as Spring, Summer from July 

to September and September until the end of December as Fall. This may be debatable because 

the astronomical seasons are different from the categorized seasons. The division of the seasons 

resemble the northern meteorological seasons and, thus is just a rough approximation. The days 

have also been sub-divided into four categories; Night, Morning, Day and Evening. As night 

we consider 0 to 6, Morning as 6 to 12, Day as 12 to 18 and Evening as 18 to 24 (in hours). 

Again this is debatable, due to the time shift and the longitudinal position of the country. 

However, this is a rough estimate and thus should be close enough. The years have been recoded 

as factor variables for every single year.  

Every dataset has been normalized by the total generation in order to visualize the percentage 

contribution of every energy source to the total generation mix. This allows us to compare the 

energy source to one another and to Ecoinvent, since Ecoinvent only considers the shared 

percentages of electricity generation mixes. Additionally, electricity exports are neglected and 

only imports were considered (this is hypothetically possible but not the scope of the analysis 

and thus only production mixes have been considered in the later analysis).  

All the considered types of energies are based on the corresponding websites indicate in the 

table below. Additionally, all assumptions for the later analysis and the type of the energies is 

indicated in annex C. Every country has recorded their data in kWh and in some occasions, 

where no values where supplied, were deleted (United Kingdom, Spain and France). However, 

for the analysis we did not consider any outliers and only deleted data in necessary 
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circumstances (having unexpected zero values or conversion). This creates a very large dataset 

for every energy type (attached in the portable drive). For some scientists or experts this might 

be controversial because with many tests, this could lead to biased results, others believe the 

richer the pool the more representative the results. Indeed, in statistics it is common to have a 

rough estimate for the ideal size, but the question remains, how should we cluster the analysis 

(Szuscikiewicz & Morris, 2014). We believe that by clustering too much valuable information 

would be lost and thus decided to leave the data raw as possible. The table below should where 

the data is from.  

Table 4: Summary of the sources of the data considered for the analysis. 

Country Institution Function Link 

Spain Red Eléctrica 
de España 

Transmission 
System Operator https://demanda.ree.es/movil/home 

Alberta/Canada AESO System & Market 
Operator http://www.energy.alberta.ca/electricity/682.asp 

France RTE Transmission 
System Operator 

http://www.rte-
france.com/en/eco2mix/eco2mix-mix-
energetique-en 

United 
Kingdom Elexon Wholesale Market 

Operator http://www.gridwatch.templar.co.uk/index.php 

Portugal REN Transmission 
System Operator Requested by email 

Finland Finnish Energy 
Industrial and labour 
policy organization 
for the energy sector 

http://energia.fi/en/statistics-and-
publications/electricity-statistics/hourly-
electricity-data 
 

* Due to some lack of transparency the data collected is considered to be at the source and thus does not consider 
losses.  

 

One of the difficulties was to categorize the variable “regimen especial” for Spain and Portugal. 

Both websites could not provide a clear explanation except that this considers an agglomerate 

of different smaller energy types. For this reason, this energy source has been considered as 

biomass (wood chips).  
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7. Statistical Analysis 

The purpose of this chapter is to gain a deeper insight and understanding of the sample. For this 

the analysis is divided in to two sub-chapters. The first part covers the patterns of the different 

energy types in the respective country. This is accompanied by a short outlook of the probable 

future mixes based on the 20-20-20 goals and country specific commitments21. The second part 

covers some bivariate tests for differences in time. In the last part (statistical inferences) of this 

chapter, we compare the fit of the log-normal distribution by the Method of Moments. However, 

due to the overwhelming amount of data only some figures are presented, but all figures are 

available in the annex F or on the portable drive.  

 
7.1. Descriptive Statistics  

7.1.1. Electricity generation by Country 

Electricity generation is time dependent and is mostly determined by its demand. This is the 

reason why it is necessary to understand our data and to identify anything odd in the generation 

mixes. The aim of this chapter is to visualize the behavior of the different energy types and each 

energy type is presented as a percentage share to the total generation mix.  

7.1.1.1.  Spain  

Spain is located in the Iberian peninsular and shares its borders with France, Portugal and 

Andorra. Spain and Portugal have the same market operator (OMIE) and therefore in 90% of 

cases, both share the same electricity prices (OMIE, 2016). The figure below describes the 

average shared generation mixes in Spain for the year 2015. It shows that Spain predominantly 

relays on coal and nuclear as well as wind energy.  

 

                                                
21  The 20-20-20 targets/goals is the abbreviation for the European Union Climate and energy package in, which 

all Member State complies in order to integrate a total share of 20% of renewable energy for the total energy 
consumption by 2020.  
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Figure 16: The average percentual generation mix in Spain 2015. 

The generation mix has a lot of wind electricity and some hydro electricity thus may cause for 

great uncertainty. This means that wind and hydro electricity can not be controlled for and 

depends on weather conditions. Therefore, wind and hydro has a high variability (a total range 

electricity is produced). This relationship is proven by comparing the both violin plots22.  

 

Figure 17: The violin plots for the different years and seasons for the percentage share of supply for hydro and wind 
electricity in Spain. 

From the figure above we can see that in rare cases wind electricity is able to contribute up to 

60% of the total supplied electricity in Spain. However, one can also see that hydro electricity 

also contains negative shared percentages23. This is because in off peaks hydro power pumps 

up water in order to supply it during high peaks as a peak shaving mechanism.  

When looking at typical base loads24, such as nuclear and coal, they usually have a nice “belly” 

around the median value.  

                                                
22 Violin plots are similar to box plots, but also show the probability density of numeric variables.  
23 This negative shared percentage is corrected in the correlation analysis. 
24 Base loads are usually technologies that produce a lot and have a low marginal cost.  
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Figure 18: The violin plots for the different years and seasons for the percentage share of supply for nuclear and coal 
electricity in Spain. 

In the case of figure 18, only the nuclear energy supply has a nice distribution around the median 

value. In some occasions the distributions also indicate a bimodal distribution, because of the 

two bumps on a violin plot. Coal on the other hand, shares a lot of variability, and a large spread. 

This may be because the coal production is influenced by the previously mentioned renewable 

electricity sources. The story behind it that coal electricity is the main source to compensate 

(backup) for increases and decreases in the electricity grid (this is governed by the so called 

merit order) (Azofra et. al. 2014).  

Another interesting source of variability is the daily variation in the generation mixes. A typical 

load duration curve would indicate a high electricity consumption in the morning and the night, 

when people weak up and go to work, and come home. This variability is best shown with peak 

loads, since they are usually fast generators to compensate for the demand spike.  

 

Figure 19:The box plots for the different years and daily variations for the percentage share of supply for hydro and gas 
electricity in Spain. 

Figure 19 shows boxplots for the variations in the different days. Additionally, it also shows 

the electricity consumption of the respective energy source over different years. For example, 

the median hydro electricity (despite having negative values) seems to increase while the mean 

gas consumption to decrease. However, from hydro electricity we can see that there is a 

difference in the daily consumption and thus there is some seasonal effect. For gas electricity, 

the medians are all not the same either, but do not differ too much from one another.  
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Outlook. The target of Spain is to increase the total energy consumption by 20% of renewable 

energies by 2020 (Eurostat, 2016). In 2013, Spain roughly consumed 15% of energy from 

renewable sources. The trend shows that the mean is rising over the past years as Spain installed 

more and more wind farms (Asociación Empresarial Eólica, 2014). However, in 2015 Spain 

did not expand in wind at all (World Wind Energy Association, 2016). 

7.1.1.2. France  

France is one of the greatest nuclear energy produces in Europe. France supplies so much 

nuclear energy that the share of nuclear energy covers almost three fourth of shared annual 

production. The total share of mean annual electricity production is illustrated in the figure 

below. 

 

Figure 20: The average percentual generation mix in France 2015.(import is removed – supplied less than 1% of annual 
share).  

Since nuclear energy dominates the electricity supply in France, it does not have a large 

variability (figure 20). This may be due the reason, that nuclear energy is constantly dispatched 

throughout the year.  

 

Figure 21: The violin plots for the different years and seasons for the percentage share of supply for nuclear and hydro 
electricity in France. 

Hydro electricity is the second most used energy source in France. It has a typical annual mean 

of roughly 12 to 15%. However, there is a strong seasonal pattern in hydro electricity. It seams 
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that it on average supplies less electricity compared to other seasons. The highest on average 

hydro electricity production clearly occurs during spring. For nuclear energy, on the other hand, 

it seams that it is the other way around, that in spring nuclear production goes down while 

production goes up in autumn. This maybe a first hint that hydro and nuclear energy could be 

correlated to one another.  

Outlook. Despite the large share of nuclear energy, France wants to reduce on the nuclear 

energy production. France wants to reduce the total annual share of nuclear energy production 

by the year of 2025 to 50% (World Nuclear Association, 2016). On top of this target, France 

set a restriction to not overcome a total nuclear electricity capacity of 63.2 GWh (129 GWh in 

2014). At the same time France committed itself to reduce green house gas emissions (40% by 

2025 compared to 1990) and thus the outstanding nuclear electricity should be supplied by the 

renewable energies (World Nuclear Association, 2016). 

7.1.1.3. United Kingdom 

The generation mix of the United Kingdom consists to more than 75% out of Nuclear, Coal and 

Gas. Where wind and total exchanges (imports and exports) have a shared annual production 

mix of 17%.  

 

Figure 22: The average percentual generation mix in United Kingdom 2015. (Oil is removed – supplied less than 1% of 
annual share). 

Over the past years the United Kingdom have heavily invested in wind energy (Department of 

Energy and Climate Change, 2011) . This is already evident if one looks at the recent 

development of the wind fleet.  
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Figure 23: The comparison of violin plots and box plots for a difference in years in seasons and days respectively in the 
United Kingdom. 

From figure 23, it is clear that wind production has a wide variability and that wind is able to 

supply up to 20% of the total share of electricity. However, it is not (yet) a leading energy 

source in the United Kingdom. The recent developments of coal and nuclear show that there is 

a decreasing trend in the coal supply, while there is a small increase in nuclear energies.  

 

Figure 24: The violin plots for the different years and seasons for the percentage share of supply for hard coal and nuclear 
electricity in the United Kingdom. 

If one focuses on the difference between coal and nuclear, one can see that nuclear has clearly 

two little bumps on each violin. This indicates that nuclear electricity is dependent on the daily 

variations. This assumption is proven by the following box plots.  

 

Figure 25: The box plots for the different years and daily variations for the percentage share of supply for nuclear electricity 
in the United Kingdom. 

From the figure above it is clear that during night the total nuclear production goes up and there 

is a strong seasonal difference between different hours.  
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Outlook. According to the Department of Energy and Climate Change (2011), they predict that 

the United Kingdom will expand their wind power fleet, since the United Kingdom aims to 

generate 30% of electricity from renewable energy sources by 2020 (Eurostat, 2016).  

7.1.1.4. Portugal  

Portugal shares close ties to the Spanish electricity market. Similar to the Spanish electricity 

market the largest annual share of electricity comes from coal, followed by wind. Interestingly, 

Portugal has a large share of Geothermal (SGG Thermal indicated by REN). 

 
 

Figure 26: The average percentual generation mix in Portugal 2015. (removed: tidal and oil – produced less than a total of 
1% share). 

If we look more closely at the developments in Portugal there are some very interesting patterns. 

Over the past years Portugal is transitioning into an electricity mix with more renewable 

energies. This is evident looking at the average increases of geothermal and a reduction of oil 

consumption.  

 

 
Figure 27: The violin plots for the different years and seasons for the percentage share of supply for geothermal and oil 

electricity in the Portugal. 

Other renewable energy resources also appear to be increasing over the past years. This the 

wind and the photovoltaic electricity production. There the percentage share of photovoltaic is 

rather small, compared to wind generation.  
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Figure 28: The violin plots for the different years and seasons for the percentage share of supply for wind and photo-voltaic 

electricity in Portugal. 

Outlook: According to the 20-20-20 targets Portugal requires at a total renewable energy 

contribution of 31% (Eurostat, 2016). Currently, Portugal stands at 26% and thus a mere 5% of 

renewable energies are required to reach the target. Therefore, in the coming years one can 

expect an increase in wind and/or photovoltaic energy production.  

7.1.1.5. Alberta/Canada 

Alberta is the only geographical area in this analysis. As indicated in the previous chapters, 

Ecoinvent v 3.2 also considers geographical areas. Alberta is a very interesting, since the 

electricity market is mainly dominated by coal and gas (figure 29). Other energy sources are 

very small and only add up to a share of 11%.  

 

 
Figure 29: The average percentual generation mix in Alberta/Canada 2013. 

Looking at the recent developments in Alberta, it is evident that the electricity composition is 

changing.  
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Figure 30: The violin plots for the different years and seasons for the percentage share of supply for coal and gas electricity 

in Alberta/Canada. 

From the figure above it is clear that the gas production is replacing the coal production. This 

is due to the recent technological break troughs in shale gas exploration. Since shall gas 

production is assumed to cause fewer greenhouse gases and is cheaper compared to coal firing 

plants, it may be a superior technology.  

Outlook. Alberta is not under subject to the previously referred 20-20-20 targets, but have an 

own greenhouse gas reduction scheme in place. This is the “climate leadership plan”, in which 

Alberta (not Canada) aims to phase out all coal-firing plants by 2030 and aims to compensate 

the 51% of share of Coal by renewable energies and shale gas (Bosten Terry, 2016). Looking 

at the previously explained developments, Alberta was already able to reduce the share of 80% 

Coal to 51% in only eight years.  

7.1.1.6. Finland  

The last country to analyze is Finland. Finland is a Nordic country and shares borders with 

Russia and Sweden. The technologies that contribute the most to the electricity mix is nuclear 

and cogeneration energy. Both together cover a total market share of more than 50%. However, 

Finland also has a lot of imports, as seen in the figure below. 

 

 

Figure 31: The average percentual generation mix in Finland 2014. 
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Looking at the recent changes in Finland, we can see slight changes for the hydro electricity 

production and a slight decrease of nuclear electricity. But this does not imply that they replace 

each other. 

 

 
Figure 32: The violin plots for the different years and seasons for the percentage share of supply for cogeneration and hydro 

electricity in Finland. 

Looking at the daily electricity supplies for cogeneration and for hydro, we can see that hydro 

electricity slacks off during night times, where cogeneration increases the production. This is 

very interesting, since for hydro energy there seems to be a big seasonal difference. Especially, 

at night times the hydro supplies go down.  

 

 
Figure 33: The box plots for the different years and daily variations for the percentage share of supply for nuclear electricity 

in Finland.  

Outlook: As a short outlook in the future Finland has almost reached their 20-20-20 target for 

renewable energies and a mere of 4% of the total projected 38% of renewables is missing 

(European Commission, 2013). Due, to this reason a large change in the future generation mix 

can not be expected. Another interesting side note is that Finland imports a lot of gas and 

electricity from Russia, since Russia is a cheap electricity exporting country and thus is able to 

penetrate the Finish electricity market.  
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7.2. Statistical Testing of Bivariate Relations  

Bivariate statistics, as the name implies, involves the testing of more than one variable. It is 

useful to test assumptions concerning the relationship of variables. Statistical testing for 

bivariate relations, allow to gain insight into the acquired data and to understand the individual 

relationships of the variables. Since it is assumed that there is a difference in the season and the 

years for the different energy sources (previous chapter), it is of interest to test whether there is 

a statistical significant difference.  

 

7.2.1. Testing for Differences in Time  

The ANOVA (ANlysis Of VARIance) is applied to test for significant relations between a 

numerical variable and a categorical variable with more than two groups. The test is based on 

the group averages and is able to check whether the group averages differ significantly from 

each other or not. More specifically, the test compares the between groups variance (observed 

variance between the averages of the groups) of each category and the within groups variance 

(expected variance between the averages of the groups). The downside of the ANOVA is that 

it does not tell which group differs from the others. But since, we are interested that there is a 

difference, despite being it only one group, already proves a seasonal pattern. Checking for the 

different conditions of the ANOVA, the assumption is that data-frame applies to these 

conditions25. We assume the different groups to be independent and drawn randomly. 

Additionally, the variances of all the groups seem to be the same, except for some cases. This 

is because some energy types produce at different time intervals and thus may not be valid for 

this analysis. In these cases, we refer to the non-parametric Kruskal-Wallis test as an alternative. 

The test statistics of the ANOVA and Kruskal-Wallis test is attached in annex F.  

The aim is to check whether there is a significant difference of the electricity generation in 

different time categories. The reason why, is to prove that electricity is time dependent. It is 

expected that there are significant differences in the individual categories.  

Testing for the daily variability of the data-frames. In this category, the different times in a day 

are compared to one another; Morning, Day, Evening and Night time. According to a typical 

                                                
25  The conditions are: 1) The samples in the different groups are randomly drawn from the population and the 

groups are independent. 2) the sample averages are normally distributed in every group, where the central limit 
theorem applies and 3) the variances of the numeric variables in all groups are the same.  
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load profile the most consumption occurs during the Morning, when everybody wakes up and 

go to work, and at Night when people get back home. Checking for all data sets, and for 2012 

individually, it shows that there is a significant difference between all the categories of day time 

in each data-frame. Hence, we conclude that the groups are different from one another.  

Testing for seasonal differences of all data-frames. The assumption is that during the year, 

dependent on the geography of the country, the demand varies. During cold days, people require 

electricity for heating and thus consume more compared to warmer days. The expectation 

therefore is that the average differences in each season is significantly different from one 

another. For this the annual data is cut into four categories; Winter, Spring, Summer and Fall. 

Dividing the year into different seasons could lead to some difficulties because different 

countries experience different cold and warm periods, assuming they have seasons. Performing 

the ANOVA and Kruskal-Wallis test shows that there is a significant difference in the seasons, 

for all energy types across all the data-frames.  

Testing for the difference in years for all data-frames. The assumption is that the years differ 

from one another, since the electricity market is not static and changing over time. This change 

especially applies to countries that committed them selves to the so called “20-20-20” targets. 

Additionally, it could be assumed that the electricity demand is increasing. This, however, may 

not necessarily be the case, due to introduction of more efficient energy saving technology. 

Performing the test for all the years show that there is a significant change across the years.  

 

7.3.  Statistical Inference 

The purpose of this chapter is to look at the different distributions of the real energy sources 

and the distributions in Ecoinvent. As a short recap, the distributions in Ecoinvent are log-

normally distributed, are generated by the mean annual production of an energy source in a 

geographical area and an ambiguously selected standard deviation by the pedigree matrix. 

Additionally, when we refer to Ecoinvent v 3.2, we explicitly mean a median adjust Ecoinvent 

v 2.2 from Ecoinvent v 3.2, since Ecoinvent v 3.2 does not consider uncertainty.  

The question of this chapter is, whether the real distributions follow the log-normal distribution 

and how do generated distributions from Ecoinvent compare to the real distributions. The first 

part of this chapter is to visually inspect the different distributions. This is accompanied by the 

Methods of Moments (MoM) estimator to fit a hypothetical correct lognormal distribution to 



  Statistical Analysis 
 

 49 

the real distribution. The second part tests the fit of the hypothetical MoM distributions to the 

real distribution for every energy generator in every geographical area. 

 

7.3.1. The Methods of Moments Comparison 

For this chapter, the focus is at the different distribution of the real data (the entire collected 

sample) and compare them with the distributions in Ecoinvent. Since Ecoinvent has an 

extensive library for different energy types (shown in annex C), the first step is to match each 

real energy type to an energy type in Ecoinvent (the matching is shown in annex F).  

The Method of Moments (MoM) estimator is a tool that allows to estimate the model 

parameters26 of the population distribution (in our case the log-normal distribution) (Romer, 

2016). In other words, in cases where the distributions of Ecoinvent do not match the real data, 

the MoM is able to adjust the parameters (mean and standard deviation) in order to approximate 

the real distribution by a log-normal distribution. We prefer this estimator over the maximum 

likelihood estimator, because the MoM is assumed to be more robust than the maximum 

likelihood estimator. 

The analysis includes four different distributions, which are compared to one another. First of 

all, there is the real distribution generated from the data. The other distribution is the distribution 

considered in Ecoinvent v 2.2, where the log-normal distribution is approached applying the 

mean and standard deviation from this database. The third distribution is the hypothetically 

generated distribution for Ecoinvent v 3.2. Normally, Ecoinvent v 3.2 does not consider 

uncertainty for the generation mixes. Therefore, a hypothetical log-normal distribution is 

generated from the uncertainty from Ecoinvent v 2.2 and the median value of Ecoinvent v 3.2. 

From hereinafter when referring to Ecoinvent v 3.2 we assume a median adjusted Ecoinvent v 

2.2 log-normal distribution. The last figure, MoM fit, is the approximated log-normal 

distribution of the real data. The MoM overlays a hypothetical distribution of the real 

distribution, in order to check if it would make sense to model the different energy types with 

a log-normal distribution. All distributions are normalized in order to compare them to one 

another.  

                                                
26  In the statistical context parameters are the mu (mean) and the sigma (standard deviation) values of a 

distribution.  
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In order to increase the variability of the MoM estimator and the histograms, the zero values 

have been removed for every data set. Not removing the zero values would distort the 

distributions, as some energy source where introduced in different years, and some energy 

sources, such as renewables, have a substantial time in which they do not produce at all. This 

would make the histogram hover around a zero value instead of showing the possible spread.  

Since this chapter is one of the core chapters of this thesis the analysis and evaluation of all 

distributions is analyzed per each geographical area individually. For this the most important 

and interesting distributions are selected, and the rest is attached in the appendix F.  

7.3.1.1. Spain  

As already shown in the descriptive Spain mostly relays on electricity from coal, nuclear, gas 

and wind resources. All four energy sources underlie different purposes in the merit order. Coal, 

for instance is mostly applied as a base load and sustain the security of supply in the merit order. 

Nuclear is a constant base load, which typically does not show too much variation. Gas is a 

typical peak load supplier, and fires up for a short duration of time. Wind, on the other hand, 

replaces energy sources in the mix through the merit order, due to its variability. A comparison 

between the different distributions is illustrated in the figure below.  

 
Figure 34: The comparison of normalized distributions of coal, nuclear, gas and wind in Spain for all the years in percent. 

 
All four distributions show an interesting pattern (by real distribution we mean the distribution 

created by the collected sample). Coal for instance shows a bimodal distribution, which 

normally occurs when a “external force” is applied. In this case the external force is the 

seasonality in the demand and may prove that coal is designed as a load that is responsive to 

the wind supply. Nuclear and Gas on the other hand show some normal distribution tendencies. 

Gas tends to have a typical log-normal skewedness to the right and may fit the log-normal 

distribution well. Wind, on the other hand, has the largest variability among the four 

distributions. All these distributions cover the entire span of the data set. Comparing, the real 

distribution to the distribution in Ecoinvent, it is obvious that the uncertainty in Ecoinvent is 
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underestimated. However, in most cases the mean of Ecoinvent seams to be fitting the mean of 

the real distribution (except for wind). The black line shows the data from Ecoinvent v 3.2 and 

one can say that the energy mix did change compared to the distribution mix in Ecoinvent v 

2.2.  

7.3.1.2. France  

As we already know, France heavily relies on nuclear energy and partially on hydro energy. 

The rest of the generation mix is supplied by a mix of different smaller generators. Focusing on 

nuclear and wind energy, the log-normal seems to be a good fit after the MoM adjustments. 

Even for Hydro the log-normal distribution (MoM) does not fit too bad.  

 

Figure 35: The comparison of normalized distributions of nuclear, hydro and coal in France for all the years. 

Especially for nuclear, Ecoinvent v 3.2 seems to be a good fit, without adjusting by the MoM. 

For hydro, the standard deviation is clearly underestimated. Coal, on the other hand, only plays 

a minor role for the generation mix in France, since it is simply not supplying a lot it clearly 

has a lower uncertainty compared to the other two fuel types. However, coal shows a perfect 

example how far the tail of the log-normal distribution stretches (MoM). The tail is very long 

compared to the real distribution and thus sampling from this distribution could lead to a wrong 

interpretation of the generation mixes.  

7.3.1.3. United Kingdom 

The United Kingdom receives the majority of their electricity supply through gas, coal and 

nuclear resources. All three energy types together contribute around 75% of the generation mix. 

However, as we have analyzed in the previous chapter wind energy is on the rise.  



  Statistical Analysis 
 

 52 

 

Figure 36: The comparison of normalized distributions of nuclear, total gas and coal in the United Kingdom for all the years. 

The figure above describes three different distributions for three different energy types. Again 

nuclear energy seems to have a good fit to the log-normal distribution and even the tail seems 

to fit. Coal on the other hand, shows again a bimodal distribution. The approximation of 

Ecoinvent seems not to fit very well and even the approximation to the mean value seems not 

to fit. The real mean of coal is around 25% where Ecoinvent suggests a mean value of nearly 

40%. This is a big difference. The last presented energy source is total gas. Total gas is a cluster 

of gas used in the industry and conventional home usage. However, the figure indicates that 

Ecoinvent v 2.2 overestimates the distribution, while Ecoinvent 3.2 under estimates the gas 

energy supplies. This is wrong and the uncertainty does not capture the entire spread of the 

distribution. 

7.3.1.4. Portugal  

The Portuguese energy market is dominated by coal, wind and geothermal supplies. Portugal 

shares similar distributions as Portugal. Coal for example looks like it is multimodal distributed. 

The same can be interpreted for the gas supplies as gas has two very small bumps at the edges 

of the distribution. This makes the standard deviation look much larger. Wind shows a classical 

big uncertainty. As said before the zero values have been corrected for or otherwise it may 

happen that the distributions would hover around a mean of zero.  

 

Figure 37: The comparison of normalized distributions of hard coal, gas and wind in Portugal for all the years. 
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The distributions in Ecoinvent seem to match the mean value for the distribution besides for 

wind. Looking more closely at gas and wind, Ecoinvent shows a big shift of the distribution. 

Wind clearly increased electricity supplies from an average of 1% (Ecoinvent v 2.2) to an 

average above 20% in Ecoinvent v 3.2. Gas, on the other hand, decreased in output from 

2004/2005 (Ecoinvent v 2.2) to 2012 (Ecoinvent v 3.2).  

7.3.1.5. Alberta / Canada  

Alberta is a geographical region and had to be approximated. Therefore, the Alberta was 

approximated by the generation mix of the United States of America. The reason being that 

Alberta is a special region in Canada, since it heavily relies on fossil fuels like the United States 

of America. Canada (as a whole) has a very different generation mix compared to Alberta and 

therefore is not very representative for the generation mixes. However, this is just an 

approximation and therefor it was more difficult to fully catch the real distribution in Ecoinvent.  

 

Figure 38: The comparison of normalized distributions of gas and hydro in Alberta/Canada for all the years. 

Despite the approximation the Ecoinvent distributions at least lay within the uncertainty of the 

real distributions. For hydro energy the mean seems to fit well, since the mean for Ecoinvent is 

roughly 3.7% and the overall mean of 1%. For gas electricity, the uncertainty is very large. This 

is because the real distribution catches the technological advancement of shale gas exploitation. 

In other words, the average gas energy output increased gradually over the past years and 

therefore some what stretches the distribution. On the other hand, the distribution seems to be 

bimodal.  

7.3.1.6. Finland  

The Finish electricity market shares close connections to the Russian electricity market. The 

Finish energy market, however, relies mostly on cogeneration and nuclear electricity. The 

figure below describes the fit of Ecoinvent and the real distributions.  
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Figure 39: The comparison of normalized distributions of cogeneration, hydro and nuclear in Finland for all the years. 

Again, the bimodal distribution appears to occur for the cogeneration electricity. Nuclear 

electricity looks like to approximate a unimodal distribution, but has still multiple modes along 

the distribution. All distributions of Ecoinvent lay within the uncertainty range of the real 

distributions and seem to well approximate the mean value. But still in all the cases the 

uncertainty is underestimated.  

 
 
7.3.2. Summary of Methods of Moments Analysis  

The purpose of this chapter is to summaries the differences between the distributions in 

Ecoinvent, the MoM fits and the real distribution. It is without doubt that the uncertainties in 

Ecoinvent are underestimated. In order to capture the difference between the distribution in 

Ecoinvent and the real distribution, the MoM fits is performed. The MoM fit makes it possible 

to overlay a fitted hypothetical log-normal distribution over the real distribution. This in turn 

indicates the necessary change in Ecoinvent in order to approximate the real distribution by the 

log-normal distribution. In figure 40 the absolute percentage difference between Ecoinvent v 

3.2 and the MoM fits are illustrated (a table is also shown in the annex F).  
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Figure 40: The absolute percentage difference between the Ecoinvent v 2.2 but median adjusted by Ecoinvent v 3.2 and the 

Method of Moment fit of the log-normal distribution for the parent data. 

The figure above illustrates a logarithmic scale on the y-axis, and thus indicates that the 

standard deviations (sigma values) in Ecoinvent are too small. The MoM fits suggests an on 

average 1100% adjustment for all the datasets for the standard deviations from Ecoinvent to fit 

the standard deviation of MoM. The mu value (the mean), on the other hand, does not seem to 

be too far off. The absolute percentage change to approximate the MoM fit, is roughly 30% for 

all the datasets.  

These changes suggest the approximation to a log-normal distribution, but as shown in the 

previous chapter other distributions may be a better fit than the log-normal distribution. First of 

all, from a visual inspection alone multiple distributions indicated a bimodal distribution. 

Therefore, the Hartigans dip test27 was performed to check whether the distributions follow a 

unimodal or multimodal (at least bimodal) distribution. Out of all the tested distributions the 

Hartigans dip test suggested that 35 out of a total 56 have a multimodal distribution (this follows 

from the test alone and I believe that in some cases a clear distribution can not be distinguished). 

In other words, 62.5% of the distributions presumably do not follow a log-normal distribution. 

In order to be entirely certain whether the real distribution does follow a log-normal distribution 

or not, can be proven by the goodness of fit estimation, covered in the next chapter.  

 
 

                                                
27  “The dip test measures multimodality in a sample by the maximum difference, over all sample points, between 

the empirical distribution function, and the unimodal distribution function that minimizes that maximum 
difference” (Hartigan & Hartigan, 2007). 
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7.3.3. Goodness-of-Fit Estimation  

The goodness of fit tests, is a statistical test that describes how well observations fit into a 

distribution (García-Forero & Maydeu-Olivares, 2010). They are helpful tests in order to 

distinguish between different distribution. For this work they are especially valuable, because 

they allow us to determine whether the samples follow the log-normal distribution or not.  

Many different tests exist with their own conditions and requirements. However, this work 

applies the Chi-Square Goodness of Fit tests and the Kolgomorov-Smirnov test, due to their 

simplicity and their abundant applications. Both tests are applied in order to be absolute certain 

whether the log-normal distribution is a good fit for the generation mixes.  

 

7.3.3.1. Chi-Square Goodness of Fit  

The Chi-Square test is a parametric test that is based on the probability density function of an 

assumed distribution. For this the numerical array is cut into several subintervals also known 

as bins (Romer, 2016). The ideal binning and suggested by the Freedman Diaconis rule is 

illustrated in the following formula: 

 

h = 2 * Inter Quartile Range * SB
2

7 
or 

h = S 
h = Number of bins  
n = Sample size 
 

Due to the large range of the numerical values, the binning size would be too large to test for 

and thus a binning size of 20 different bins is selected. Cutting a numerical array automatically 

categorizes the variable (a condition for the chi-square test). This categorized variable is also 

known as the observed value. Once the observed value is set up, the expected counts for each 

bin is calculated.   

The expected counts are the counts that should have fallen in each bin according to the 

probability density function for the lognormal distribution (Romer, 2016). A condition of the 

Chi-Square test is that 20% of the total bins should not have less than a total count of 5 (Romer, 

2016). Due to this condition it was decided to only account for a shared electricity production 

of 50%, because most of the energy types rarely reached beyond a 50% shared production 
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volume. However, the expected counts and the observed counts are compared by the following 

formula:  

 

Q( =
(r` −	)`)

(

)`

s

`f>

 

k = number of bins  

O = observed frequency for bin i  

E = expected frequency for bin i  

 

For this test the assumption is that the observed sample follows the log-normal distribution and 

the alternative hypothesis is that it does not follow a log-normal distribution.  

 

Result: The test is performed on all energy types in each geographical area and showed that 

non of the energy types follow the log-normal distribution. In other word it was no “good fit” 

between the observed vales and the expected lognormal values. This may be due to limitations 

of the Chi-Square test itself. The test is sensitive to the sample size and the binning size (creating 

categorizes samples from the numerical variable), creating room for biased research. Therefore, 

the Kolgomorov-Smirnov Test is also applied.  

 
 
7.3.3.2.  Kolgomorov-Smirnov Goodness of Fit Test 
 
Different than the Chi-Square test the Kolgomorov-Smirnov test is not restricted to categorical 

variables and therefore does not require manipulation of the data. Another advantage of the 

Kolgomorov-Smirnov test is that it allows to compare the tails of the distributions. Especially 

with the lognormal distribution, which has a very long tail compared to the real distribution.  

The Kolmogorov-Smirnov test compares the empirical (observed) and a theoretical (expected) 

model by computing the maximum absolute difference between the empirical and the 

theoretical distribution functions.  

" = max |	x * − x * | 

 
x *  = The empirical distribution function  

x *  = The theoretical distribution function 
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The x *  empirical distribution is relative of the observations that are smaller than or equal to 

the value of x (energy type). The theoretical distribution function x *  is equal to y Q ≤ * . 

Hence, the Kolmogorov-Smirnov test calculates the max difference between the cumulative x 

values and the hypothetical distribution as seen in figure 41.  

 

 
Figure 41: A example of the Kolmogorov-Smirnov Test for the log-normal distribution. 

 
For testing, the Kolmogorov-Smirnov test generates a log-normal distribution. As in the 

previous chapter 7.3.3.1, the log-normal distribution is generated randomly and may cause 

issues since the values may change during each iteration. This may reduce the power of the test, 

and thus Clauset, Shalizi and Newman (2009) proposed to sample the log-normal distribution 

for a total of 100 iterations in order to significantly rejected or retain the Kolmogorov-Smirnov 

test.  

Results: Performing the test to all the energy types no significant relation between the generated 

log-normal and the empirical distribution could be found. Hence, no energy source follows, the 

log-normal distribution. Just like the results obtained by the Chi-Square goodness of fit test. At 

this point it is clear that the log-normal underestimates the uncertainty in Ecoinvent and that a 

unimodal distribution is not the best fit.  

 
7.4. Correlation and Regression Analysis 

In this section we will generate and interpret the correlations between the different energy types. 

The correlations are a core part of this thesis, as it provides for the input for the later dependent 

Monte-Carlo sampling. 

In the first part of this chapter the different conditions and the assumptions for the correlation 

analysis is introduced. Following, some of the assumptions are presented before diving into the 

results of the correlation analysis.  
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7.4.1. Conditions of the Linear Regression  

The linear regression model is common practice in statistics and the basics to identify linear 

relationships between different variables. In order for the correlations to be statistical significant 

some conditions should apply. However, we are not too critical to these conditions, due to the 

large amounts of data and the fact that the data is time series data. Because of this time series 

data, some conditions may not be valid and therefore the transfer function model is also applied.  

There are four conditions, which have to apply for making the correlations statistical significant.  

1. Linear relation between the dependent and the independent variable.  

2. The errors between variable Y and variable X is normally distributed.  

3. The errors between variable Y and variable X are independent 

4. Normally distributed residuals (homoscedasticity). 

  
Linear Relationship: The first condition is easily checked for, by plotting the dependent variable 

against the independent variable. This plot is also known as a scatterplot. In order for the 

condition to uphold is whether the regression line follows a straight line. An example of a 

scatterplot is shown below.  

 

Figure 42: Regular scatterplot of coal and gas for 2012 in Alberta/Canada. 

The above scatterplot exhibits a negative relationship between gas and coal in Spain of 

approximately a R2 (correlation coefficient) of -60%. This is a moderate relationship and thus 

good enough for our analysis. 

Normally distributed: The second condition is that the variables y and x are normally 

distributed. In our case we have seen that this is not that case for most the distributions but due 

to the central limit theorem and the size of our sample this may be considered as satisfied. 

Anyhow, in order to test this condition one applies the so called quantile-quantile plot, and 
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checks whether the standardized residuals follow the theoretical quantiles between the two 

variables. An example is shown below 

 

Figure 43: The Q-Q plot of gas and coal in Alberta/Canada for 2012. 

From the figure above one can see that the standardized residuals follow the straight line quite 

well and thus this condition is also satisfied. Despite the good fit, this condition would still be 

satisfied, due to the large amount of data and thus the central limit theorem holds, which states 

that the sample averages are always normally distributed.  

Independent Errors: The third condition is a little tricky since the data depends on the time and 

may be autocorrelated (explained later in more detail in chapter 7.3), which violates this 

condition. This is one reason, why the time series analysis is applied. However, at this point we 

neglect this condition and assume that the errors are random and do not share any relationship. 

There is no good test for this condition, because it is more dependent on the sampling strategy.  

No Outliers: The key for the fourth condition is that the variance of the dependent variable is 

the same for all values of X. This condition is tested for by the residual plot. The residuals are 

on the vertical axis and the independent variable on the horizontal axis. The condition is said 

to be satisfied if the plot exhibits a cloud like shape around zero. If the residuals exhibit this 

relationship, one refers to the term of homoscedasticity and thus the variance is constant for all 

independent values. The example below does not describe this condition.  

 

Figure 44: The residual plot for coal and gas in Alberta/Canada for 2012. 
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The above figure shows a heteroscedasticity behavior and that some extreme values influence 

the analysis. It may raise the question whether the extreme values may be outliers. However, 

outliers are a fuzzy definition in statistics and values that occur seldom but have an impact on 

the look of the graph may not be simply removed. In order to reveal the outliers one usually 

applies the cook distance shown in the graph below.  

 

Figure 45: The Cooks distance to reveal potential outliers for gas and coal in Alberta for 2012. 

The cooks distance is a measure of how far a leverage value (an outlier that has an impact on 

the regression line) lies away from other observations. Hence, one can see that several data 

points may be considered as “unusual”. However, removing these values would mean removing 

information from the analysis and thus, for the further analysis, no outliers or leverage points 

are removed.  

In the end, one has to say that some of the conditions are not satisfied. This is because, as 

explained in chapter 5.1, the electricity generation is a time dependent variable, which may 

exhibit relationships among each observation. This would mean that the condition of 

independent errors is violated. In addition, the time dependency is the reason for the 

heteroscedastic behavior of the residual plot. Due to this reason, this work also includes the 

correlation analysis with time series data (transfer function modeling).  

  
 
7.4.2. Assumptions for the Linear Regression 

Along the regression analysis some assumptions were made in order to improve the correlation. 

First of all, all the data points are considered including the zero values. Different from the MoM 

fits, where they were removed in order to better visualize the entire spread of the distribution. 

However, if we would have neglected them in this analysis a lot of information of different 

technologies would be lost (for example the ramping up and ramping down of coal firing 
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plants). For this reason, additionally to the MoM fits histograms the appendix F includes the 

non-adjusted distributions.  

One assumption was to spread the x axis by a log-scale for the scatterplot and see whether the 

linear regressions would fit better. An example is portrait in the figure below.  

 
 

Figure 46: The scatterplot for hydro and gas with a log x-scaled axis (left) and with two log-scaled axis (right) 

From the above figure one can clearly see that the assumptions of spreading the axis did not 

lead to a better linear regression. Another assumption is that the seasonality has an impact on 

the analysis and that it could lead to contradictory conclusions. Therefore, a facet plot (splitting 

the regression of numerical variables into different categories) is performed for the different 

energy sources. Figure 47 indicates that this assumption is true. In one season both energy 

sources share a positive relationship while in others a negative relationship.  

 

 
Figure 47: The split scatterplots by day time for gas and hydro in Spain for all the years. 

Still there is a cloudlike behavior around the linear model, because the points are very clustered 

together. It would be nice to illustrate the density of the plots and see whether there is some 

underlining structure behind the density. This brings us to the next assumptions, in which the 

scatterplots are tuned by a so called hexbin plot. The hexbin plot is a feature that exposes the 

density of the points and hence could point to a linear behavior.  
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Figure 48: The density plot of gas and hydro in Spain for all the years. 

From the figure above it is clear that most of the points do cluster in the center but do not spread 

around in a linear formation. This tells us that this plot does not substantially contribute to the 

findings of linear relationship in this regression but may be important for other regressions.  

 

7.4.3. Results of Linear Regression Analysis 

The reason for performing a linear correlation analysis is, because we assume there is a 

statically relationship between the different energy types. More precisely we assume that due 

to the merit order and the “replacing” of the different energy types in the daily generation mix 

for the dispatch, that they may be some relations. For example, when looking at the wind and 

solar power, two energy types total dependent on environmental factors and a priority dispatch, 

we assume that if both increase an other load has to compensate for this increase.  

 
First of all, all linear regressions and correlations considered are attached in the appendix F. 

However, for explanation purposes this work will only explain some correlations. In order to 

gain a clear picture of the relationships, this work explains the most interesting regressions by 

each geographical region. If not otherwise indicated the correlations are for the entire dataset. 

Therefore, it may happen that NA (Not Applicable) values are produced, since the different 

energy types may have been installed at different years or times.  

7.4.3.1. Spain  

The Spanish energy market is dominated by wind, coal and nuclear energy sources. Coal and 

nuclear energies are so called base loads that supply constantly throughout time and have long 

start up and shut down times, compared to other energy types. Therefore, it is expected that 
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coal and nuclear energy sources are in heavy competition, and if they share a correlation it is 

rather low. Indeed, coal and nuclear energy sources share a -11.94% of correlation.  

As already analyzed in the descriptive part, Azofra et al. (2014) indicated that the coal firing 

power plants mainly compensate for the wind technologies. Hence, the coal resources should 

vary depending on the movement of wind. Looking at the correlations between the two fuel 

types, they share a -62.98% correlation amongst each other. In other words, coal may explain -

62.98% of the variance of wind and vice versa. This is the largest correlation in the data set and 

is illustrated in the figure below.  

 

 
 

Figure 49: A simple scatterplot (left) of coal and wind, and the same scatterplot with density plots of coal and hydro on the 

side. 

From the figure above it is clear that all the seasons share the same negative relation. 

Additionally, the scatterplot to the right show the different density plots of the energy sources 

(wind and coal). The density plots describe the distribution of every season of the respective 

energy source. Especially for the coal resources, which shows a bimodal distribution. Each peak 

in the density plots, indicates a different season and should be four in total.  

 

Another highly correlated sample is wind and gas. Different from coal and nuclear, gas 

electricity is usually a peak supplier. This is because it has a low ramp up time and is more 

expensive compared to the other fuel types. Due to these reasons it, is reasonable to assume a 

correlation between wind and gas. The test indicates an explained variance of -62.95%. This 

relationship is shown in the figure below.  
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Figure 50: Scatterplot of gas and wind in Spain for all the years. 

A difficulty with the Spanish dataset is the entanglement of different energy sources to the term 

“regime especial”, which translates to renewable energy resources. This cluster broke of piece 

by piece over the years and new categories such as PV were formed. The problem is, since they 

disentangled these energy sources from one another, they are highly correlated to one another. 

Therefore, one is not able to indicate whether they share a real correlation.  

7.4.3.2. France  

The highest correlation in France occurs between nuclear and hydro resources. Both together 

cover at least 80% of the entire energy market. Therefore, it is not surprising that the energy 

sources may influence the other. The correlation is estimated to be -57.71%, which is also 

shown in the figure below. Additionally, since both fuel types complement each other, some 

seasonality is expected, because hydro electricity can only be controlled for to a certain extend.  

 
Figure 51: The scatterplot of nuclear and hydro with corresponding density plots on the side in France for all the years. 

The seasonality is illustrated in the above density plots for nuclear and hydro energy. It shows 

two distinct hubs for two seasons and therefore indicates a bimodal distribution. However, if 

we stake them up, they add together to a unimodal distribution as seen in the descriptives 

chapter. The same pattern is visible for the hydro density plots.  
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Another noteworthy correlation is the positive correlation between coal and gas. Both share an 

explained variance of 51.16%. This is rather uncommon, because both usually fulfill two 

different purposes in the generation mixes, but in the case of France this may be an exception. 

This is because France maintains its greatest portion of energy from nuclear energy, thus there 

is not enough “space” for coal to be dispatched. In need of electricity, coal can fire up, such as 

the peak load gas, and thus compensates for the difference between the nuclear supplies and the 

demand (this is the reason for the positive relationship).  

7.4.3.3. United Kingdom 

Some countries are isolated in the geographical sense, but connected by the electricity network 

as for example the United Kingdom. The United Kingdom is mostly dependent on nuclear, coal 

and gas. Wind electricity is the biggest share for renewables, which shares a total correlation of 

-51.61% with gas and a 41.45% with hydro energy. Hence, gas may be a responder technology 

and has to kick in when the wind electricity supply drops, and causes the negative relationship.  

The highest correlation in this data set is the relationship between gas and nuclear resources 

with a total of -63.73% correlation coefficient. This is astonishing, since gas is usually a peak 

load and nuclear a base load. However, in this case it seams that it is the opposite and that both 

loads are “competing” against each other.  

 

Figure 52: Scatterplot of nuclear and total gas in the United Kingdom for all the years. 

7.4.3.4. Portugal  

Portugal is a very interesting country due its close ties to the Spanish electricity market. Both 

are especially mutually dependent on one another as they have the same market operator. 

However, Portugal employs the most diverse energy source among all geographic regions 

analyzed (this is because the data is directly from REN the system operator). Similar to Spain 
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they also had the so called “regimen especial” in place, and thus make it more difficult to 

distinguish a true correlation.  

Portugal is the only geographical area to employ geothermal heat. Looking at it, geothermal 

showed the highest correlation between oil (-67.93%) and gas (-32.23 %). Geothermal 

especially shared an interesting relationship between coal. The total correlation between coal 

and geothermal is a 19.42%. This is a low correlation but looking at the scatterplot below coal 

and thermal share a negative relationship during the cold months and a positive relationship in 

the warmer months.  

 
Figure 53: The scatterplot of hard coal and geothermal (left) and the facet plot of hard coal and geothermal by season (right) 

for Portugal for all the years. 

This one example where the correlation is different for each season. For example, here the 

correlation for Winter is -7.08%, Autumn 1.92%, Spring 19% and Summer 24.9%.  

At this point it would be interesting to invest more time on the imports, because of the close 

ties to Spain. They are thus important because the correlations between imports and other 

energy sources could prove the tight relationships between Spain. And indeed, imports share 

some correlation with run of rivers (-47.85%), wind (-31.56%) and hydro (-39.31%).  

7.4.3.5. Alberta / Canada  

One of the more “exotic” countries compared to the other energy types is Alberta. Alberta is 

currently in a transition away from coal based resources to exploit more gas from shale gas. 

Therefore, a high correlation between coal and gas energy is expected. Both energy resources 

share a total of -94.21% of correlation. This is a very high correlation and the highest in all 

analyzed countries. This relationship is illustrated in the figures below. Additionally, the 

density plots suggest a multimodal distribution, and not a log-normal distribution.  
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Figure 54: Scatterplot for gas and coal (left) and the scatterplot of gas and coal with density plots on the sides (right) for 

Alberta/Canada. 

  
A difficulty with the Alberta dataset is the definition of the “other” resources, since as in the 

Spanish dataset it is a cluster of many energy types, such as wood chips and other biomass. 

However, this cluster of “others” shares a positive correlation with gas (47.28%) and a negative 

correlation with coal (-52.35). This is evidence that when gas increases electricity production 

from biomass also increases.  

7.4.3.6. Finland 

The last dataset to look at, is the dataset of Finland. Finland is pretty much based on biomass 

production and nuclear energies. Additionally, it shares borders with Russia, which is a large 

producer of gas resources. It goes without saying that most of the imports come from Russia 

(Ochoa & Gore, 2015). The Finnish electricity market is a so called high price area and the 

Russian electricity market a low price area (Ochoa & Gore, 2015). Finland relies on the cheap 

imports from Russia and on cogeneration, so we expected both to be highly correlated. And 

indeed, this correlation is justified by a total negatively shared relationship of -75.21%.  

 

Figure 55: The Scatterplot of cogeneration and imports (left) and the scatterplot with the density plots on the sides for 
cogeneration and nuclear in Finland for all the years. 
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The above figure also perfectly underlines the nature of the bimodal distribution as the “clouds” 

are disbursed. For example, in winter the consumption of cogeneration is rather high with less 

relevant imports, where as in the hotter seasons cogeneration is reduced and imports increased. 

This may also reflect on the price difference between the two energy types, since few and 

frequent imports in summer may be cheaper than continuously firing up cogeneration resources. 

In the colder months, however, cogeneration is running continuously and thus cheaper from the 

perspectives of marginal prices.  

 
 
7.4.4. Reasons against the Linear Regression  

As already indicated the linear regression model may not be the perfect tool for assessing the 

relationship between two-time series, due to some dependent structure in the data itself, which 

are not accounted for (Hyndman & Athanasopoulos, 2012).  

First of all, some of the conditions may not apply, because the data is “not necessarily 

independent and not necessarily identically distributed” (Romer, 2016; Shumway & Stoffer, 

2015). This is because in the time series analysis ordering of the data matters. It is important, 

because there is dependency in the order itself (autocorrelation) and changing this order would 

mean changing the data. This correlation is not accounted for in the linear regression.  

Due to the reason that time series share a within dependency and violate the assumption of 

independent errors for the linear regression, we additionally perform a general time series 

analysis (Hyndman & Athanasopoulos, 2012). Additionally, in the electricity market we expect 

that when electricity is produced an other energy source is prone to respond to these changes. 

These changes are not discrete, happening from instance to another but rather gradually over 

time. Hence, assuming time series data we can look at the correlations between the lags of 

energy types. For example, if wind electricity increases in the time t, by how much does coal 

increase or decreased in t +1? Another advantage of the time series analysis is that the 

correlations may be asymmetric not like in the linear correlation analysis. For example, an 

energy source (x) may explain a certain percentage of variation in an other variable (y), while 

at the same time the other variable (y) does not describes the same variation in x.  

Since the time series holds a lot of potential it is very beneficial to include the time series 

analysis and to compare the results from linear regression with the correlations with the time 

series analysis.  
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7.5.  Time Series Analysis  

The time series is an additional approach to identify correlations between two energy sources. 

Different from the linear regression model, the time series may reveal correlations between two 

energy type that are shifted in time relative to each other (Meko, 2015). The aim is to analyze 

the delayed response of one-time series to another (Meko, 2015). The cross-correlation analysis 

may be a useful model to correlate between two time series against one another as a function 

of number of observations of the offset (Meko, 2015). In other words, the cross-correlation is a 

helpful method to identify lags of the x-variable that might be useful predictors of a\, when the 

series is regarded on a “equal footing” (pre-whitening).  

The aim of this time series analysis is not to replace the correlations found in the linear models, 

but to add on to it. So in order to perform the time series analysis, some assumptions were made, 

explained in the next chapter.  

 

7.5.1. Assumptions for Time Series Analysis  

As previously explained the aim of the time series is to support the decision whether two energy 

sources share a relationship. Therefore, the findings in this chapter do not rule out the findings 

in the linear regression but should support the decision whether there is or is not a relationship.  

The time series analysis is performed in R. R is a statistical programming language that besides 

common statistical practices, can also do time series computations. All the codes written and 

applied for the time series are attached in the portable drive.  

First of all, the size of the data sets where reduced, because of the overall time to run a model. 

The total observations for each dataset was reduced to hourly data (the daily dispatch occurs 

hourly), and therefore should lead to 8760 observations per year. Since the datasets covered at 

least three years, the total count of observations would at least be more than 26000 observations. 

Running a preliminary analysis for only one relationship lead to a total running time of 30 

minutes. Since, the thesis aims to investigate more relationships for different countries and fuel 

types, the dataset was narrowed down to one year. This again lead to an improvement but still 

required a lot of time. The optimal size for running a preliminary analysis was found to be one 

month for hourly data. For this, the year 2012 and September was selected as a reference month. 

The reason why September was select is because of the transition between summer to fall. 
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Hence, the energy consumption is estimated to rise, and therefor should lead to a slight trend in 

the dataset. Still performing the analysis required a considerable amount of time for one 

relationship, therefore only three geographical areas are considered. The analysis is performed 

on Finland, Spain and Alberta. The reason for selecting these countries is to cover a large 

geographic spread with a unique and individual energy mix. Together all three data sets have a 

total of 17 different energy sources. Spain has six different energy sources, Finland has six 

different energy sources and Alberta has 5 different energy sources. This means when analyzing 

the different relationships, a total of 97 unique relationships have to be modeled. Obviously, 

modeling a ARIMA model for 97 pairs, is a lot of work and would require too much time. 

Therefore, based on the works of the Simon et. al. (2016) and the works of Dettling (2012), a 

function was defined that performs the analysis. The function is also attached on the portable 

drive.  

The function therefore performs the ARIMA model, fits the y series to the ARIMA model of x 

and correlates between the residuals of x and the adjusted y series (The fitting of the ARIMA 

model is based on the smallest AIC28). The output of this functions are the ACF and the PACF 

plots for each energy type, the cross-correlation plots, and stores the respective maximum and 

minimum correlations at the respective lag in four different matrices. A maximum of ±10 lags 

(10 hours) is considered valid. The reason behind this is that it is would be unlikely that energy 

responds to each other in such a long time frame, since the ramp up and ramp down times for 

different generators is faster. If there would be a relationship, this would be due to a random 

incident in the data (spurious correlation). However, the cross-correlation analysis is just an 

approximation to indicate whether there may be a relationship or not. There may also be 

possible values that the function does not catch, since only one maximum value is filtered out. 

Therefore, the plots help us to visually assess potential relationships at different lags. The 

matrices are illustrated in annex G.  

Additionally, the energy sources are not adjusted for and fitted individually. This means that 

the differencing of ARIMA models does not take increasing variance into account (log-

transform or ARCH models). Considering the timeframe, this is a reasonable assumption 

because the total timeframe considered is one month. In this period the variance of the energy 

sources should not increase, because energy supply increases are usually more gradually over 

longer period of time. However, what may increase is the trend. Therefore, the function 

                                                
28  AIC: Akaike Information Criterion, is a measure of the relative quality of statistical models for a given set of 

data and compares the models to one another.  
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automatically, considers a differencing term in the ARIMA model in order to correct the 

increase.  

 

7.5.2. Univariate Statistics of the Time Series Analysis  

Following the same pattern for the linear regression modeling, the purpose of the descriptive is 

to give us an insight of the data. For this some of the energy sources are select and visually 

compared to one another. Similar, to the previous descriptive statistics this analysis is done by 

country. 

7.5.2.1. Spain  

Spain only has a total of six different energy sources that produced during September in 2012, 

which where coal, hydro, gas, nuclear and biomass (regimen especial). All six are also 

considered in the time series. Additionally, negative values are also considered. The negative 

values occur for the hydro resources, since Spain combines pumping and hydro energy supply 

at the same time.  

The first thing to look at is the raw (not manipulated) time series and to understand the 

background of the data. It should also show some preliminary assumptions concerning the data. 

In figure 56, we can see three different energy types in Spain.  

 

Figure 56: The seasonal effect on the time series data of the generation mix in Spain for September 2012. 

The figure above shows an entire month of the time series to the left and a time series for a 

week on the right. It is common for the energy data to start on Sunday and end on a Sunday, 

due to the weekly dispatch modelling. The figure to the right is the weekly time series and 

indicates a seasonal pattern. The different values go up and down and should have an impact 

on each other. The left figures show the entire data together. It is a bit messy, due to the many 
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lines, but if one focuses on the peaks, there are seven high peaks in the seasonal pattern itself. 

This is the daily pattern of the energy consumption. What is clearly visible from the graph is 

that coal moves against the movement of wind energy. Hence, it makes “space” in the grid for 

the wind electricity supplies. This may be a hint that coal and wind share some relation. Looking 

at the relations between nuclear, there does not seem a too big variation expect for a daily 

seasonality. Nuclear energy seems to be stable throughout the time and probably only 

corresponds to the demand in the energy system.  

Another helpful graph to understand the data behind, is to decompose the graph as shown 

below.  

   Coal    Nuclear   Wind 

 

Figure 57: The decomposition of the time series data by season, trend and reminder for Spain in September 2012. 

Decomposing the graphs shows us the underlying features of each time series. The trend seams 

to be more or less to follow a seasonal pattern going up and down, for the base loads. Wind on 

the other hand, looks like it is more random. This is also shown by the residuals. The residuals 

at the bottom are the difference of a point to the trend line, and thus illustrates the randomness/ 

noise in the model. The seasonal graph filters the pattern in the model and because we observe 

30 days in September should indicate 30 peaks.  

So far we described the seasonal pattern of the univariate time series, there are also plots that 

may prove the assumption that the time series is autocorrelated. An example is to check for the 

different lag plots. The lag plots show the auto correlations of the different lags.  
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Figure 58: The lag plot of the univariate time series of wind in Spain for September 2012. 

The figure above describes a nearly perfect linear relationship at different lags. The correlation 

coefficient is illustrated in the top right corner, and like the linear regression model ±1 are the 

maximum and minimum values respectively. However, this figure proves why the time series 

analysis is valuable as it proves autocorrelation.  

The next figure shows the lagged linear regression between two-time series. This figures 

describe the potential relationship between wind and coal at different lags for coal. This may 

be a first indicator that there is indeed a relationship. This is because the correlation between 

the two-time series increases while going back in time. However, this is just and indicator 

because the time series has not been pre-whiten.  

 

Figure 59: The lagged regression analysis with respective correlation between wind and coal in Spain for September 2012. 
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7.5.2.2. Finland  

Finland does not have a great mixture of different energy technologies. Finland belongs to the 

Nordic countries and has mild summers and cold winters. So therefore, it may be possible to 

see the transition from summer to autumn in the time series figures. However, in the figure 

below one does not explicitly see these effects too well.  

 

Figure 60: The seasonal effect on the time series data of the generation mix in Finland for September 2012. 

From figure 60, the daily variations are very nicely portrayed as they have a frequent rise and 

fall pattern. Especially, the weekly energy production shows nice peaks. If one looks more 

closely one can see that hydro is incongruent to nuclear and coal. Or in other words, the time 

series are lagged to each other. This could be evidence that either time series has an impact on 

one another.  

Looking at the two decomposition models of nuclear and cogeneration one clearly can see a 

drift in the trend for the energy consumption. The trend for nuclear energy seemed to be 

dropping over a period in time and then at the end of the months drastically increases again. I 

can not explain this pattern, besides assuming this was due to the weather. Cogeneration, on the 

other hand, experienced a high increase and then an imminent steep drop during the month. The 

energy consumption, for cogeneration shifted upwards (by shifted we mean a new mean in the 

trend).  
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       Nuclear       Cogeneration 

 
Figure 61: The decomposition into season, trend and remainder for nuclear and cogeneration in Finland September 2012. 

The residuals seem to be random and not increasing, which is a good sign. However, the 

decomposition of the model already shows interesting feature such as nuclear is decreasing in 

time when cogeneration is increasing and vice versa.  

 

Figure 62: The lag plot of nuclear energy in Finland September 2012. 

The univariate lag plot for nuclear electricity, also shows autocorrelation just like Spain. This 

is evident due to the strong positive relationship between the different lags. The autocorrelation 

seems to get weaker and weaker as the the lags increases.  

When performing a simple lagged regression to cogeneration and nuclear energy, the 

correlation coefficient also increases (negatively) going back in time. This may be a good sign 

since both time series are correlated. However, the lagged correlation is still rather weak. Again, 

this is just a preliminary lagged regression and further processing is needed to identify a more 

accurate correlation to the two-time series.  
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Figure 63: The lagged regression of nuclear and cogeneration and the respective correlation for Finland September 2012. 

 
7.5.2.3. Alberta / Canada 

Alberta is one of the most interesting regions in this analysis, since the majority of its energy 

sources comes from two energy sources (gas and coal). Therefore, we expect a relatively flat 

and constant energy supply of the coal and gas, since they run constantly to feed the demand. 

This assumption is evident in the following time series plot.  

 

Figure 64: The seasonal effect on the time series data of the generation mix in Alberta/Canada for September 2012. 

Only at one point the generation mix overlap. This incident seemed to be a very short incident 

in the mid of September. Here it seems that coal and gas, “play” with on another, and when 

energy sources go down the other one goes up.  

The decomposition figures below, indicate a slight trend for the coal resources and a constant 

generation of around 55% for gas. The bars to the right (in each column; trend, seasonal, trend 

and residuals) indicate the mean for the graphs, and at the end of the month, they seem to be a 

bit off, + 5% for coal supply and -3% for gas energy data. However, the residuals show some 

pattern of seasonality in them, since they move sinusoidal, which means another differencing 

term may be key for a good analysis.  

 



  Statistical Analysis 
 

 78 

    Coal    Gas 

 

Figure 65: The decomposition into season, trend and the remainder for coal and gas in Alberta for September 2012 

Checking for the autocorrelations, indicates that there is a strong relationship within time for 

the lags for gas. This is not surprising but still underlines the assumption the linear regression 

from the previous chapter may not be the correct way, in order to determine a bivariate 

regression.  

 

Figure 66: The lag plot for gas in Alberta for September 2012. 

The linear regression model assumes a nearly perfect correlation of -93%, and comparing it to 

the lagged regression (in the figure below) the correlation is reduced to roughly -73% getting 

higher (towards positive), moving back in time. Still this is a good correlation coefficient and 

again underlines that there may be some cross-correlation between these two-time series.  
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Figure 67: The lagged regression with the respective correlation for coal and gas in Alberta for September 2012. 

 
 
7.5.3.  Results of the Transfer Function Model  

As already indicated in the introduction, the cross-correlation is an approximation and more 

time may be needed to properly adjust a time series. As Box and Ljung (1977) put it “all models 

are wrong but some are useful”. However, due to the total amount of the relationships we 

wanted to investigate, the best was to create a function that automatically conducts the transfer 

function model. Additionally, Dettling (2012), indicates that “interpreting a time series model 

is a difficult task and requires a throughout investigation”. The function may not be perfect to 

adjust the ARIMA model but as Wiesner et al. (2016) states, “it’s not absolutely crucial that 

we find the model for x [dependent variable] exactly”. The function is a good approximation to 

the ARIMA model and is able to pre-whiten a series and should give us a good reason to believe 

in relationships between two-time series. In order to validate the assumptions and coding, 

interviews with Muñoz (2016) indicated that the results of the function are appropriate.  

For this chapter we specifically give one transfer function model example for every 

geographical region, and therefore refer to the annex G and the portable drive to consult the 

results of the transfer function model. The steps for presenting the results is as follows:  

1. First the ACF and the PACF is investigated to identify the corresponding ARIMA 

model and the seasonal ARIMA model.  

2. Then we check whether the adjusted seasonal ARIMA model is white noise for one 

of the time series. (pre-whitening) 

3. Perform the cross-correlation evaluate the results, and comparing them to the linear 

correlations.  
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7.5.3.1. Spain  

From the previous chapter, the relationship between coal and wind seems to be very interesting 

to check for. This is particularly interesting, since coal may be the responder generator to wind 

resources, in order to stabilize the load in the electricity network. From the linear regression a 

(for 09.2012) total of -85.09% of a correlation coefficient could be determined. This is a very 

high correlation and may prove that coal primary responds to changes in wind energy.  

The first step is to check the ACF and PACF for coal to determine the ARIMA model in order 

to transform the residuals to a white noise series. For the sake of simplicity coal is determined 

as the fixed (dependent) variable and wind the non-fixed (independent) variable.  

 

Figure 68: The ACF and PACF for coal in Spain for September 2012. 

Already from the ACF it seems that coal requires some transformation, due to autocorrelation 

and seasonal autocorrelation. Looking at the PACF after two lags, the correlation cuts off, 

which is an indicator for a AR(2) model. Additionally, at some other lags such as 0.15, it seems 

that an additional MA(1) model is needed. Due to the slight seasonal pattern, a seasonal 

differencing and normal differencing is also tested, thus SI(1) and I(1). Therefore, the complete 

ARIMA model for coal looks like ARIMA(2,1,1)(0,1,0)[168], where the 168 (24*7=168) is the 

seasonal pattern of the week. Introducing the backshift operator (|(Q\) = Q\B>), a function that 

makes the entire model look more nicely leads to a complete ARIMA function:  

(1 − ∅>| − ∅(|
()(1 − |)(1 − n>|

>�Ä)a\ = (1 + n>|))\ (without a constant term) 

(red = AR; green= I; gold = SI; black= MA;	a\= Dependent variable; )\= Error ) 

As a side note the ARIMA model for wind is ARIMA(1,1,2)(0,1,0)[168]. In order to be sure 

that the model is indeed a good fit, the residuals have to be checked whether they resemble a 

white noise series. This is done by checking the ACF. Additionally, the next figure also shows 
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a preliminary cross-correlation between the coal and wind, taking their ARIMA model structure 

into account.  

 

Figure 69: The ARIMA model residuals of coal (top left) and wind (bottom right) and the preliminary cross-correlations for 
coal and wind with the ARIMA adjustments on the diagonal. 

From the figure above, the residuals for both coal and wind, seem to be a good fit, since most 

of the residuals do not exceed the confidence interval of 5%. These are signs for a white noise 

series. However, there seems to be some seasonality, since at lag 1, both coal and wind, show 

a significant negative lag. In order, to be completely sure an additional Ljung-Box test for the 

residuals is performed.  

 

Figure 70: The check for the residuals of the adjusted ARIMA model for coal in Spain for September 2012. 

From the figure above, the residuals do not follow a normal distribution, and non of the 

residuals are significantly different from one another (the very bottom graph). These are signals 

that the residuals may still show some autocorrelation. However, the ACF of the residuals 

indicate that the residuals are white noise, since the majority do not exceed the confidence 

interval of 5%. However, as Romer (2016) and Hyndman & Athanasopoulos (2012), indicate 

that the residuals must not “perfectly” follow a white noise series, an approximate is already 
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good enough to ensure a good cross-correlation. Following this assumption, the ARIMA model 

is assumed to fit good enough for our purposes.  

The last step is to pre-whiten the wind series by the ARIMA model of coal and then to perform 

the cross-correlation between the residuals of the coal ARIMA series and the pre-whitened 

wind series. The results are indicated in the figure below.  

 

Figure 71: The cross-correlation between coal and wind in Spain for September 2012. 

The figure above shows some significant correlations around lag zero. This is a good sign and 

indicates that there is a strong negative relationship between the coal and hydro time series 

around the lag zero. The strongest negative correlation is at lag zero and at -32.62%. This, can 

be considered a strong correlation (a strong correlation is relative of the series one investigates). 

The next significant cross-correlation is at lag 1, and roughly 18%. This indicates, that wind 

energy leads coal energy and thus one can predict changes in coal energy dependent on wind.  

Going back to the assumption that the cross-correlation is asymmetric this is proven by 

interchanging the dependent with the independent variable. Hence the dependent variable is 

wind and the independent variable coal. The results reveal that wind may explain -23.29% of 

the movement of the variance in coal at lag zero. The total difference by interchanging the 

independent and the dependent variable is almost 10%, which is quite an amount. This may be 

evidence that the linear regression model may not be the perfect model to determine a 

relationship between two-time series.  

7.5.3.2. Finland 

The Finish electricity market shared some interesting relationship between cogeneration 

(dependent variable) and nuclear (independent variable) energy, and therefore both will be topic 

for the cross-correlation. A reason why this relationship is preferred to the relationships 

between hydro electricity, is because both have a slight upwards trend as it becomes colder in 
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the September. The results of the linear correlation between cogeneration and nuclear, on the 

other hand, shows a correlation of -28.94%.  

The first step is too having a look at the ACF and the PACF of both energy types.  

 

Figure 72: The ACF and PACF of cogeneration in Finland for September 2012. 

The figure above, shows an interesting pattern. It is clear that a AR transform is needed, since 

the PACF cuts of after some lags and the ACF is tampering to zero. These are signs that a AR(2) 

is necessary. Since, the PACF shows some signs to increase at lags 0.15, an additional MA(1) 

could be useful. On top of this, a seasonal adjustment is necessary by differencing, due to the 

fluctuating behavior of the ACF. Looking at the tampering behavior of the ACF, a normal 

differencing might be necessary. Therefore, the selected seasonal ARIMA model for 

cogeneration is ARIMA(2,1,1)(0,1,0)[168]. The 168 stands for a multi-seasonal model, which 

takes into account the daily as well as weekly variations (24*7= 168). The ARIMA model for 

the nuclear time series is similar, and shows signs to follow the model 

ARIMA(1,1,0)(0,1,0)[168]. Analyzing the ARIMA formula by the backshift operating formula 

for nuclear will look like this: 

(1 − q>|)(1 − |)(1 − |
>�Ä)a\ = )\ (without constant term) 

Checking the residuals of both models and performing a short cross-correlation shows that the 

residuals are white noise, except for one at lag 1. This, however, may be due to randomness in 

the data and may be neglected.  
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Figure 73:The ARIMA model residuals of cogeneration (top left) and nuclear (bottom right) and the preliminary cross-

correlations for cogeneration and wind with the ARIMA adjustments on the diagonal. 

The ARIMA models seem to be a great fit since no residuals, except for some minor ones reach 

beyond the significances threshold. To be completely sure whether the ARIMA model is a good 

fit or not, one can look at the four different things; the standardized residuals (look good), the 

ACF of the residuals (look good), the normality of the residuals (look good) and the Ljung-Box 

(which does not look too good).  

 
Figure 74:The residual plots of the adjusted ARIMA model for cogeneration in Finland for September 2012. 

At this point, to analyze a relationship between the two series one series has to be pre-whitened. 

As earlier determined, the nuclear time series is pre-whitened by the ARIMA of cogeneration, 

to identify a potential correlation between them. The results are shown in figure 75.  
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Figure 75: The cross-correlation between cogeneration and the pre-whitened nuclear time series in Finland for September 
2012. 

From the figure above, it is clear that both time series share some significant relationships, but 

are not too high, like in the linear regression analysis. However, the lowest negative value 

(strongest correlation in the negative direction), shows a total of -13.46% correlation at lag 

0.422619 (this lag corresponds to +7 hours). This may not necessarily be too bad, but it shows 

that it is above the threshold significance value of ±7.30%. After an entire season of one week, 

one hardly finds significant correlation and thus can interpret that these occur by chance. On 

the other hand, there also seems to be some correlations close to the lag zero, with a sinusoidal 

pattern. The sinusoidal pattern seems to increase towards the lag zero. Therefore, both series 

show some correlation.  

In order to proof the asymmetry of the cross-correlation, the nuclear energy is now fixed as the 

dependent variable and is cross correlated with cogeneration. Different, from the results above 

the maximum negative cross-correlation between nuclear and cogeneration is -14.55% at lag -

0.4226190 (equal to hour negative 71). The correlation is not very high but still significant and 

proofs that the correlation between two variables are asymmetric. The reason why they are 

asymmetric is due to the pre-whitening of the different models.  

7.5.3.3. Alberta / Canada  

In Alberta gas and coal share a particular interesting relationship. Both energy sources together 

dominant the electricity market. Therefore, it would be interesting to analyze the relationship 

between both series. Coal and gas share a -76.65% of correlation among each other in the linear 

regression model. This may not be necessarily true for the cross-correlation.  

First the ACF and the PACF are plotted to identify the potential ARIMA structure behind the 

model. In this example the ACF and the PACF is plotted for the coal time series.  
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Figure 76: The ACF and PACF for coal in Alberta for September 2012. 

From the figure above, the ACF is tampering to zero and the PACF cuts of after two lags. This 

may indicate a AR(2) structure. The adjustment additionally, requires one regular differencing 

term I(1) and a seasonal differencing term SI(1). The PACF cuts of after lag p, but at different 

lags as 0.15 it shows some significant relationships along the way, this could be a sign that an 

additional MA(1) term is necessary. Concluding for the ARIMA model of coal, a 

ARIMA(2,1,1,)(0,1,0)[168] could be identified. This has the following backshift operating 

formula:  

(1 − q>|	 −	q(|
()(1 − |)(1 − |Å)a\ = (1 + n>|))\ (without a constant term) 

After adjusting for the model, the residuals have to be analyzed, by the respective adjusted 

ACF.  

 

Figure 77:The ARIMA model residuals of coal (top left) and gas (bottom right) and the preliminary cross-correlations for 
coal and gas with the ARIMA adjustments on the diagonal for Alberta in September 2012. 

The ACF for both series, look ok. There, is a slight drift at lag 1, which is a seasonal correlation. 

However, the seasonal pattern is not repeated for lag 2 and lag 3, and thus we can infer that the 

model is suitable. Additionally, to the ACF residuals one should also analyze for the normality 

of the residuals, by the Ljung-Box statistic.  
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Figure 78: The residual plots for the fitted ARIMA model for coal in Alberta for September 2012. 

The reason is to look at the residuals to check whether the residuals are white noise. The results 

do not look too promising, since they do not follow a normal distribution and only a few values 

are above the 5% confidence interval of the Ljung-Box statistic. However, the ACF looks good 

enough to continue with the analysis.  

The cross-correlation between the coal and gas in Alberta, fixing for coal, shows some 

significant relationships between both. The figure of the cross-correlation is illustrated below.  

 

Figure 79: The cross-correlation between coal and the pre-whitened gas in Alberta for September 2012. 

There is a very strong significant relation between both at lag zero. The correlation at lag zero 

is -76.28% and very significant. This high correlation makes sense, since both energy types 

dominate the electricity market and thus a change in the other has an impact on the other. The 

correlation is slightly lower than the correlation in the linear regression model, but clearly 

shows a relationship between the two energy types. Also nice to see, is a significant correlation 

at lag 1, which is one week. This means that coal and gas, share a seasonal correlation of one 

week. In other words, the lag or lead of either both energy types may predict the “movement” 
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of the other one week in advance. The seasonal correlation (weekly) is positive opposed to the 

strong negative correlation at lag zero. It is positive, simply because the cross-correlations 

perfectly lines up against each other at this lag.  

In the end, coal and gas, share a strong negative correlation and thus, one variable (energy type) 

may predict the other. Checking for the asymmetry, it shows that coal and gas share both a 

negative correlation and both at lag zero. Further more, pre-whitening for coal and performing 

the cross-correlation shows a negative correlation of -75.66%. This is a bit lower compared to 

the explained cross-correlation, but underlines the asymmetry of both and that both share “in 

common trends”. Checking for the positive lags at lag ±1, it shows a significant correlation of 

21.87% (Coal and pre-whitened Gas).  
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8. Monte Carlo Sampling    

The aim of this chapter is to gain an insight whether Monte Carlo (MC) sampling from the 

parent population (real data) may produce a better uncertainty compared to the Ecoinvent MC 

sampling procedure. This is done as an alternative since correlated sampling did not lead to the 

desired results. As a short reminder, only Ecoinvent v 2.2 considers uncertainty for the 

generation mixes, which is based on a predefined log-normal distribution and has a reference 

year of 2004/2005. Our parent data, only reaches back to a maximum year of 2007. And in 

order to be able to compare the datasets, it was decided to implement the data from Ecoinvent 

v 3.2 to the uncertainty structure in Ecoinvent v 2.2. The comparison between the different 

databases (distributions) is done by the different impact categories.  

The programming is performed in Brightway v 2, which is based on the python programming 

language. Hence, the aim is to implement the MC sampled results from the parent data and the 

log-normal distribution from Ecoinvent v 2.2 but median adjusted for Ecoinvent v 3.2 in to the 

technosphere matrix of an LCA. As explained in the previous chapter 4, the technosphere 

contains all the information of subjects that may influence the impact categories.  

This chapter is structured in the following way. First of all, we provide for a short introduction 

to Brightway v 2 and its purposes. Then we describe some of the failed approaches. We then 

present the approach that actually enabled us to perform the MC sampling, and the way the data 

had been manipulated and then present the findings. 

 

8.1. Introduction to Brightway v 2 

Brightway v 2 is a open source framework for LCA and is designed to “break the limits“ of a 

conventional LCA (Mutel, et al., 2016). The advantage of Brightway v 2 is that it runs on the 

programming language of Python, with nice Jupyter notebooks, and thus allows to try new ways 

in computing an LCA. Brightway is not intended to replace famous LCA software’s such as 

SimaPro or OpenLCA, but can be regarded as an additional tool for research. Because, the 

software is a combination of the programming interface, it allows for more freedom for 

performing an LCA, thus allows for changes in the technosphere-matrix.  
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8.2. Failed Approaches to Monte Carlo Sampling  

Along the thesis many approaches have been tried, but some of the approaches did not work 

out. Therefore, it may be a good start to explain some of the approaches and the limitations 

that were faced.  

The original idea was to include the correlations found earlier in this work and perform a 

correlated MC sampling. One method in doing so is to implement the Cholesky decomposition 

method. This method is a decomposition method that is able to break down the structure of a 

compressed sparse matrix and one should be able to sample from the correlated relationships. 

However, implementing it into Brightway v 2 and consequently into the LCA framework, one 

was not able to attach the code to the technosphere matrix. Additionally, the conditions were 

not satisfied since most of the distributions did not follow the normal distribution. Due to this 

limitation, we tried different approaches.  

One approach was to work directly on the technosphere matrix itself. The assumption was to 

simply replace the matrix in which the data is stored with the parent data obtained. This 

approach was not feasible because one of the arrays (indptr) in the compressed sparse row 

(matrix that includes; indices, indptr, and data), which allocates the data to the process, was 

difficult to recode and required a strong mathematical background. Therefore, this assumption 

was neglected.  

The second assumption was to modify the sample array before it is used to generate a new 

technosphere matrix. In other words, before the data is applied for the calculation, a new array 

is created, which the technosphere matrix gets its information from. The presumable advantage 

of this method is that it allows us to access the input and output arrays for the MC samples. 

Despite this approach being a nice way of coding, it did not work. The assumed reason why 

this approach did not succeed, is because the technosphere sample array is transformed before 

it can be used to construct a matrix. The potential problem is that the transformation occurs on 

the sample array, which at the same time means it can not be used for building the matrix, since 

some elements changed. The conclusions are that if an element has already been used in the 

technosphere it is not allowed to be build in the technosphere matrix again. However, further 

investigation may be needed, but due to time constraints this approach was abandoned.  
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8.3. Actual Approach to Monte Carlo Sampling  

After all the previous attempts to modify the basic structure in technosphere matrix. The 

approach that ultimately worked was to individually modify the matrices elements one by one. 

Comparing this approach to all the previous attempts, this can be regarded as the most “easy” 

approach. A code (attached in the portable drive), was written that samples from the population 

and Ecoinvent distributions, stores the outcome into the technosphere matrix and runs the 

outcome. This leaves us with an outcome for every energy mix. The electricity mixes are then 

normalized amongst each other including losses (for both Ecoinvent and the parent data), so 

the energy mix should sum up to 1 (including losses). Hence, the outcome is the shared energy 

mix in the country, and describes what portion out of 1kWh (including losses) is contributed 

by which energy type. Since, this process runs multiple times, (5000 times to be precise), the 

energy mix in the 1kWh at the high voltage distribution network is going to change each 

iteration. Running, the MC multiple times therefore gives representative results in terms of the 

energy mixes.  

 

8.4. Data Manipulation for Monte Carlo Sampling  

The countries that are selected for the MC sampling is Finland and Spain. Only two countries 

could be selected, due to time issues. The reason why these countries are selected is because, 

their energy market is not dominated by one energy type (France), they exist in the Ecoinvent 

v 2.2 database (Alberta), and they are not similar too each other (Portugal to Spain). The United 

Kingdom was ruled out, simply due to interest.  

In order to compare the data in Ecoinvent and the parent data, the data had to be trimmed to the 

year 2012. Remember, Ecoinvent v 3.2 considers annual averages of 2012 as reference year 

and in order to make them comparable, the other years of the parent data were neglected. 

Additionally, Ecoinvent v 3.2 does not consider uncertainty for the generation mixes (seized 

from the markets) and therefore is fitted into the Ecoinvent v 2.2 framework. The data 

considered for computing the uncertainty distributions, including LCIA indicators in Ecoinvent 

is attached in annex G. The data is normalized and illustrates the total percentage share of 

electricity production.  
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8.5. Results of Monte Carlo Sampling  

The MC sampling enables us to run many rounds of a normalized 1kWh electricity mix for all 

energy types. Each energy type has a different environmental impact, depending on the 

resources they consume and the type of emissions. The means to compare the impact of a 

product onto the biosphere in an LCA, is by impact categories (which we also used). Impact 

categories can be described as a classification of the type of impact that result from an activity. 

The impact categories are country specific and change with the composition of the energy 

mixes. For example, if a country would only produce their entire energy from coal, a higher 

CO2 emission is expected, compared to a country that only supplies wind energy. For the 

purpose of comparing electricity supply, a good environmental impact indicator would be the 

Global Warming Potential (GWP), Ecotoxicity and ReCiPe total.  

The results for each of the impact categories are split into three “groups” and illustrated by 

violin plots. The blue violin illustrates the non normalized but median adjusted (by Ecoinvent 

v 3.2) samples from Ecoinvent v 2.2. The green violin illustrates the normalized but median 

adjusted (by Ecoinvent v 3.2) samples from Ecoinvent v 2.2 And the red illustrates the 

normalized sample results from the population in violin plots. The reason to normalize the 

results from the median adjusted results from Ecoinvent is to make the samples comparable to 

one another.  

 

8.5.1. Ecotoxicity Indicators  

Ecotoxicity describes a number of effects on the soil and water. This includes biodegradability 

and potential bioaccumulation. All these potential effects are clustered into a single parameter 

called the toxic Equivalence Factor or EF (Stranddorf, Hoffmann, & Schmidt, 2005). The 

substances that govern the EF are organotin compounds, metals, organic substances/persistent 

organic pollutants and pesticides (Stranddorf, Hoffmann, & Schmidt, 2005).  

The reasons this category is interesting for investigation is, because some energy types are 

prone to soil pollution and water contamination (for example acidification for coal). Therefore, 

it can be assumed that an increase in shared coal electricity, that more ecotoxins are released to 

the biosphere.  
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8.5.1.1. Spain  

Since, Spain generates roughly 20% from their total electricity supply from coal, and coal is a 

causer for acidification, it is assumed that the uncertainty for ecotoxins could be larger in the 

population sample. The ecotoxicity is an interesting indicator for electricity emissions, because 

of the combination of direct visual effects as well as long term effects, compared to the GWP. 

The figure below describes the standard non-normalized but median adjusted (by Ecoinvent v 

3.2), the normalized sample of Ecoinvent and the normalized sample from the parent data.  

 

 
 

Figure 80: The violin plots for the ecotoxicity impact category in Spain for the normalized and median adjusted Ecoinvent v 
2.2 and the normalized parent sample in CTU (Comparative Toxic Units) for 2012. 

From the figure above, it is clear that the distributions do not differ too much from one another, 

except for the spread of the tails. It is interesting to see that the tails are very long for the MC 

sampling of the population data. This means that in rare cases that a higher indicator could be 

sampled, and hence means a higher emission. The reason why these indicators do not change 

the distribution, is because the EF is most probably controlled by the metals production. This 

includes mining and other activities.  

8.5.1.2. Finland  

The same assumption that are made for Spain also applied to the case of Finland. Hence, some 

energy generators are land intensive and thus may emit toxins to the biosphere. Again, it is 

assumed that the uncertainty for the population from the MC sampling would be much greater 

than the uncertainty sampled from Ecoinvent v 2.2 (median adjusted). Comparing the violin 

plots in the figure below, shows that this is not the case and that the distributions are similar to 

one another.  
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Figure 81: The violin plots for the ecotoxicity impact category in Finland for the normalized and median adjusted Ecoinvent 

v 2.2 and the normalized parent sample in CTU (Comparative Toxic Units) for 2012. 

The above figure 81 also indicates that all three violin plots may follow the log-normal 

distribution, due to the long tail in each of them. However, the tail in the population sampling 

indicates that in rare cases the ecotoxicity may be higher.  

The reason why the distributions look alike, is because the metal substance outweighs the 

impact that result from electricity. And therefore, energy compared to metal production and 

mining does not influence this impact category too much.  

 

8.5.2. Global Warming Potential  

As the name already implies, the global warming potential, describes substances that are 

defined as “substances which at normal temperature and pressure are gases and: a) absorb 

infrared radiation or are degraded to CO2 and b) have an atmospheric lifetime sufficient to 

allow a significant contribution to global warming” (Stranddorf, Hoffmann, & Schmidt, 2005).  

 

Many substances are considered to influence the global warming potential, which are based on 

the IPCC definitions. But the most interesting substance is CO2 emissions. The CO2 emissions 

are considered as a benchmark to cut down and thus particularly interesting. Therefore, we 

assume that through the MC sampling that the uncertainty should be much larger, since 

generation technologies such as coal are directly associated to CO2 emissions.  

8.5.2.1. Spain  

As a short recap, in 2012 the mean annual electricity supply from coal amounted to 19%, with 

a bimodal distribution. The spread/ uncertainty (standard deviation) of the electricity production 

from coal in Ecoinvent was 0.024 and in 0.400 for the parent sample. This means the real 
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uncertainty is considerable larger. The figure below describes the GWP for Spain, comparing 

the different distributions.  

 

 

Figure 82: The violin plots for the global warming potential impact category in Spain for the normalized and median adjusted 
Ecoinvent v 2.2 and the normalized parent sample in CO2 ~eq. for 2012. 

It shows, that the uncertainty in the population sampling, is considerable larger compared to the 

the MC sampling in the normalized and median adjusted Ecoinvent v 2.2. This is, because the 

distributions look very different form one another. It seems that the distribution from the 

population sample has a left skewness, while the distributions from Ecoinvent are skewed to 

the right.  

The next figure illustrates the histograms of the respective distributions on the diagonal and the 

two dimensional kernel density plot. The bivariate kernel density distributions, shows the most 

frequent occurrences comparing two distributions.  

 

Figure 83: The different distributions of the Monte Carlo sampling on the diagonal and the kernel density plots on the of 
diagonals for Spain in 2012. 

From the above figure, it is interesting to see that, when a sampled distribution from Ecoinvent 

is compared to the population sample, the densities around the mode seems to be further spread. 

In other words, the further away the outer lines to the light blue lines, the greater the uncertainty.  
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8.5.2.2. Finland 

The Finish electricity market is dominated by cogeneration, imports and nuclear electricity 

supplies. Since, the figure below also takes imports into account, and the majority of imports 

come from Russian gas, a greater uncertainty is expected.  

 
Figure 84:The violin plots for the global warming potential impact category in Finland for the normalized and median 

adjusted Ecoinvent v 2.2 and the parent sample in CO2 ~eq. for 2012. 

Similar to Spain, the uncertainty for the population sampling is far greater than the sampling 

results in Ecoinvent. This is very interesting, since the population sampling, also seems to share 

a multimodal distribution. Due, to this multimodal distribution, the stretch of the uncertainty is 

far greater compared to the uncertainty in the Ecoinvent v 2.2.  

 

Figure 85: The different distributions of the Monte Carlo sampling on the diagonal and the kernel density plots on the of 
diagonals for Finland in 2012. 

The figure above, shows the basic structure as in Spain. The combinations of the population 

sample to the other distributions, create a greater uncertainty, which is illustrated by the larger 

outer ring of each kernel density plot. When comparing the density plots, of the two 

distributions from Ecoinvent, the spread does not seem to be too large. In fact, they are almost 

perfectly circular, which indicates a uniform uncertainty.  
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8.5.3. ReCiPe Total  

The ReCiPe impact category is a more special category. It “is a life cycle impact assessment 

method which compromises harmonized category indicators at the midpoint and the endpoint 

level” (Goedkoop, et al., 2008). The midpoint and the endpoint method29 30, are measures that 

look at different impacts along a cause effect chain and thus capture different impacts from the 

same cause. For example, if we imagine a chemical spillage. The midpoint would calculate a 

potential increase of the chemical, and the respective end point method the consequences of the 

spillage, ergo something like the potential killing of species (Brillhuis-Meijer, 2014). 

The main purpose of the ReCiPe indicator is to transform a long list of LCI results into a limited 

number of indicator scores (Goedkoop, et al., 2008). This includes 18 midpoint indicators and 

3 endpoint indicators. The mid points are for example PM10 concentration, Ozone depletion 

potential and Energy content. End points are the human health, ecosystem species and resources 

surplus cost. Due to its wide coverage, the ReCiPe indicator would be a good indicator to 

capture the greater effect of changing the uncertainty in the energy mixes.  

8.5.3.1. Spain 

Applying the ReCiPe category to Spain, seems to be a good idea, since the ReCiPe is a “all 

rounder” category, that includes many subjects. One particular interesting subject might be the 

the CO2 emissions, which have an influence on climate change potential and subsequently the 

infra-red forcing (mid-point). This emission would then have an impact on human health and 

the ecosystems species (end-point). The results are illustrated in the figure below.  

 

                                                
29  Midpoint impact category, “or problem-oriented approach, translates impacts into environmental themes such 

as climate change, acidification, human toxicity, etc.” (Pré, 2014). 
30  Endpoint impact category, “also known as the damage-oriented approach, translates environmental impacts 

into issues of concern such as human health, natural environment, and natural resources. Endpoint results have 
a higher level of uncertainty compared to midpoint results but are easier to understand by decision makers” 
(Pré, 2014). 
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Figure 86:The violin plots for the ReCiPe impact category in Spain for the normalized and median adjusted Ecoinvent v 2.2 

and the normalized parent sample in pts (unit points) for 2012. 

From the figure above, it is clear that the uncertainty for all the distributions are some what 

similar to one another. Therefore, it is clear that sampling from the parent data, does not 

influence the ReCiPe too much. The units of the ReCiPe total are pts, which stand for unit 

“points” and is a score that is characterized by the damage assessment, normalization and 

weighting combined (Pré, 2014).  

8.5.3.2.  Finland  

For the ReCiPe category in Finland, it is also assumed to increase the uncertainty. It is assumed 

that the energy would have a large impact on this category and thus was selected. However, 

looking at figure 87 below, shows this is not the case.  

 

Figure 87: The violin plots for the ReCiPe impact category in Finland for the normalized and median adjusted Ecoinvent v 
2.2 and the normalized parent sample in pts (unit points) for 2012. 

The violin plots above indicate that the uncertainty structure, by implementing a different 

population sample, does not substantially change. This means, that the distributions are both 

similar to one another, except that the tail for the population sample is more elongated. A longer 

tail simply, means that in rarer cases, a higher pts (unit points) is selected for the ReCiPe 

category.  
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The reason, why energy does not impact this category as much as the GWP category is, because 

this category is a cluster from different categories. And by simply changing one category does 

not substantially increase the uncertainty structure. 
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9. Summary of Results and Overview 

9.1. Summary of Results  

The main purpose of the thesis was to improve the uncertainty estimation for electricity mixes 

in Ecoinvent for Life Cycle Assessment. In order to approach the main goal, the thesis looked 

at different but interlinked aspects of the different electricity mixes. This chapter will answer 

the posed six sub questions in chapter 1 individually and gives a visual overview of the main 

findings. Therefore, the summary of results and the overview may overlap each other.  

How do the actual distribution functions for the different generating technologies look like?  

From the analysis in chapter 7.1, we could see that the generation technologies do not follow 

one specific distribution. More over, one could see that the distributions most of the times had 

two or more modes. Therefore, a hartigans dip test was performed and showed that 21 out of 

56 distributions followed a unimodal distribution. The other 35 distributions are at least bimodal 

distributed. Since Ecoinvent v 2.2 exclusively relies on the log-normal distribution for the 

electricity generation mixes and this distribution is a unimodal distribution, a uni-modal 

distribution may not be the best fit. The reason why some distributions follow a multi-modal 

distribution is due to the seasonality of the year. The general assumption is that during colder 

seasons one produces more electricity, while during warmer seasons less energy is usually 

required. This is proven by the ANOVA and Kruskal Wallis tests, which showed that the 

electricity consumption during the day, in the seasons and the years, are significantly different.  

How different are they from our current estimates?  

The next step was too look at how the real distributions differ from the the log-normal 

distribution in Ecoinvent v 2.2 (chapter 7.3.1. and chapter 7.3.2.). In order to make the 

distributions comparable, the Method of Moments was performed on the real distributions, to 

approximate the log-normal distribution.  

Comparing the Method of Moment fitted distributions to the distributions in Ecoinvent, it 

showed that the standard deviations in Ecoinvent were underestimated. The complete figure is 

illustrated in chapter 7.3.2, and shows that the standard deviation in Ecoinvent v 2.2 but median 

adjusted by Ecoinvent v 3.2 is on average roughly 1100% percentage off (for the years 2012 

only), compared to the log-normal distribution of the Method of Moment estimate. This is 

already a good reason to carry on with the analysis and try to systematically improve the 

uncertainty calculations with correlations in the different energy generators.  
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Additionally, to the visual inspection and the comparison a goodness of fit test was performed, 

in order to confirm or to rule out whether the distributions follow a log-normal distribution or 

not. For this the parametric Chi-square test and the Kruskal-Wallis test suggest that non of the 

real distributions follow a log-normal distribution.  

What are the correlations between the different technologies?  

One assumption that could lead to systematically better uncertainty calculations, is by 

introducing the correlations between the different distributions and sample from these 

distributions. The correlations were country specific and changed significantly for every 

seasons. Therefore, the seasonal correlations were also analyzed. It showed that depending on 

the season, that the correlations changed (results are illustrated in the regression analysis in the 

annex F). However, since we were dealing with time series data, a linear correlation was not 

the best approach, because the residuals were not independent from one another and showed 

some correlation. In other words, the conditions for the linear regression were not satisfied.  

The other way to evaluate the correlations between two-time series (energy generators), was to 

perform a cross-correlation. The cross-correlation in chapter 7.5 for Alberta, Finland and Spain, 

showed that energy generators share some correlation with one another in September 2012. The 

highest/lowest correlation usually occurs at lag 0 (results are illustrated in the annex F and on 

the attached pen-drive). However, again it is clear that some generators show very strong 

correlations, such as coal and gas in Alberta and others only week or not significant correlations.  

Comparing the results of the time series and the results obtained in the cross-correlation it 

showed that at lag zero the linear correlation is somewhat similar to the cross-correlation. For 

example, the linear correlation between coal and gas in Alberta was -76.65%, while the cross-

correlation of coal and gas in Alberta was -76.62% (coal as dependent variable) and -75.66% 

(gas as dependent variable). Despite the cross-correlation being more precise, for taking all the 

information into account in a time series ARIMA model, the linear regression coefficients were 

applied in the later Monte Carlo sampling correlation analysis.  

 

Can we include these correlations when performing Monte Carlo analysis when doing Life 

Cycle Assessment calculations?  

In order to include the different correlations or covariance’s, the Cholesky decomposition 

method was applied. This method, however, did not give any meaningful results, since the 

distributions did not apply with the necessary conditions of a normal distribution.  
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The alternative approach was to directly sample from the parent populations by a Monte Carlo 

sampler and compare the results to the normalized uncertainty computations in Ecoinvent v 2.2, 

which were median adjusted by Ecoinvent v 3.2. The functional unit for the Monte Carlo was 

1kWh of electricity at the high voltage distribution network. By this technique we were able to 

sample from the parent data. The parent data includes the normalized generation mix in one 

country for the year 2012. Since we are considering the parent data for one country, this parent 

data “carries” the information of correlation. In other words, looking at all the single energy 

types in a country, the generation pattern is influenced by one another and therefore they may 

be dependent on one another (the bimodal distribution for example). Therefore, we might say 

that the parent data (energy types) is dependent on one another, while the data (energy types) 

in Ecoinvent is independent from one another.  

The Monte Carlo samples from the independent distributions in Ecoinvent were compared to 

the dependent distributions of the parent data by the means of impact categories (chapter 8). 

The impact categories global warming potential, ecotoxicity and ReCiPe was selected. 

Comparing the results from the Monte Carlo sampling showed that the independent sampling 

in Ecoinvent significantly underestimates uncertainty for the global warming potential. For 

example, the interquartile range for the population sample Spain is 0.11, while for the 

normalized Ecoinvent sample is 0.02. This is a huge difference and evidence that the 

uncertainty is underestimated in Ecoinvent. For the two other indicators, ecotoxicity and the 

ReCiPe, sampling from the parent data does not seem to change the uncertainty too much. This 

may be because, both indicators have multiple subjects where the energy consumption does not 

play a too big of a role.  

In the end, sampling from the population data, significantly changed the uncertainty in the 

global warming potential and is therefore a good reason to reconsider the uncertainty 

calculations. However, going back to the posed sub-question, we were unable to implement 

direct correlated sampling with the current knowledge and the limited time. But it was possible 

to randomly sample from the new distributions, which significantly improved the uncertainty 

for the global warming potential. This question is covered in chapter 7.4 for the correlations 

and chapter 8.5 for the sampling  

Do the patterns in generation change over time?  

The generation patterns do change in time. This was analyzed by the descriptive statistics 

(chapter 6) and by the ANOVA and Kruskal Wallis tests (chapter 7.2.1). From the visual 
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inspection of the different violin plots, it is clear that some generators have seasonal patterns. 

And that these patterns change considerably for some generators through out the seasons and 

days. This does not seem to apply to base loads, however, this depends on the county and the 

composition of the electricity mixes. 

The result of the ANOVA and Kruskal Wallis test, indicate that the electricity production mix 

during the different seasons, days and years are significantly different from one another. 

Therefor, we can interpret that the generation patterns do change over time.  

Can we project future uncertainty scenarios for grid mixes? 

When it comes to prediction, it was relatively difficult to do good long term electricity forecast 

and would require much more time. The difficulty of the forecast is that every country has 

different policies in place to drive the electricity market in a certain direction and normally to 

a pro renewable energy environment. In principle with the time series analysis, a forecast should 

be relatively simple. This however, may not be too reliable, since in the short term (up to 1 

year) the result might be accurate, but the desired medium term (5 or more years) results would 

not be representative. In principal good medium term forecast is possible, but more time needs 

to be invested and a different programming tool is required. In the case of Ecoinvent, it is better 

to update the average annual energy consumption every two years, to produce more accurate 

results.  

 

9.2. Overview of the Thesis  

This aim of this chapter is to bundle all the information and to present it in a clear and visual 

way.  

This thesis has a lot of interesting aspects, which lead to several but important conclusions. 

Therefore, in this sub-chapter we present a comprehensive summary of all the main findings 

and the tools for the analysis in a small figure. The figure is illustrated below.  
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(blue frame = conditions or support for testing; green frame = stat. tests; red frame = applies to all tests) 

Figure 88:Summary and conclusions of the main results 

Besides many smaller sub-questions, this thesis covers three main questions, which are visible on the 

right in figure 88. These questions are independent from one another but only in combination allow for 

a comprehensive statistical analysis of the electricity generation mixes in Ecoinvent.  

After the problem statement and the main problems were identified, data had to be selected. This data 

should be of short interval and applies to all the methodology part. A total of six different data sets could 

be identified (Spain, Portugal, Alberta/Canada, Finland, France and United Kingdom).  

In the first part of the thesis we had a look at the different distributions and the descriptives of the thesis. 

This showed us the seasonal dependency of electricity consumption and assumed that they are 

significantly different from one another. Therefore, the ANOVA and the Kruskal-Wallis test was 

applied. Both test showed us that the electricity consumption of every energy type is significantly 

different from the categories seasons, days and years. This, is prove that the electricity production is 

very variable and thus could be a first hint that the electricity production is very uncertain. After visually 

investigating the different distributions, most of the distributions showed some multimodal tendencies 

and thus a hartigans dip test was performed. This test suggests that out of a total of 56 distributions 35 

distributions follow at least a bimodal distribution.  

The second problem we looked at is whether the electricity generation mixes are correlated. The initial 

assumption was to use the correlations in order to do a correlated sampling. This, however, did not work 

out, but performing the correlation analysis could lay the foundation for future work and whether the 

correlated sampling would be possible. For this the methodology looked at two different angles. The 

first was a linear correlation analysis and the second a cross-correlation. The reason is that the later takes 
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the time series into account and thus is more accurate than the linear correlation. Additionally, due to 

the time series structure some conditions of the linear regressions did not apply. However, when we 

tried to implement these correlations for sampling data in a LCA, this did not work. Therefore, we could 

only sample from the parent data only and change the results in the technosphere matrix one by one. 

The results showed that for some impact categories the electricity generation mix in Ecoinvent it 

underestimates uncertainty, such as the global warming potential. For other impact categories, sampling 

from the parent data, did not substantially improved the impact categories.  

The third problem we looked at is the fit of the log-normal distribution itself. For this, simple density 

plots are laid over one another. The thesis specifically looks at four different distributions; the real 

distribution, the distribution considered in Ecoinvent v 2.2, the distribution considered in Ecoinvent v 

2.2 but median adjusted by v 3.2 and the method of moment fits distribution. The method of moment 

fits distribution shows how the parent data would look like if it was log-normal distributed. This gives 

a rough estimate how much the mean and the standard deviation in Ecoinvent have to change in order 

to approximate the real data. Additionally, to this several goodness-of-fit tests were applied; the Chi-

square test and the Kolmogorov-Smirnoff test. The results show that on average the standard deviation 

of Ecoinvent is 1100% different compared to the standard deviation of the method of moment 

distribution. This is a huge difference in the uncertainty and thus underlines the importance of 

reconsidering the uncertainty in Ecoinvent.  
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10. Conclusions and Future Work  
 
10.1. Conclusions 

The purpose of the thesis was to investigate how the real distributions of the electricity supply 

mixes look like and how different they are from the current estimates in Ecoinvent. Further, it 

was tried to improve the uncertainty calculations, by implementing correlations between the 

distributions for Life Cycle Assessment. The idea was to see whether changing the uncertainty 

in Ecoinvent has a considerable impact on the impact categories (emissions to the biosphere).  

After statistical testing and plotting the different distributions for the electricity data of multiple 

countries/geographical areas (Spain, France, United Kingdom, Albert, Portugal and Finland) it 

is suggested that most of the distributions (35/56) have at least a bimodal or multimodal 

distribution. This is evidence that the log-normal distribution (unimodal) may not be the best 

distribution. Comparing the real distributions to the distributions in Ecoinvent, the real data had 

to be first transformed into a log-normal distribution by the Method of Moments. The 

comparison is performed on the mean and the standard deviation between the Method of 

Moments fit distributions and the pre-defined log-normal distribution in Ecoinvent. The results 

showed that there is a significant difference between the Method of Moments distribution and 

the Ecoinvent distribution. More specifically, the log-normal distribution in Ecoinvent 

significantly underestimates the uncertainty for the electricity mixes.  

In order to improve the uncertainty for the electricity supply mixes, an idea was to perform 

linear correlations between the different distributions in one country/ geographical area and to 

sample from these correlated distributions. Since, electricity is time series data, an additional 

time series analysis (cross-correlation with pre-whitening) was performed to verify that there 

is a correlation between the different electricity technologies. The time series proved that there 

were significant correlations between the different electricity technologies. However, only the 

correlations from the linear regression were applied for the correlated sampling. Implementing 

the correlated sampling into Brightway v 2 (an advanced life cycle assessment software) by the 

Cholesky decomposition method, showed that under current conditions it was not possible to 

implement correlated sampling. Therefore, another approach was chosen to directly sample 

from the real distributions, without correlations. The results from directly sampling showed that 

Ecoinvent significantly underestimates uncertainty for climate changing impact categories. 

However, for ecotoxicity and for ReCiPe, the uncertainties did not substantially improve.  
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In the end, this thesis showed that the real distributions in most cases did not resemble a 

unimodal distribution, but rather a multimodal distribution, and that correlated sampling was 

not possible under the current circumstances. Additionally, it was shown that the uncertainty 

calculations in Ecoinvent can be improved by sampling from parent data at a low cost, as the 

data is freely available for some countries.  

 
10.2. Critical Analysis  

The work had some interesting results and showed that more attention should be devoted to 

uncertainty estimations. There are, however, some critical aspects of the thesis, which would 

require some special attention.  

The first question that would pop into the mind is, why would one evaluate the uncertainty of 

electricity generation mixes, if it is not considered in the new version. First of all, Ecoinvent v 

3.2, does still consider uncertainty but not for the electricity mixes and electricity data is easy 

accessible and publicly available. Therefore, evaluating the uncertainty for the electricity 

mixes, we could show that the uncertainty may be underestimated and would require a rework.  

Another critical aspect of this work is, since good data is available, why does Ecoinvent not 

remove the uncertainties from the log-normal distribution and just sample from the parent data? 

The issue with this is that then the impact categories, across the different countries are not really 

comparable anymore. The countries that would supply the data would be disadvantaged, 

because in the countries in which the distributions are adjusted this could also lead to higher 

emission levels compared to the countries that did not adjust their distributions. However, 

implement the parent data would provide for a more realistic picture if a comparison is done 

within a selected country and not across different countries where the parent data is not 

available.  

The third question that might arise is, why not adjust the pedigree matrix with an increased 

standard deviation? The pedigree matrix is the universal tool to create the uncertainty in 

Ecoinvent, and evaluates the standard deviation for the log-normal distribution, therefore 

changing the core of the pedigree matrix would change it for all other distributions besides the 

electricity generation mixes. This aspect was not part of the thesis, but would indeed be valuable 

for further research.  

Since 35 out of 56 analyzed distributions were in fact bimodal or multimodal distributions, why 

don’t we implement a bimodal distribution in Ecoinvent? This might be an easy and direct way 



  Conclusions and Future Work 
 

 108 

to approximate uncertainty figuratively, but actually implementing a bimodal distribution is 

quite difficult, as one would have to know where the two modes are located. However, from 

the annual means provided by the International Energy Agency, only unimodal distributions 

can be created.  

 

10.3. Recommendations and Future Work  

Uncertainty is an incredible helpful tool for modelling processes, but the standard deviation 

(spread) of the uncertainties is too small for electricity generation mixes. This is because the 

distributions are ambiguously created by the pedigree matrix, which is based on expert’s 

estimation. Including uncertainties for modeling purposes is really valuable for approximating 

missing data, but in case where data is available the uncertainties should be reconsidered and 

updated. I believe, when more time is devoted to the assessment of uncertainties, the individual 

impact categories in an LCA may change considerably. Therefore, I emphasize that more 

research is needed on two things.  

First, the standard deviations are too small for the electricity generation mixes and there may 

be a sign that the uncertainty for other activities are also underestimated. It would be interesting 

to look at other activities and see how well the distributions fit the real distributions. This would 

eventually proof that the pedigree matrix should be adjusted.  

Second, if more time would be devoted to correlated sampling it might be possible. Due to the 

time constraint, this could not be achieved. However, we believe that this is possible and could 

lead to a considerable better uncertainty in a life cycle assessment.  
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Annex A - Comparison between the Attributional LCA and Consequential LCA 

 
Attributes Attributional LCA (ALCA) Consequential LCA (CLCA) 

Question 
(example) 

“What are the total emissions 
from the processes and material 
flows used during the life cycle 
(production, consumption and 
disposal) of a product, at the 
current level of output?” 

“What is the change in total emissions 
as a result of a marginal change in the 
production (and consumption and 
disposal) of a product?” 
à Generate information on the 
consequences of decisions. 

Data Status Quo, Averages Change – oriented; Marginal Future. 
Include only processes that are 
affected by a change 

System Modeling Represents static situation Represents change in volume 
Market Effects Not considered Considered 
Application Assessment of current 

conditions; Hot spot analysis, 
System improvement 

Purchasing or policy detection; 
Labelling 

Uncertainty ALCA has lower uncertainty CLCA is nearly always highly 
uncertain because it relies on models 
that seek to represent complex socio-
economic systems that include 
feedback loops and random elements. 

(Ecoinvent, 2016; Frischknecht, et al., Overview and Methodology, 2007a; Treyer & Bauer, 
Ecoinvent version 3: New structure and features - Focus on electricity producing technologies 
and mixes, 2013) 
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Annex B - Comparison between the Ecoinvent v 2.2 and Ecoinvent v 3.2 database 

 
Attributes Ecoinvent v 2.2 Ecoinvent v 3.2 

Structure Design  Unit process that are directly 
connected. 

Each Unit process is 
connected through a market.  

Amount of Datasets ≈	4000 unit processes + 10,000 data sets  
+ 3000 products and services 

Uncertainty for Generation 
Mixes 

Yes; log-normal distribution 
Sd = by Pedigree Matrix, 
Mu = ENSO and IEA 
average annual generation 
mix 

No; annual average 
generation mixes 

Linking of Data Linking is done by attaching 
a process to another process. 
Each process compromises 
an activity and a product 

The data is linked by markets 
between activities. A market 
allows to combine the 
supplies from different 
suppliers.  

Reference year for 
Generation Mixes 

2004/5 2012 

Cut-off P O 
Parent-child relationship 
between global and local 
datasets? 

O P 

Parameterization of 
inventory data? O P 

Decentralization of data 
supply?  O P 

Attributional LCA  P P 

Consequential LCA O P 
(Ecoinvent, 2016; Frischknecht, et al., Overview and Methodology, 2007a; Treyer & Bauer, 
Ecoinvent version 3: New structure and features - Focus on electricity producing technologies 
and mixes, 2013) 
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Annex C - Total Electricity Technologies considered in Ecoinvent v 2.2 and v 3.2 

 
Fossil 
Energies Coal  

Hard Coal  
Lignite  
Peat  

Industrial Gases Blast furnace Gases 
Coke (coal) Gases 

Oil  / 

Natural Gas 

Conventional Gas Power Plant, without/with 
CHP 
Continued Cycle Gas Power Plant, without/with 
CHP 

Nuclear 
 

Pressurized Water Reactor (PWR) 
Boiling Water Reactor (BWR) 

Renewables 

Hydropower 

Reservoir Power Plants: Alpine/Non-
Alpine/Tropical Region 
Run-of-river Power Plant 
Pumped Storage Power Plants 

Geothermal Hot-Dry-Rock (EGS) 

Solar 
Photovoltaic: Building Integrated and Open 
Ground 
Solar Thermal (no data) 

Wave and Tidal Energy (no data) 

Wind 
Onshore, Capacity Class < 1MW / 1-3MW/ > 
3MW 
Offshore, Capacity Class 1-3 MW 

Wood Wood Chips, with/without Extensive Emission 
Control 

Biogas Biogas from Biowaste, Sewage Sludge and 
Landfill Gases 

Waste Waste Incineration Municipal and Industrial Waste 
*red marked = electricity resources that are exclusively available for the Ecoinvent v 3.2 
database 
(Treyer & Bauer, Ecoinvent version 3: New structure and features - Focus on electricity 
producing technologies and mixes, 2013) 
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Annex D - The default uncertainty factors for physical flows (Frischknecht, et 
al., 2007a) 

 
Input/ Output c p a 

Demand of:  
 

   

Thermal energy, electricity, semi-
finished products, working material, 
waste treatment services 

1.05 1.05 1.05 

Transport service (tkm) 2.00 2.00 2.00 
Infrastructure  3.00 3.00 3.00 
Resources:  
 

   

Primary energy carriers, metals, salts  1.05 1.05 1.05 
Land use, occupation 1.50 1.50 1.50 
Land use, transformation 2.00 2.00 2.00 
Pollutants emitted to water:  
 

   

BOD, COD, DOC, TOC, inorganic 
compounds 
(NH4, PO4, NO3, CL, Na etc.) 

 1.50  

Individual hydrocarbons, PAH   3.00  
Heavy metals  5.00 1.80 
pesticides   1.50 
NO3, PO4   1.50 
Pollutants emitted to soil:  
 

   

Oil, Hydrocarbon total   1.50  
Heavy metals   1.50 1.50 
Pesticides    1.20 
Pollutants emitted to air:  
 

   

CO2 1.05 1.05  
SO2 1.05   
NMVOC total 1.50   
NOX, H2O 1.50  1.40 
CH4, NH3 1.50  1.20 
Individual Hydrocarbons 1.50 2.00  
PM > 10 1.50 1.50  
PM 10 2.00 2.00  
PM 2.5 3.00 3.00  
Polycyclic Aromatic Hydrocarbons 
(PAH) 

3.00   

CO, Heavy Metals 5.00   
Inorganic Emissions, Others  1.50  
Radionuclides (e.g. Radon – 222)  3.00  

 
c = combustion emissions, p = process emissions, a = agricultural emission, all these flows 
are basic uncertainties for the Geometric Standard Deviation (Huijbregts, 2011). 
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Annex E - The Pedigree Matrix for the standard deviations 

The pedigree matrix used to assess the quality of the data sources applied in Ecoinvent v2.2 
(Frischknecht, et al., 2005) 
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Annex F - Descriptive Statistics and Linear Regression Results per Country 

a) Spain  

1) Summary of Energy Types:  

 Coal Diesel Hydro Gas Nuclear Wind PV Solar 
Thermal Cogeneration Renewables Biomass Import 

Min 0.014 0.000 -0.150 0.010 0.092 0.003 0.000 0.000 0.000 0.000 0.082 0.000 

1st Qu.: 0.108 0.000 0.036 0.070 0.189 0.109 0.000 0.000 0.000 0.000 0.127 0.000 

Median 0.189 0.000 0.086 0.095 0.219 0.182 0.000 0.000 0.000 0.000 0.163 0.000 

Mean 0.176 0.001 0.091 0.105 0.224 0.201 0.004 0.003 0.016 0.003 0.170 0.006 

3rd Qu.: 0.238 0.000 0.141 0.131 0.256 0.279 0.000 0.000 0.000 0.000 0.196 0.002 

Max 0.424 0.021 0.395 0.325 0.404 0.595 0.115 0.079 0.127 0.027 0.446 0.155 
 

2) Box Plots of the different seasons:  
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3) Violin plots of the different seasons:  
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4) The different density plots of all fuel types:  
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5) ANOVA and Kruskal Wallis test in difference of seasons 

• ANOVA – Do the seasons differ for all the years  
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• Kruskal Wallis test – Do the seasons differ fro all the years  
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6) Regression Analysis and Plots: 
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• Logged Scaled Axes for all the years:  

 

• Density Plots for all the years:  

 

• Facet Graphs for all the years:  
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• Regular Scatterplots:  

 

• Scatterplots with a Seasonal density plots:  

 

Some conditions for the linear regression model:  

• Coal and Nuclear:  
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• Wind and Gas: 

 
• Coal and Hydro:  
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7) Results of Correlation 
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8) Results of Methods of Moments estimation: 

• Results for all the Data:  
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Cogeneration        Import 

 

• Results only for 2012: 

Coal     Hydro 
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Wind     Cogeneration 
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• Tabulated Results of the MoM compared to Ecoinvent v 3.2.: 

*Hydro Pumped Storage = HPS; Combined Cycle= CC, Pressure Water Nuclear Facility = 
PWNF; Wind 1-3MW turbine Onshore = WO; Wood Chips = WC; Cogeneration with Biogas = 
CB; Boiling Water Reactor = BWR; Conventional Power Plant = CCP 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Spain Total Data Frame 2012 Only Type of Data 
σ < Median Adj. σ Adj. < Adj. σ Adj. < V 2.2 V 3.2 

Coal 0.024 -1.445 0.183 0.631 -1.893 0.400 -1.727 Hard Coal Hard Coal 
Diesel 0.024 -2.504 0.045 0.200 -4.333 / / Oil  Oil  
Hydro 0.024 -2.184 0.013 0.919 -2.514 0.934 -2.930 HPS HPS 
Gas 0.024 -1.662 0.156 0.474 -2.361 0.427 -2.050 Natural Gas CC 
Nuclear 0.025 -1.510 0.169 0.220 -1.521 0.234 -1.501 Nuclear PWNF 
Wind 0.095 -2.877 0.115 0.688 -1.803 0.675 -1.874 Wind WO 
PV 0.095 -7.926 0.040 1.937 -4.995 / / Photovoltaic Est. mu 
Solar-Thermal 0.000 0.000 0.040 / / / / NA NA 
Cogeneration 0.095 -4.229 0.012 0.303 -1.822 0.198 -1.595 WC WC 
Import 0.000 0.000 0.000 / / / / NA NA 
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9) Chi-Square, Kolmogorov-Smirnov Test and Hartigans dip test 

• Chi-Square Test  

H0: Suggest that it follows the Log-normal distribution 

H1: Suggest that it does not follow the Log-normal distribution (p < 0.05) 
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• Kolmogorov-Smirnov Test 

H0: Suggest it follows the log-normal distribution  

H1: Suggest it does not follow the log-normal distribution (p < 0.05) 
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• Hartigans dip test 
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b) United Kingdom  

1) Summary of Energy Types:  

 Hard Coal Nuclear Wind pumped Hydro Oil Renewables Total Gas Exchanges 

Min. 0.012 0.063 0.000 0.000 0.000 0.000 0.000 0.050 -0.074 

1st 0.180 0.135 0.018 0.000 0.005 0.000 0.001 0.174 0.026 

Median 0.276 0.163 0.039 0.006 0.009 0.000 0.014 0.225 0.043 

Mean 0.265 0.171 0.050 0.006 0.009 0.000 0.016 0.220 0.043 

3rd 0.339 0.203 0.071 0.009 0.013 0.000 0.024 0.269 0.061 

Max. 0.567 0.387 0.213 0.051 0.038 0.019 0.091 0.399 0.177 
 

2) Box Plots of the different seasons:  
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3) Violin plots of the different seasons:  
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4) Distributions of all fuel types: 
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5) ANOVA and Kruskal-Wallis Test Results  

• ANOVA Test – Difference in seasons for all the years.  

Hard Coal  

 

Nuclear 

 

Wind 

 

Pumped 

 

Hydro 

 

Oil  

 

Renewables 

 

Total Gas 

 

Exchanges 

 

 

 

 

 



  Appendix 
 

 143 

• Kruskal-Wallis Test – Difference in seasons for all the years.  
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6) Regression Analysis and Plots  
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• Logged Scaled Axes for all the years:  

 

• Density plots for all the years:  

 

• Facet plots for all the years:  

 

 

 

 

 



  Appendix 
 

 146 

• Normal Scatterplots  

 

• Scatterplots with a Seasonal density plots:  
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Checking for some Conditions for the Linear Regression  

• Total Gas and Nuclear  

 

 

• Hydro and Wind  
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• Pumped Hydro and Nuclear  
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7) Results of Correlation 
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8) Results of Methods of Moments estimation 

• The comparison of the distributions for the entire years  
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• The comparison of the distributions for 2012 
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Tabulated Results of the MoM compared to Ecoinvent v 3.2.: 

Great Britain 
Total Data Frame 2012 Only Type of Data 

σ < Median Adj. σ Adj. < Adj. σ Adj. < V 2.2  V 3.2  
Coal 0.026 -1.122 0.399 0.457 -1.418 0.191 -1.084 Hard Coal Hard Coal  
Nuclear 0.094 -1.656 0.168 0.280 -1.803 0.260 -1.782 Nuclear BWR 
Gas 0.024 -0.919 0.136 0.338 -1.566 0.259 -1.638 Natural Gas CPP 
Wind 0.094 -5.294 0.032 0.988 -3.390 0.983 -3.783 Wind WO 
Pumped Hydro 0.024 -5.016 0.009 0.551 -4.777 0.562 -4.752 HPS HPS 
Oil  0.024 -4.496 0.003 1.028 -5.566 0.968 -5.484 Oil  Oil  
Gas  0.026 -4.637 0.018 1.482 -7.520 1.052 -7.237 Industrial  CPP 
Renewables 0.094 -4.637 0.020 1.260 -4.464 1.168 -5.684 WC WC 
Total Gas 0.024 -0.919 0.032 0.338 -1.568 0.259 -1.637 Natural Gas CC 
Import 0.000 0.000 0.000 0.717 -3.230 0.793 -3.562 / / 

*Hydro Pumped Storage = HPS; Combined Cycle= CC, Pressure Water Nuclear Facility = 
PWNF; Wind 1-3MW turbine Onshore = WO; Wood Chips = WC; Cogeneration with Biogas = 
CB; Boiling Water Reactor = BWR; Conventional Power Plant = CCP 
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9) Chi-Square, Kolmogorov-Smirnov Test and Hartigans dip test 

• Chi-Square Test  

H0: Suggest that it follows the Log-normal distribution 

H1: Suggest that it does not follow the Log-normal distribution (p < 0.05) 
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• Kolmogorov-Smirnov Test 

H0: Suggest it follows the log-normal distribution  

H1: Suggest it does not follow the log-normal distribution (p < 0.05) 
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• Hartigans dip test for unimodality  
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c) France  

1) Summary of Energy Types:  

 Oil Coal Gas Nuclear Wind Solar Hydro Pumped.Hydro Biomass 

Min. 0.003 -0.002 0.007 0.575 0.000 0.000 0.026 0.000 0.006 

1st  0.004 0.004 0.012 0.719 0.014 0.000 0.091 0.000 0.011 

Median 0.006 0.021 0.029 0.749 0.025 0.000 0.117 0.002 0.013 

Mean 0.006 0.023 0.034 0.749 0.031 0.010 0.120 0.014 0.013 

3rd 0.007 0.038 0.049 0.780 0.043 0.017 0.147 0.028 0.014 

Max. 0.066 0.079 0.113 0.900 0.131 0.093 0.282 0.074 0.022 
 

2) Box Plots of the different seasons:  
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3) Violin plots of the different seasons:  
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4) Distributions of all fuel types  
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5) ANOVA and Kruskal-Wallis Test 

• ANOVA Test for a difference in the Seasons for all the years  
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Hydro 
 

Pumped Hydro 
 

Biomass 
 

 

• Kruskal-Wallis test for a difference in the seasons for all the seasons  
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Pumped Hydro 
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6) Regression Analysis and Plots  
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• Logged Scaled Scatterplots:  

 

• Density Plots:  

 

• Facet Plots:  
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• Simple Scatterplots  

 

• Scatterplots with density plots  

  

 

• Some conditions for the Linear Regression  

Coal and Nuclear  
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Hydro and Nuclear  
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7) Results Correlation  

• Correlation Pearson 

 Oil Coal Gas Nuclear Wind Solar Hydro Pumped.Hydro Biomass 

Oil 1.000 0.301 0.340 -0.323 -0.072 -0.075 0.025 -0.090 -0.401 

Coal 0.301 1.000 0.467 -0.421 -0.240 -0.131 -0.009 -0.324 -0.578 

Gas 0.340 0.467 1.000 -0.404 -0.073 -0.181 -0.187 -0.294 -0.487 

Nuclear -0.323 -0.421 -0.404 1.000 -0.205 -0.146 -0.575 0.254 0.594 

Wind -0.072 -0.240 -0.073 -0.205 1.000 -0.124 -0.163 0.124 0.073 

Solar -0.075 -0.131 -0.181 -0.146 -0.124 1.000 0.104 -0.197 0.061 

Hydro 0.025 -0.009 -0.187 -0.575 -0.163 0.104 1.000 -0.389 -0.294 

Pumped.Hydro -0.090 -0.324 -0.294 0.254 0.124 -0.197 -0.389 1.000 0.350 

Biomass -0.401 -0.578 -0.487 0.594 0.073 0.061 -0.294 0.350 1.000 
 

• Correlation Spearman  

 Oil Coal Gas Nuclear Wind Solar Hydro Pumped.Hydro Biomass 

Oil 1.000 0.334 0.329 -0.306 -0.061 -0.063 0.013 -0.035 -0.534 

Coal 0.334 1.000 0.512 -0.391 -0.225 -0.030 -0.023 -0.404 -0.570 

Gas 0.329 0.512 1.000 -0.384 -0.044 -0.129 -0.184 -0.352 -0.493 

Nuclear -0.306 -0.391 -0.384 1.000 -0.174 -0.233 -0.577 0.350 0.584 

Wind -0.061 -0.225 -0.044 -0.174 1.000 -0.182 -0.130 0.155 0.061 

Solar -0.063 -0.030 -0.129 -0.233 -0.182 1.000 0.227 -0.279 -0.071 

Hydro 0.013 -0.023 -0.184 -0.577 -0.130 0.227 1.000 -0.396 -0.275 

Pumped.Hydro -0.035 -0.404 -0.352 0.350 0.155 -0.279 -0.396 1.000 0.393 

Biomass -0.534 -0.570 -0.493 0.584 0.061 -0.071 -0.275 0.393 1.000 
 

• Correlations for 2012 

 Oil Coal Gas Nuclear Wind Solar Hydro Pumped.Hydro Biomass 

Oil 1.000 -0.020 0.450 -0.050 0.015 -0.100 -0.246 0.005 -0.381 

Coal -0.020 1.000 0.299 -0.343 -0.258 0.096 -0.010 -0.473 -0.413 

Gas 0.450 0.299 1.000 -0.258 -0.159 -0.072 -0.233 -0.340 -0.611 

Nuclear -0.050 -0.343 -0.258 1.000 -0.133 -0.260 -0.671 0.340 0.501 

Wind 0.015 -0.258 -0.159 -0.133 1.000 -0.146 -0.037 0.179 -0.050 

Solar -0.100 0.096 -0.072 -0.260 -0.146 1.000 0.246 -0.327 0.010 

Hydro -0.246 -0.010 -0.233 -0.671 -0.037 0.246 1.000 -0.358 -0.092 

Pumped.Hydro 0.005 -0.473 -0.340 0.340 0.179 -0.327 -0.358 1.000 0.360 

Biomass -0.381 -0.413 -0.611 0.501 -0.050 0.010 -0.092 0.360 1.000 
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8)  Results of Methods of Moments estimation 

• Results of Method of Moments from all the years 

Oil      Coal  
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Biomass 

 

• Results of Method of Moment fits for 2012 

Oil      Coal 

 

Gas      Nuclear 

 

Wind      Solar 
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Hydro      Pumped Hydro 

 

Biomass 

 

• Method of Moment Fit:  

France 
Total Data Frame 2012 Only Type of Data 

σ < Median Adj. σ Adj. < Adj. σ Adj. < V 2.2 V 3.2 

Oil  0.024 -4.614 0.005 0.379 -5.188 0.367 -4.936 Oil  Oil 

Coal 0.024 -3.130 0.034 1.660 -4.169 1.213 -3.720 Hard Coal Hard Coal 

Gas 0.024 -3.471 0.011 0.759 -3.663 0.731 -3.423 Gas  CC 

Nuclear 0.024 -0.264 0.760 0.058 -0.291 0.058 -0.298 Nuclear PWNF 

Wind 0.094 -6.521 0.026 0.783 -3.742 0.763 -3.859 Wind  WO 

Solar 0.000 0.000 0.000 2.036 -4.894 1.846 -5.096 PV PV 

Hydro 0.024 -2.235 0.093 0.354 -2.181 0.361 -2.211 Hydro  Run-of-River 

Pumped Hydro 0.024 -4.684 0.009 2.484 -6.141 2.840 -6.569 HPS HPS 

Biomass 0.094 -7.136 0.004 0.192 -4.396 0.183 -4.527 CB Blast furnace gas 

Import 0.000 0.000 0.000 / / / / / / 
*Hydro Pumped Storage = HPS; Combined Cycle= CC, Pressure Water Nuclear Facility = 
PWNF; Wind 1-3MW turbine Onshore = WO; Wood Chips = WC; Cogeneration with Biogas 
= CB; Boiling Water Reactor = BWR; Conventional Power Plant = CCP 
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9) Results Goodness of Fit Test  

• Chi-square test  
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Nuclear See Kolmogorov – Smirnov Test 
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• Kolmogorov-Smirnov test 
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• Hartigans Dip test for multi modality  
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d) Alberta / Canada  

1) Summary of Energy Types:  

 Coal Gas Hydro Wind Other Imports 
Min. 0.353 0.163 0.000 0.000 0.005 0.000 
1st 0.553 0.246 0.013 0.004 0.020 0.000 
Median 0.628 0.300 0.025 0.018 0.023 0.000 
Mean 0.618 0.303 0.027 0.024 0.024 0.004 
3rd 0.682 0.356 0.035 0.040 0.028 0.000 
Max. 0.787 0.510 0.108 0.105 0.054 0.101 

 

2) Box Plots of the different seasons:  

 

 

 

 

 

 



  Appendix 
 

 174 

3) Violin plots of the different seasons: 

 

 

 

 

4) Distributions of all fuel types 
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5) ANOVA Testing and Kruskal – Wallis Test 

• ANOVA for differences in seasons for all the data 
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• Kruskal-Wallis for differences in seasons for all the data 
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Wind 
 

Other 
 

Imports 
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6) Regression Analysis and Plots  

• Pearsons Correlation  

 Coal Gas Hydro Wind Other Imports 
Coal 1.000 -0.933 0.114 -0.386 -0.604 -0.452 
Gas -0.933 1.000 -0.255 0.147 0.533 0.345 
Hydro 0.114 -0.255 1.000 -0.224 -0.143 -0.241 
Wind -0.386 0.147 -0.224 1.000 0.163 0.048 
Other -0.604 0.533 -0.143 0.163 1.000 0.352 
Imports -0.452 0.345 -0.241 0.048 0.352 1.000 

 

• Spearmans Correlation  

 Coal Gas Hydro Wind Other Imports 
Coal 1.000 -0.942 0.169 -0.344 -0.524 -0.439 
Gas -0.942 1.000 -0.283 0.125 0.473 0.390 
Hydro 0.169 -0.283 1.000 -0.222 -0.222 -0.361 
Wind -0.344 0.125 -0.222 1.000 0.121 0.100 
Other -0.524 0.473 -0.222 0.121 1.000 0.405 
Imports -0.439 0.390 -0.361 0.100 0.405 1.000 

 

• Partial Correlation  

 Coal Gas Hydro Wind Other Imports 
Coal 1.000 -0.981 -0.761 -0.857 -0.374 -0.524 
Gas -0.981 1.000 -0.763 -0.836 -0.301 -0.481 
Hydro -0.761 -0.763 1.000 -0.714 -0.296 -0.545 
Wind -0.857 -0.836 -0.714 1.000 -0.295 -0.455 
Other -0.374 -0.301 -0.296 -0.295 1.000 0.005 
Imports -0.524 -0.481 -0.545 -0.455 0.005 1.000 

 

• Spearman Correlation for 2012 

 Coal Gas Hydro Wind Other 
Coal 1.000 -0.601 -0.137 -0.238 -0.156 
Gas -0.601 1.000 -0.282 -0.338 0.195 
Hydro -0.137 -0.282 1.000 -0.170 -0.038 
Wind -0.238 -0.338 -0.170 1.000 -0.186 
Other -0.156 0.195 -0.038 -0.186 1.000 
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• Log Scaled Axis  

 

• Density Scatterplots 

 

• Facet Plots  
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• Some Normal Scatterplots  

 

• Scatterplots combined with density plots  

 

• Checking for some conditions for the Linear Regression  

Imports and Gas  

 



  Appendix 
 

 182 

 

Gas and Coal  
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7) Results of Methods of Moments estimation 

(Reminder: Alberta has been approximated by the US dataset) 

• Method of Moment Results for all the years 
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• Method of Moment Results for 2012 only  

Coal      Gas  

 

Hydro      Wind 
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Method of Moments Fit:  

Alberta 
Total Data Frame 2012 Only Type of Data 

σ < Median Adj. σ Adj. < Adj. σ Adj. < V 2.2 V 3.2 

Coal 0.024 -0.755 0.005 0.131 -0.490 0.069 -0.647 US Hard Coal  

Gas 0.024 -1.754 0.194 0.221 -1.217 0.095 -0.977 US Natural Gas 

Hydro 0.131 -2.620 0.019 0.902 -3.911 1.203 -4.026 US Reservoir 

Wind 0.131 -5.652 0.032 1.833 -4.573 1.491 -3.955 US WO 

Other 0.131 -4.642 0.148 0.254 -3.752 0.118 -3.420 / CB 

Import 0.000 0.000 0.000 0.880 -3.591 / / / / 
 

*Hydro Pumped Storage = HPS; Combined Cycle= CC, Pressure Water Nuclear Facility = 
PWNF; Wind 1-3MW turbine Onshore = WO; Wood Chips = WC; Cogeneration with Biogas = 
CB; Boiling Water Reactor = BWR; Conventional Power Plant = CCP 

*Note: Alberta is a geographic region and had to be approximated by the USA dataset 
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8) Goodness of Fit Test 

• Chi-square Test  
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• Kolmogorov Smirnov Test 
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• Hartigans dip test for multi modality  
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e) Finland 

1) Summary of Energy Types:  

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 
Min. 0.029 0.000 0.086 0.103 0.001 0.005 
1st 0.088 0.002 0.173 0.171 0.037 0.123 
Median 0.119 0.004 0.197 0.220 0.072 0.165 
Mean 0.124 0.006 0.205 0.209 0.076 0.171 
3rd 0.153 0.008 0.230 0.246 0.113 0.211 
Max. 0.289 0.039 0.408 0.297 0.201 0.359 

 

2) Box Plots of the different seasons:  
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3) Violin plots of the different seasons:  

 

 

 

4) Distributions of all fuel types  
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5) ANOVA and Kruskal Wallis-Testing  

• ANOVA testing for difference in seasons for all the years  
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• Kruskal Wallis-Testing for difference in seasons for all the years 
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6) Regression Analysis and Plots  

• Pearsons Correlation all the years 

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 
Hydro 1.000 -0.084 0.162 -0.543 -0.320 0.158 

Wind -0.084 1.000 0.136 -0.073 -0.190 0.122 

Nuclear 0.162 0.136 1.000 -0.619 -0.454 0.385 

Cogeneration -0.543 -0.073 -0.619 1.000 0.149 -0.748 

Thermal.Power -0.320 -0.190 -0.454 0.149 1.000 -0.353 
Import 0.158 0.122 0.385 -0.748 -0.353 1.000 

 

• Spearmans Correlation all the years  

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 

Hydro 1.000 -0.041 0.147 -0.544 -0.318 0.189 

Wind -0.041 1.000 0.192 -0.126 -0.206 0.159 

Nuclear 0.147 0.192 1.000 -0.623 -0.464 0.444 

Cogeneration -0.544 -0.126 -0.623 1.000 0.187 -0.752 

Thermal.Power -0.318 -0.206 -0.464 0.187 1.000 -0.394 
Import 0.189 0.159 0.444 -0.752 -0.394 1.000 

 

• Partial Correlation estimate for all the years  

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 

Hydro 1.000 -0.245 -0.799 -0.908 -0.839 -0.827 

Wind -0.245 1.000 -0.149 -0.216 -0.259 -0.177 

Nuclear -0.799 -0.149 1.000 -0.876 -0.834 -0.754 

Cogeneration -0.908 -0.216 -0.876 1.000 -0.859 -0.926 

Thermal.Power -0.839 -0.259 -0.834 -0.859 1.000 -0.833 

Import -0.827 -0.177 -0.754 -0.926 -0.833 1.000 
 

• Correlation only for 2012 

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 

Hydro 1.000 -0.005 0.263 -0.795 -0.202 0.257 

Wind -0.005 1.000 0.029 -0.074 -0.068 0.058 

Nuclear 0.263 0.029 1.000 -0.542 -0.399 0.216 

Cogeneration -0.795 -0.074 -0.542 1.000 0.191 -0.637 

Thermal.Power -0.202 -0.068 -0.399 0.191 1.000 -0.301 

Import 0.257 0.058 0.216 -0.637 -0.301 1.000 
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• Log scaled scatterplots  

 

 

 

• Density Plots for all the years  

 

• Facet Plots  
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• Some normal scatterplots  

 

• Scatterplots and Density plots combined  

 

• Some Conditions for the Linear Regression  

Import and Nuclear  
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Hydro and Wind  
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7) Results of Methods of Moments estimation 

• Method of Moments Estimation for all the years.  
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• Method of Moments Estimation for 2012 only  
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• Results of the Method of Moment Fits  

 
*Hydro Pumped Storage = HPS; Combined Cycle= CC, Pressure Water Nuclear Facility = PWNF; Wind 1-
3MW turbine Onshore = WO; Wood Chips = WC; Cogeneration with Biogas = CB; Boiling Water Reactor 
= BWR; Conventional Power Plant = CCP 
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8) Goodness of Fit Test  

• Chi square goodness of fit test 
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• Kolmogorov-Smirnov goodness of fit test 
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• Hartigans dip test 
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f) Portugal  

1) Summary of Energy Types:  

 
Hard 
Coal Oil Gas Reservoirs 

Run of 
River Imports Hydro Geothermal Wind PV Tidal Pumping 

Min. 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.051 0.000 0.000 0.000 0.000 

1st 0.162 0.000 0.034 0.019 0.046 0.000 0.005 0.112 0.062 0.000 0.000 0.000 

Median 0.229 0.000 0.149 0.058 0.088 0.112 0.012 0.134 0.132 0.000 0.000 0.000 

Mean 0.208 0.005 0.145 0.076 0.107 0.119 0.018 0.133 0.165 0.006 0.000 0.019 

3rd 0.270 0.002 0.239 0.118 0.157 0.196 0.029 0.154 0.241 0.008 0.000 0.027 

Max. 0.476 0.279 0.471 0.401 0.521 0.526 0.086 0.255 0.734 0.072 0.000 0.201 
 

2) Box Plots of the different seasons:  
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3) Violin plots of the different seasons:  
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4) Distributions of all fuel types  
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5) ANOVA and Kruskal-Wallis Tests  

• ANOVA Test – Test for difference in season for all years  
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• Kruskal-Wallis Test – Test for differences in season for all years  
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6) Regression Analysis and Plots  
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• Log scaled scatterplot  

 

• Density plots  

 

• Facet plots  
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• Some Scatterplots  

 

• Scatterplots with density plots combined  

 

 

• Some Conditions for the linear regression  

Imports and Gas  
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Hard Coal and Hydro  
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7) Results of Methods of Moments estimation 

• Method of Moments results for all the years  

 

Hard Coal     Oil  

 

Gas       Reservoirs 

 

Run of River     Hydro 

 

Geothermal     Wind 

 



  Appendix 
 

 218 

 

PV      Tidal 

 

Pumping 

 

 

• Method of Moments results for 2012 only  
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Pumping 

 

• Total Method of Moments results  

 

*Hydro Pumped Storage = HPS; Combined Cycle= CC, Pressure Water Nuclear Facility = 
PWNF; Wind 1-3MW turbine Onshore = WO; Wood Chips = WC; Cogeneration with Biogas = 
CB; Boiling Water Reactor = BWR; Conventional Power Plant = CCP 

*Notes: Geothermal in v 3.2. is approximated with pumped storage; PV is maintained from the median 
of v 2.2 
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8) Goodness of Fit Test 

• Chi-Square Test  
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• Kolmogorov Smirnov Test  
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• Hartigans dip test  
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Annex G - R – Time Series Analysis 

Only the Matrices are illustrated the other parts are illustrated in the attached portable files 

1) Spain 

• Minimum Correlation (significant at ±0.073) 

 Coal Hydro Gas Nuclear Wind Cogeneration Import 

Coal -0.289854 -0.130839 -0.1754235 -0.1280085 -0.2536076 -0.1206917 -0.15142 

Hydro -0.1609967 -0.2669157 -0.1531892 -0.3419557 -0.4971759 -0.2109533 -0.2423769 

Gas -0.1399484 -0.1874077 -0.3662406 -0.2794325 -0.3345708 -0.3307076 -0.2692948 

Nuclear -0.2018174 -0.384136 -0.2916129 -0.1774501 -0.1496401 -0.1871307 -0.3303389 

Wind -0.3438177 -0.5301611 -0.3706549 -0.1031431 -0.294153 -0.1632918 -0.2600892 

Cogeneration -0.1229656 -0.2228186 -0.2739714 -0.1462135 -0.1362915 -0.2790146 -0.4017853 

Import -0.1737038 -0.1379969 -0.1390387 -0.1171079 -0.150014 -0.2658278 -0.5997962 
(The columns are the dependent variables, the rows are the independent) 

• Minimum Lag (multiply by 168 to get the hour difference of lag – shows the lag at which 

the minimum correlation occurs) 

 Coal Hydro Gas Nuclear Wind Biomass Import 

Coal -1 0.2202381 0.4166667 -0.1280085 -0.2536076 -0.1206917 -0.15142 

Coal 0 -1 0 -0.3419557 -0.4971759 -0.2109533 -0.2423769 

Gas -0.4166667 0 -1 -0.2794325 -0.3345708 -0.3307076 -0.2692948 

Nuclear -0.0297619 0 0 -0.1774501 -0.1496401 -0.1871307 -0.3303389 

Wind 0 0 0 -0.1031431 -0.294153 -0.1632918 -0.2600892 

Biomass -0.0297619 0 0 -0.1462135 -0.1362915 -0.2790146 -0.4017853 

Import 0 1.0178571 -0.4285714 -0.1171079 -0.150014 -0.2658278 -0.5997962 
 

• Maximum Correlation (significant at ±0.073) 

 Coal Hydro Gas Nuclear Wind Biomass Import 

Coal 1.000 0.162 0.154 -0.128 -0.254 -0.121 -0.151 

Hydro 0.151 1.000 0.153 -0.342 -0.497 -0.211 -0.242 

Gas 0.158 0.149 1.000 -0.279 -0.335 -0.331 -0.269 

Nuclear 0.147 0.125 0.129 -0.177 -0.150 -0.187 -0.330 

Wind 0.120 0.175 0.175 -0.103 -0.294 -0.163 -0.260 

Cogeneration 0.120 0.137 0.151 -0.146 -0.136 -0.279 -0.402 

Import 0.136 0.201 0.136 -0.117 -0.150 -0.266 -0.600 
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• Maximum Lag (multiply by 168 to get the hour) 

 Coal Hydro Gas Nuclear Wind Cogeneration Import 

Coal 0.000 0.006 0.030 -0.128 -0.254 -0.121 -0.151 

Hydro -0.006 0.000 -0.024 -0.342 -0.497 -0.211 -0.242 

Gas -0.030 0.006 0.000 -0.279 -0.335 -0.331 -0.269 

Nuclear 0.000 0.006 0.667 -0.177 -0.150 -0.187 -0.330 

Wind 1.000 1.000 -1.000 -0.103 -0.294 -0.163 -0.260 

Cogeneration -0.774 -0.065 -0.637 -0.146 -0.136 -0.279 -0.402 

Import -0.982 0.018 -0.327 -0.117 -0.150 -0.266 -0.600 
 

2) Finland  

• Minimum correlation for time series (significant at ±0.073) 

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 
Hydro -0.347 -0.127 -0.173 -0.144 -0.124 -0.534 

Wind -0.099 -0.336 -0.128 -0.111 -0.141 -0.085 

Nuclear  -0.150 -0.120 -0.268 -0.135 -0.156 -0.148 

Cogeneration  -0.142 -0.112 -0.145 -0.342 -0.175 -0.360 

Thermal Power  -0.108 -0.139 -0.146 -0.178 -0.388 -0.318 

Import -0.549 -0.139 -0.344 -0.408 -0.393 -0.317 
 

• Lag corresponding to the minimum correlation (multiply by 168 to get hour after lag zero) 

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 
Hydro -1.000 -0.702 0.286 -0.839 -0.012 0.000 

Wind -0.024 -1.000 -0.161 -0.458 0.250 -0.887 

Nuclear  -0.286 0.286 -1.000 0.423 -0.054 0.000 

Cogeneration  0.839 0.131 -0.423 -1.000 0.000 0.000 

Thermal Power  0.012 -0.250 -0.185 0.000 -1.000 0.000 

Import 0.000 0.149 0.000 0.000 0.000 1.000 
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• Maximum correlation for time series (significant at ±0.073) 

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 
Hydro 1.000 0.136 0.135 0.137 0.127 0.195 

Wind 0.120 1.000 0.110 0.121 0.131 0.106 

Nuclear 0.097 0.127 1.000 0.110 0.179 0.095 

Cogeneration 0.125 0.135 0.141 1.000 0.122 0.128 

Thermal Power 0.121 0.130 0.170 0.127 1.000 0.143 

Import 0.196 0.113 0.168 0.122 0.137 1.000 
 

• Lag corresponding to the maximum correlation (multiply by 168 to get hour after lag zero) 

 Hydro Wind Nuclear Cogeneration Thermal.Power Import 

Hydro 0.000 -0.012 0.256 -0.149 -0.054 -1.000 

Wind -0.583 0.000 0.256 0.262 -0.232 0.143 

Nuclear  -0.964 0.280 0.000 0.095 -0.613 1.000 

Cogeneration  0.054 -0.262 -0.399 0.000 1.000 -1.000 

Thermal.Power  -0.518 0.232 0.613 -1.000 0.000 0.060 

Import -1.000 0.107 -1.000 0.048 -0.060 0.000 
 

3) Alberta 

• Minimum correlation (significant at 0.073045) 

 Coal Gas Hydro Wind Other 

Coal -0.296 -0.757 -0.242 -0.218 -0.185 

Gas -0.763 -0.286 -0.158 -0.251 -0.176 

Hydro -0.301 -0.139 -0.360 -0.131 -0.162 

Wind -0.279 -0.275 -0.106 -0.302 -0.198 

Other -0.184 -0.153 -0.118 -0.136 -0.381 
 

• Lag at minimum correlation (multiply by 168 to get the hours) 

 Coal Gas Hydro Wind Other 
Coal -1 0 0 0 0 

Gas 0 -1 0.2261905 0 -1 

Hydro 0 0.2738095 -1 -0.797619 0 

Wind 0 0 0.5714286 -1 0 

Other 0 1 -0.8333333 0 -1 
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• Maximum correlation (significant at 0.073045)  

 Coal Gas Hydro Wind Other 

Coal  1 0.2186736 0.1328906 0.1064873 0.1380624 

Gas 0.2276047 1 0.1159672 0.1453834 0.2873686 

Hydro 0.1719611 0.1370523 1 0.1271176 0.1234274 

Wind 0.1113638 0.1143385 0.1448961 1 0.1714648 

Other 0.1334665 0.2509141 0.145737 0.134635 1 
 

• Lag at maximum correlation (multiply by 168 to get the hours)  

 Coal Gas Hydro Wind Other 
Coal  0.000 -1.000 0.226 -0.798 -1.030 

Gas 1.000 0.000 -0.012 0.339 0.000 

Hydro -0.006 -0.363 0.000 -0.220 0.083 

Wind  0.030 1.000 0.494 0.000 0.720 

Other  -0.702 0.000 -0.667 -0.720 0.000 
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Annex H - Monte Carlo Sampling 

• Inputs considered for Finland 
 

Activity at High voltage 
Activity 

Value 

market for electricity, high 
voltage 

kilowatt hour, FI, None 
(Losses) 

0.0133 

'market for transmission 
network, electricity, high 
voltage' 

(kilometer, GLO, None) 6.58209848825026e-09 

'market for transmission 
network, long-distance' 

(kilometer, GLO, None) 3.17e-10 

'treatment of blast furnace 
gas, in power plant' 

(kilowatt hour, FI, None) 0.0047245 

'treatment of coal gas, in 
power plant' 

(kilowatt hour, FI, None) 0.000708 

'electricity production, 
natural gas, conventional 
power plant' 

(kilowatt hour, FI, None) 8.49457201599895e-05 

'electricity production, oil' (kilowatt hour, FI, None) 0.00136744405900178 
'electricity production, peat' (kilowatt hour, FI, None) 0.0405589944155536 

 
• Inputs considered for Spain 
 

Activity at High voltage 
Activity Value 

'market for electricity, high 
voltage' 

(kilowatt hour, ES, None) 
(Losses) 
 

0.0371 

'market for transmission 
network, electricity, high 
voltage' 

(kilometer, GLO, None) 6.58209848825026e-09 

'market for transmission 
network, long-distance' 

(kilometer, GLO, None) 3.17e-10 

'electricity production, 
hydro, pumped storage' 

(kilowatt hour, ES, None) 0.0125467501045474 

'electricity production, 
lignite' 

(Could be included with 
hard coal, but so small it 
is not worth it) 

0.0102772948510807 

'electricity production, 
natural gas, conventional 
power plant' 

(Could be included with 
NGCC, but so small it is 
not worth it) 

0.00492427011457862 

'electricity production, oil' (kilowatt hour, ES, None) 0.044248969052632 
'heat and power co-
generation, biogas, gas 
engine' 

(kilowatt hour, ES, None) 0.00312426424253682 

'heat and power co-
generation, oil' 

(kilowatt hour, ES, None) 0.0083536909224929 

'treatment of blast furnace 
gas, in power plant' 

(kilowatt hour, ES, None) 0.00260475610059074 ' 

'treatment of coal gas, in 
power plant' 

(kilowatt hour, ES, None) 0.000570015877968611 
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• Grouped together inputs for Spain  
 
 

Energy Type Named in 
Ecoinvent 

Energy Type Original Value 

'electricity production, 
hydro, reservoir, non-alpine 
region' 

Hydro  0.024230802738538 

'electricity production, 
hydro, run-of-river' 

Hydro 0.0470362641395149 

'electricity production, 
nuclear, boiling water 
reactor' 

Nuclear 0.0405469306850953 

'electricity production, 
nuclear, pressure water 
reactor' 

Nuclear 0.162644211364485 

'electricity production, 
wind, <1MW turbine, 
onshore' 

Wind 0.0626134261280354 

'electricity production, 
wind, >3MW turbine, 
onshore' 

Wind 0.00030144915828131 

'electricity production, 
wind, 1-3MW turbine, 
offshore' 

Wind 3.42555861683387e-05 

' 'electricity production, 
wind, 1-3MW turbine, 
onshore' 

Wind 0.113745978366277 

'electricity, high voltage, 
import from FR' 

Import 0.0177426461256306 

'electricity, high voltage, 
import from PT' 

Import 0.0103540858846197 

'heat and power co-
generation, wood chips, 
6667 kW, state-of-the-art 
2014' 

Biomass 0.012251733680895 

'heat and power co-
generation, natural gas, 
combined cycle power 
plant, 400MW electrical' 

Biomass 0.0343682980896739 

'heat and power co-
generation, natural gas, 
conventional power plant, 
100MW electrical' 

Biomass 0.0607571060884041 
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Annex I - Sample R – Code for one country 

 
This annex only covers one code applied during the thesis, the rest are attached in the portable 

drive provided along with the thesis.  

 

Part 1: The Descriptive and the Linear Regression Modeling  

--- 
title: "Spain Analysis" 
author: "Dalton Wittmann" 
date: "17 June 2016" 
output: html_document 
--- 
 
```{r} 
library(ggplot2) 
library(GGally) 
library(MASS) 
library(ppcor) 
library(gridExtra) 
library(diptest) 
``` 
 
 
```{r} 
supply <- 
read.delim(file="/Users/daltonwittmann/Desktop/PSI/Data_for_Programming/Reproducable/r
_course_lesson1/data/Spain-Supply.txt", header=TRUE) 
``` 
 
##Part 1: Descriptive Statistics  
 
```{r} 
summary(supply) 
``` 
 
```{r} 
head(supply) 
``` 
 
```{r} 
tail(supply) 
``` 
 
Formatting the data (Annual instead of numeric into a factor variable). 
```{r} 
supply$Annual <- as.factor(supply$Annual) 
``` 
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```{r} 
supply$Timestamp <- strptime(supply$Timestamp, "%d.%m.%y %H:%M", tz 
="Europe/Madrid")  
``` 
 
Creating another dataframe to leave the raw data for later analysis  
```{r} 
SpainSup <- supply 
``` 
 
The year 2011 does not substantially contribute to the analysis and distorts the figures so it is 
removed.  
```{r} 
supply <-supply [!(supply$Annual=="2011"),] 
``` 
 
Producing different boxplots of the different times during a day.  
```{r echo=TRUE} 
plotBox <- function(x,...){ 
  nm <- names(supply[3:14])  
  for(i in seq_along(nm)){ 
(print(ggplot(supply[3:14], aes_string(x=supply$Annual, y=nm[i], fill=supply$Day.Time)) + 
geom_boxplot() + scale_fill_manual(values = c("indianred3", "darkseagreen4", "gold", 
"skyblue1")) + ggtitle("Boxplots of the different Seasons") + xlab("Year") + guides(fill = 
guide_legend(title = "Day Times")))) 
} 
} 
``` 
 
```{r, fig.width=4, fig.height=3} 
plotBox(supply) 
``` 
 
Analyzing the seasonal variability via a violine plot  
```{r} 
PlotVio <- function(x,...){  
 
 shift <- position_dodge(width = 0.8) 
 nm <- names(supply[3:14]) 
 for(i in seq_along(nm)){print(ggplot(supply[3:14], aes_string(x=supply$Annual, y=nm[i], 
fill=supply$Season)) + geom_violin(position = shift) + geom_boxplot(width=0.1, 
outlier.color = NA, position = shift) + ggtitle("Violineplots of the different Seasons") + 
xlab("Year") + guides(fill = guide_legend(title="Seasons"))) 
 } 
} 
``` 
 
```{r, fig.width=4, fig.height=3} 
PlotVio(supply) 
``` 
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Plotting different histograms with the respective density. 
```{r} 
plotHist <- function(x,...){ 
 nm <- names(supply[3:14])  
 for(i in seq_along(nm)){print(ggplot(supply[3:14], aes_string(x=nm[i])) + 
geom_histogram(bins = 80, aes(y=..density.., fill=..count..)) + geom_density(col=2)) 
 } 
} 
``` 
 
```{r, fig.width=5, fig.height=3} 
plotHist(supply) 
``` 
 
```{r} 
par(mfrow=c(1,1)) 
``` 
 
 
#Anova Testing  
 
Test Assumptions:  
(found in each test)  
  
1. Homogeneity of vaiance - residuals are scattered similarly. 
 
Is there a difference in the Seasons?  
Filtering out the reference year of Ecoinvent v 3.2  
```{r} 
date <- supply[supply[, "Annual"]==2012,] 
``` 
 
 
```{r} 
Season <- function (d){ 
 testano <- aov(d ~ supply$Season) 
 summary(testano) 
 } 
 
for(i in supply[3:14]){print(Season(i))} 
``` 
 
just for 2012 
```{r} 
Seasona <- function (d){ 
 testan1 <- aov(d ~ date$Season) 
 summary(testan1) 
 } 
for(i in date[3:14]){print(Seasona(i))} 
``` 
 



  Appendix 
 

 233 

Is there a difference in the daily mean for different day times? 
```{r} 
Day <- function (d){ 
 testan2 <- aov(d ~ supply$Day.Time) 
 summary(testan2) 
 } 
 
for(i in supply[3:14]){print(Day(i))} 
``` 
 
just for 2012 
```{r} 
Daya <- function (d){ 
 testan3 <- aov(d ~ date$Day.Time) 
 summary(testan3) 
 } 
 
for(i in date[3:14]){print(Daya(i))} 
``` 
 
Is there a difference in every year? 
```{r} 
Year <- function (d){ 
 testan4 <- aov(d ~ supply$Annual) 
 summary(testan4) 
 } 
 
for(i in supply[3:14]){print(Day(i))} 
``` 
 
Non-Paramtettric alternative to ANOVA  
```{r} 
Seasonkusk <- function (d){ 
 testkus <- kruskal.test(d ~ supply$Season) 
 summary(testkus) 
 } 
 
for(i in supply[3:14]){print(Season(i)) 
} 
``` 
 
```{r} 
Seasonakusk <- function (d){ 
 testkus1 <- kruskal.test(d ~ date$Season) 
 summary(testkus1) 
 } 
for(i in date[3:14]){print(Seasona(i))} 
``` 
 
```{r} 
Daykusk <- function (d){ 
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 testkusk2 <- kruskal.test(d ~ supply$Day.Time) 
 summary(testkusk2) 
 } 
 
for(i in supply[3:14]){print(Day(i))} 
``` 
 
```{r} 
Daya <- function (d){ 
 testkusk3 <- kruskal.test(d ~ date$Day.Time) 
 summary(testkusk3) 
 } 
 
for(i in date[3:14]){print(Daya(i))} 
``` 
 
```{r} 
Year <- function (d){ 
 testkusk4 <- kruskal.test(d ~ supply$Annual) 
 summary(testkusk4) 
 } 
 
for(i in supply[3:14]){print(Day(i))} 
``` 
 
##Part 2: Regression Analysis  
All the years are considered for the linear regression, because we want to capture all the 
changes in every year.  
 
Assumption: Logging the x and y axsis to see whether this helps to perform the linear 
regression 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Hydro, y=Gas, colour = Season)) + geom_point(alpha= 0.2) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + scale_x_log10() 
+scale_y_log10()+ stat_smooth(method=lm)  
``` 
 
 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Hydro, y=Gas, colour = Season)) + geom_point(alpha= 0.2) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + scale_x_log10() + 
stat_smooth(method=lm)  
``` 
Both graphs do not tell much and hence a usual linear model is preferred.  
 
Density plots for some relationships  
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup,aes(x=SpainSup$Hydro, y=SpainSup$Gas))+ geom_hex(bins=50) + 
stat_smooth(method=lm) 
``` 
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```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup,aes(x=SpainSup$Gas, y=SpainSup$Coal))+ geom_hex(bins=50) + 
stat_smooth(method=lm) 
``` 
 
Understanding the structures of seasonality. 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Wind, y=Gas, colour = Season)) + geom_point(alpha= 0.01) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + facet_grid(Season ~ .) + 
stat_smooth(method=lm) 
``` 
 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Wind, y=Coal, colour = Season)) + geom_point(alpha= 0.01) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + facet_grid(Season ~ .) + 
stat_smooth(method=lm) 
``` 
 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Hydro, y=Gas, colour = Season)) + geom_point(alpha= 0.01) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + facet_grid(Season ~ .) + 
stat_smooth(method=lm) 
``` 
 
Some normal scatterplots 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Wind, y=Coal, colour = Season)) + geom_point(alpha= 0.1) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + stat_smooth(method=lm)  
``` 
 
```{r, fig.width=5, fig.height=3} 
ggplot(SpainSup, aes(x=Wind, y=Gas, colour = Season)) + geom_point(alpha= 0.1) + 
scale_size_area() + scale_colour_brewer(palette="Set1") + stat_smooth(method=lm)  
``` 
 
Overlaying the different histograms from some linear regressions.  
(http://www.r-bloggers.com/ggplot2-cheatsheet-for-visualizing-distributions/) 
 
 
```{r, warning=FALSE, fig.height=7, fig.width=7} 
empty <- ggplot()+geom_point(aes(1,1), colour="white") + 
 theme(                
  plot.background = element_blank(),  
  panel.grid.major = element_blank(),  
  panel.grid.minor = element_blank(),  
  panel.border = element_blank(),  
  panel.background = element_blank(), 
  axis.title.x = element_blank(), 
  axis.title.y = element_blank(), 
  axis.text.x = element_blank(), 
  axis.text.y = element_blank(), 
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  axis.ticks = element_blank() 
 ) 
 
 
plot_top <- ggplot(supply, aes(Coal, fill=Season)) +  
 geom_density(alpha=.1) +  
 scale_fill_manual(values = c("orange", "purple", "green", "blue")) +  
 theme(legend.position = "none") 
 
scatter <- ggplot(supply, aes(x=Coal, y=Wind, colour = Season)) + geom_point(alpha= 0.1) + 
scale_size_area() + scale_fill_manual(values = c("orange", "purple", "green", "blue")) + 
theme(legend.position=c(1,1),legend.justification=c(1,1)) 
 
plot_right <- ggplot(supply, aes(Wind, fill=Season)) +  
 geom_density(alpha=.1) +  
 scale_fill_manual(values = c("orange", "purple", "green", "blue")) + coord_flip() + 
theme(legend.position = "none") 
 
grid.arrange(plot_top, empty, scatter, plot_right, ncol=2, nrow=2, widths=c(4, 1), 
heights=c(1, 4)) 
 
``` 
 
```{r, warning=FALSE, fig.height=7, fig.width=7} 
empty <- ggplot()+geom_point(aes(1,1), colour="white") + 
 theme(                
  plot.background = element_blank(),  
  panel.grid.major = element_blank(),  
  panel.grid.minor = element_blank(),  
  panel.border = element_blank(),  
  panel.background = element_blank(), 
  axis.title.x = element_blank(), 
  axis.title.y = element_blank(), 
  axis.text.x = element_blank(), 
  axis.text.y = element_blank(), 
  axis.ticks = element_blank() 
 ) 
 
 
plot_top <- ggplot(supply, aes(Coal, fill=Season)) +  
 geom_density(alpha=.1) +  
 scale_fill_manual(values = c("orange", "purple", "green", "blue")) +  
 theme(legend.position = "none") 
 
scatter <- ggplot(supply, aes(x=Coal, y=Wind, colour = Season)) + geom_point(alpha= 0.1) + 
scale_size_area() + scale_fill_manual(values = c("orange", "purple", "green", "blue")) + 
theme(legend.position=c(1,1),legend.justification=c(1,1)) 
 
plot_right <- ggplot(supply, aes(Wind, fill=Season)) +  
 geom_density(alpha=.1) +  
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 scale_fill_manual(values = c("orange", "purple", "green", "blue")) + coord_flip() + 
theme(legend.position = "none") 
 
grid.arrange(plot_top, empty, scatter, plot_right, ncol=2, nrow=2, widths=c(4, 1), 
heights=c(1, 4)) 
 
``` 
 
```{r, warning=FALSE, fig.height=7, fig.width=7} 
empty <- ggplot()+geom_point(aes(1,1), colour="white") + 
 theme(                
  plot.background = element_blank(),  
  panel.grid.major = element_blank(),  
  panel.grid.minor = element_blank(),  
  panel.border = element_blank(),  
  panel.background = element_blank(), 
  axis.title.x = element_blank(), 
  axis.title.y = element_blank(), 
  axis.text.x = element_blank(), 
  axis.text.y = element_blank(), 
  axis.ticks = element_blank() 
 ) 
 
 
plot_top <- ggplot(supply, aes(Nuclear, fill=Season)) +  
 geom_density(alpha=.1) +  
 scale_fill_manual(values = c("orange", "purple", "green", "blue")) +  
 theme(legend.position = "none") 
 
scatter <- ggplot(supply, aes(x=Nuclear, y=Gas, colour = Season)) + geom_point(alpha= 0.1) 
+ scale_size_area() + scale_fill_manual(values = c("orange", "purple", "green", "blue")) + 
theme(legend.position=c(1,1),legend.justification=c(1,1)) 
 
plot_right <- ggplot(supply, aes(Gas, fill=Season)) +  
 geom_density(alpha=.1) +  
 scale_fill_manual(values = c("orange", "purple", "green", "blue")) + coord_flip() + 
theme(legend.position = "none") 
 
grid.arrange(plot_top, empty, scatter, plot_right, ncol=2, nrow=2, widths=c(4, 1), 
heights=c(1, 4)) 
 
``` 
 
 
Plotting some of the conditions of the test 
```{r, fig.width=5, fig.height=3} 
plot(lm(SpainSup$Coal ~ SpainSup$Nuclear)) 
``` 
 
```{r, fig.width=5, fig.height=3} 
plot(lm(SpainSup$Wind ~ SpainSup$Gas)) 
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``` 
 
```{r, fig.width=5, fig.height=3} 
plot(lm(SpainSup$Coal ~ SpainSup$Hydro)) 
``` 
 
Showing all linear relations and the correlations at the same time, differenced by the season.  
```{r, fig.width=25, fig.height=25, eval = TRUE} 
 a <- ggpairs(data=SpainSup, columns = 3:14, mapping = ggplot2::aes(color =Season , 
alpha=0.05), upper = list(continuous = "cor"), lower=list(continuous = wrap("points", alpha = 
0.05), combo = wrap("dot", alpha=0.05)), title = "Analysis of the Geographic Region", diag= 
list(continuous = "barDiag")) 
 
print(a) 
``` 
 
Retrieving the individual correlations from the pevious graph  
```{r} 
cor(SpainSup[3:14], method = "pearson") 
``` 
 
```{r} 
cor(SpainSup[3:14], method = "spearman") 
pcor(SpainSup[3:14], method = "spearman") 
cov(SpainSup[3:14], method = "spearman") 
``` 
 
 
In order to get the individual correlations per year we have to break the dataframe in smaller 
ones.  
How many years are we dealing with  
```{r} 
levels(SpainSup$Annual) 
``` 
 
```{r} 
SpainSup$Annual <- as.factor(SpainSup$Annual) 
S12 <- SpainSup[SpainSup[,"Annual"]=="2012", ] 
S13 <- SpainSup[SpainSup[,"Annual"]=="2013", ] 
S14 <- SpainSup[SpainSup[,"Annual"]=="2014", ] 
S15 <- SpainSup[SpainSup[,"Annual"]=="2015", ] 
``` 
 
```{r} 
cor(S12[3:14], method = "spearman") 
cor(S13[3:14], method = "spearman") 
cor(S14[3:14], method = "spearman") 
cor(S15[3:14], method = "spearman") 
``` 
 
```{r} 
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cov(S12[3:14], method = "spearman") 
cov(S13[3:14], method = "spearman") 
cov(S14[3:14], method = "spearman") 
cov(S15[3:14], method = "spearman") 
``` 
 
```{r} 
pcor(S12[3:14], method = "spearman") 
pcor(S13[3:14], method = "spearman") 
pcor(S14[3:14], method = "spearman") 
pcor(S15[3:14], method = "spearman") 
``` 
 
##Part 3: Method of Moments Fit  
Now we compare the histograms of the real data to the historgrams generated by Ecoinvent v 
2.2 and ecovinent v 3.2  
 
This overlays the log-normal distribution of the different fuel types in Ecoinvent v 2.2 and 
Ecoinvent v 3.2.  
```{r} 
MoMfit <- function(fueltype ,mu, sigma, medeco){ 
 col <- fueltype 
  
 #This is a necessary step since if the 0 values are overwhelming there is no good fit to the 
lognormal distirbution. For this reason we omit the negative and zero values.  
 col <- ifelse(col <=0, NA, col) 
 col <- na.omit(col) 
  
 #Create the corresponding lognormal distributions - can change the y mean value with 
medeco 
 # x - shows the distribution in Ecoinvent v2.2  
 # y - shows the distribution in Ecoinvent v3.2 
 # z - shows the adjusted MoM fit, to check whether a log-normal distribution would fit - all 
years have been considered. 
 #If we want to subset for the 2012 only: date <- supply[supply[, "Annual"]==2012,] 
 set.seed(13) 
 x <- rlnorm(meanlog = mu, sdlog = sigma, n=NROW(col)) 
 y <- rlnorm(meanlog = median(log(medeco)), sdlog = sigma, n=NROW(col)) 
 z <- rlnorm(meanlog = median(log(col)), sdlog = sd(log(col)), n=NROW(col)) 
 df <- data.frame(x,y,z,col) 
  
 print("The fitted mu and sigma to the real distribution.") 
 print(mean(log(col))) 
 print(sd(log(col))) 
  
 #Plotting the distributions  
 plots <- ggplot(df, aes(x = col, color="Real")) + geom_histogram(aes(y=..density..), binwidth 
= 0.01, alpha=0.4) + scale_y_sqrt()+ scale_x_continuous(limits = c(0,0.75)) + 
geom_density(colour="dodgerblue2") + geom_density(aes(x=x, colour="Ecoinvent v 2.2"), 
data=df) + geom_density(aes(x=y, colour="Ecoinvent v 3.2"), data=df) + 
geom_density(aes(x=z, colour="MoM"), data=df) + scale_color_manual("Distributions", 
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values = c("Real"="dodgerblue2", "Ecoinvent v 2.2"="green", "Ecoinvent v 3.2"="black", 
"MoM"="deeppink1")) + labs(title="Comparison of Distributions", x=names(fueltype)) 
 print(plots) 
} 
``` 
 
Inserting the values of the different fuel types:  
```{r, fig.width=5, fig.height=3} 
MoMfit(SpainSup$Coal, mu = -1.4447, sigma = 0.0244, medeco = 0.1825) 
MoMfit(SpainSup$Diesel, mu = -2.5037, sigma = 0.0244, medeco = 0.0453) 
MoMfit(SpainSup$Hydro, mu = -2.1839, sigma = 0.0244, medeco = 0.0131) 
MoMfit(SpainSup$Gas, mu = -1.6621, sigma = 0.0244, medeco = 0.1558) 
MoMfit(SpainSup$Nuclear, mu = -1.5097, sigma = 0.0249, medeco = 0.1689) 
MoMfit(SpainSup$Wind, mu = -2.8766, sigma = 0.0945, medeco = 0.056327) 
MoMfit(SpainSup$PV, mu = -7.9264, sigma = 0.0945, medeco = 0.0402) 
MoMfit(SpainSup$Solar.Thermal, mu = 0, sigma = 0, medeco = 0.0402) 
MoMfit(SpainSup$Biomass, mu = -4.2288, sigma = 0.0945, medeco = 0.0124) 
MoMfit(SpainSup$Import, mu = 0, sigma = 0, medeco = 0) 
``` 
 
For 2012 not all the energy sources are producing and are thus removed 
```{r, fig.width=5, fig.height=3, warning=FALSE} 
MoMfit(S12$Coal, mu = -1.4447, sigma = 0.0244, medeco = 0.1825) 
MoMfit(S12$Hydro, mu = -2.1839, sigma = 0.0244, medeco = 0.0131) 
MoMfit(S12$Gas, mu = -1.6621, sigma = 0.0244, medeco = 0.1558) 
MoMfit(S12$Nuclear, mu = -1.5097, sigma = 0.0249, medeco = 0.1689) 
MoMfit(S12$Wind, mu = -2.8766, sigma = 0.0945, medeco = 0.056327) 
MoMfit(S12$Biomass, mu = -4.2288, sigma = 0.0945, medeco = 0.0124) 
``` 
 
#Chi-Square Test Goodness of Fit  
Purpose: Test how well the log-normal distirbution fits the real distribution. 
There are two different ways in calculating the Chi-square test. Way one, is to calculate the 
relative frequency of each bin and then performing the Chi-square. The other way would be to 
randomly generate a lognormal distirbuton with the MoM parameters, binning these values 
and then compare. Both methods will be applied.  
One way by calculating probabilities of the binned data.  
 
```{r} 
ChiTest.prob <- function(fueltype){ 
 col <- fueltype 
 col <- ifelse(col <=0, NA, col) 
 col <- na.omit(col) 
  
 #Freedman - Diaconis rule for optimal binning  
 h <- diff(range(col))/(2*IQR(col)/(length(col)^(1/3))) 
 print("optimal Binning size") 
 print(h) # total number of bins - too large for manual fitting so we do it differently  
  
 #Binning - maximum binning is a electricty production up to 50% because only few 
generators produce more than a 50% of the total generation mix.  
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 Bin.Data <- cut(col, breaks= c(0,0.025,0.05,0.075, 0.1, 0.125, 0.15, 0.175, 0.2, 0.225, 0.25, 
0.275, 0.3, 0.325, 0.35, 0.375, 0.4, 0.425, 0.45, 0.475, 0.5)) 
  
 #The binning size of each category should be the same otherwise this could lead to a wrong 
result (http://www.itl.nist.gov/div898/software/dataplot/refman1/auxillar/chi2samp.htm) 
  
 #Computing relative expected frequencies 
  
 p <- c(((plnorm(q = 0.025, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col)) 
     ,((plnorm(q = 0.05, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.025, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col)) 
     ,((plnorm(q = 0.075, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.05, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col)) 
     ,((plnorm(q = 0.1, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.075, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.125, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.1, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.15, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.125, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col)) 
     ,((plnorm(q = 0.175, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.15, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.2, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.175, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.225, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.2, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.25, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.225, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.275, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.25, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.3, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.275, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.325, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.3, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.35, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.325, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.375, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.35, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.4, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.375, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.425, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.4, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.45, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.425, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.475, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.45, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
     ,((plnorm(q = 0.5, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.475, 
meanlog = median(log(col)), sdlog = sd(log(col))))*sum(col))  
 ) 
  
 fre <- vector()  
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 for(i in 1:20) fre[i] <- table(Bin.Data)[[i]] # The empirical frequencies 
  
 X <- sum(((fre - p)^2)/p) #Running actual chisq.test 
  
 gdl <- (20 - 1) # determining the degress of freedom 
  
 print("Chi-Squared p resutls 1 (Not so sure)") 
 print(1 - pchisq(X, gdl)) # calculating the p- value for the Chi-square test - if p > 0.05, the 
distribution follows a lognormal distribution. 
  
 prob <- c(((plnorm(q = 0.025, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q 
= 0, meanlog = median(log(col)), sdlog = sd(log(col))))) 
      ,((plnorm(q = 0.05, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.025, 
meanlog = median(log(col)), sdlog = sd(log(col))))) 
      ,((plnorm(q = 0.075, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.05, 
meanlog = median(log(col)), sdlog = sd(log(col))))) 
      ,((plnorm(q = 0.1, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.075, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.125, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.1, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.15, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.125, 
meanlog = median(log(col)), sdlog = sd(log(col))))) 
      ,((plnorm(q = 0.175, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.15, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.2, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.175, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.225, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.2, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.25, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.225, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.275, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.25, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.3, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.275, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.325, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.3, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.35, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.325, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.375, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.35, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.4, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.375, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.425, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.4, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.45, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.425, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.475, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.45, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
      ,((plnorm(q = 0.5, meanlog = median(log(col)), sdlog = sd(log(col))) - plnorm(q = 0.475, 
meanlog = median(log(col)), sdlog = sd(log(col)))))  
 ) 
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 print("Chi-Square result 2") 
 print(chisq.test(x=fre, p=prob, rescale.p = TRUE)) 
} 
``` 
 
```{r} 
for ( i in SpainSup[3:14]){print(ChiTest.prob(i))} 
``` 
 
 
Method 2: generating expected values by a hypothetical lognormal distribution 
the difference to the first method, is that it does not consider the probabilities but the actual 
counts for each bin.  
Proof of the validty of this style of application: http://www.stat.yale.edu/Courses/1997-
98/101/chigf.htm 
 
```{r} 
ChiTest.dist <- function(fueltype){ 
 col <- fueltype 
 set.seed(1) 
 z <- rlnorm(meanlog = median(log(col)), sdlog = sd(log(col)), n=NROW(col)) # generating 
the hypothetical distribution 
 df <- data.frame(z,col) 
  
 #Freedman and Diaconis have determined the optimal amount of bins. For this we will apply 
the optimal binning size according to the original distirbution and apply the same size 
expected value. The Chi-square test may exhibit wrong results since, the correct binning size 
is only applied to the observed value, but a comparable binning size is crucial for this 
analysis. Additionally we would like to capture the entire range of the analysis.  
 h <- diff(range(df$col))/(2*IQR(df$col)/(length(df$col)^(1/3))) 
  
 #Binning into the same sized cuts  
 a <- cut(df$col, breaks= c(seq(0,max(df$col), max(df$col)/h)), Inf) 
 b <- cut(df$z, breaks = c(seq(0,max(df$z), max(df$col)/h)),Inf) 
  
 #Comparing the histograms of both distributions 
 g <- ggplot(data=df, aes(x=col)) + geom_histogram(fill="blue", alpha=0.3) + xlim(0:1) + 
geom_histogram(data=df, aes(x=z), fill="red", alpha=0.3) 
 print(g) 
  
  
 #The X^2 is the important value and if the X^2 is larger than the upper critical value x with 
probability P(X^2 > x) with df degress of freedom the H0 is rejected. Hence, we may 
conclude that it does not follow the Log-normal distribution.  
  
 chisq.test(a,b) 
  
 results <- chisq.test(x=a, y = b) 
 results$expected 
 results$residuals 
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} 
 
``` 
This method is not very reliable as it produces bad values for obviously not lognormal 
distributed values. This may be due to the random lognormal sampling. 
 
```{r, eval=FALSE} 
for ( i in SpainSup[3:14]){print(ChiTest.dist(i))} 
``` 
 
 
#Kolmogorov - Smirnov Test: "Goodness of fit" 
 
Different to the Chi-Square test, this test is specifically for continuous distributions. However, 
this test is subject to some biases and thus I will illustrate the usual way as for a transformed 
way adapted by Clauset and C. R. Shalizi and M. E. J. Newman (2009) - 
http://users.dimi.uniud.it/~massimo.franceschet/R/fit.html 
 
The fast way goes with the One-Sample Kolgmorov-Smirnov test, which gives a glimpse of 
the probability whether the fit is good. 
 
```{r} 
KolgTest <- function(fueltype){ 
 col <- fueltype 
 ks.test(col,plnorm, meanlog = median(log(col)), sdlog = sd(log(col))) 
} 
for ( i in SpainSup[3:14]){print(KolgTest(i))} 
``` 
 
According to the following, the above Kolmogorov test is too uncertainty and thus we 
included the following analysis 
The method below was proposed by the following authors: 
A. Clauset, C. R. Shalizi, M. E. J. Newman. Power-law distributions in empirical data. 
SIAM Review 51, 661-703 (2009) 
 
```{r} 
lognormalS <- function(d){ 
 d <- ifelse(d <=0 , NA,d) 
 d <- na.omit(d) 
  
 meanlog = mean(log(d)) 
 sdlog = sd(log(d)) 
 es = ks.test(d, "plnorm", meanlog = meanlog, sdlog = sdlog) 
 print(es) 
} 
 
for (i in SpainSup[3:14]){print(lognormalS(i))} 
``` 
 



  Appendix 
 

 245 

This may not be the best way because we create biases for the theoretical log-normal 
distribution by trying to fit it to the observed distribution. Hence, an alternative would be 
sampling from the theoretical distribution with the adjusted parameters by the Monte Carlo:  
A. Clauset, C. R. Shalizi, M. E. J. Newman. Power-law distributions in empirical data. 
SIAM Review 51, 661-703 (2009) 
INPUT:  
 d: the observed distribution to fit 
 limit: the number of synthetic data sets to generate 
OUTPUT 
 meanlog: the meanlog (mu) parameter 
 sdlog: the sdlog (sigma) parameter 
 stat: the KS statistic 
 p: the percentage of time the observed distribution has a KS statistic lower than or equal to 
the synthetic distribution 
KSp: the KS p-value 
  
  
```{r} 
lognormal = function(d, limit=2500) { 
  
 # load MASS package to use fitdistr 
 # mle = fitdistr(d, "lognormal"); 
 # meanlog = mle$estimate["meanlog"]; 
 # sdlog = mle$estimate["sdlog"]; 
  
 # MLE for lognormal distribution 
 meanlog = mean(log(d)); 
 sdlog = sd(log(d)); 
  
 # compute KS statistic 
 t = ks.test(d, "plnorm", meanlog = meanlog, sdlog = sdlog); 
 es = ks.test(d, "plnorm", meanlog = meanlog, sdlog = sdlog); 
 print(es) 
  
 # compute p-value 
 count = 0; 
 for (i in 1:limit) { 
  syn = rlnorm(length(d), meanlog = meanlog, sdlog = sdlog); 
  meanlog2 = mean(log(syn)); 
  sdlog2 = sd(log(syn)); 
  t2 = ks.test(syn, "plnorm", meanlog = meanlog2, sdlog = sdlog2); 
  if(t2$stat >= t$stat) {count = count + 1}; 
 } 
 return(list(meanlog=meanlog, sdlog=sdlog, stat = t$stat, p = count/limit, KSp = t$p)); 
} 
 
``` 
 
```{r} 
lognormal(SpainSup$Coal) 
lognormal(SpainSup$Gas) 
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lognormal(SpainSup$Nuclear) 
lognormal(SpainSup$Wind) 
lognormal(SpainSup$Biomass) 
``` 
 
#Hartigan's dip test for multimodality.  
This tests whether the distributions have one mode or are from a multimodal distribution. 
(H0: follows a unimodal distribution, H1: Not unimodal distribution (at least bimodal)) 
 
```{r} 
bitest <- function(x){ 
print(dip.test(x=x)) 
 } 
 
sapply(X = supply[3:14], FUN = bitest) 
``` 
 

Part 3: The Time series Modeling  

 

--- 
title: "Time Series" 
author: "Dalton Wittmann" 
date: "9 Juni 2016" 
output: pdf_document 
--- 
##Time Series Analysis of a Dataframe 
 
Required Packages 
```{r, warning=FALSE} 
library(astsa) 
library(psd) 
library(forecast) 
``` 
Importing data 
```{r,tidy=TRUE} 
month <- read.delim(file="C:/Users/wittman_d/Desktop/Time Series Knit/Monthly 
Data/Spain-2012-09-Hourly.txt", header=TRUE) 
``` 
```{r} 
tsmonth = subset(month, select=-c(Timestamp)) 
``` 
The time series function to execute the arima model for prewhitening and then cross 
correlating two time series from the same dataframe  
```{r, tidy=TRUE} 
 
tryfun<- function(Dependent,Independent){ 
   
  
  #Transforming the data into time series data  
  a = msts(Dependent, seasonal.periods=c(24,168)) 
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  b = msts(Independent, seasonal.periods=c(24,168)) 
   
  #Visually Analyzing the time series  
  acf2(a) 
  acf2(b) 
   
  #Adjusting a ARIMA model to the time series 
  print(adja <- auto.arima(a, D = 1)) 
  print(adjb <- auto.arima(b, D = 1)) 
   
  resa <- resid(adja) 
  resb <- resid(adjb) 
   
  #Preliminary Cross-Correlation only with adjustments and not prewhitend 
  acf(ts.union(resa, resb), na.action=na.pass, lag.max = 340) 
   
   
  #Extracting the residuals of the ARIMA model for a variable.  
  pwb <- resid(Arima(b, model=adja)) 
   
  #Performing the cross-correlation with the prewhitnend residual series and the dependent 
variable 
  ccfa <- ccf(resa, pwb, plot = TRUE, lag.max = 340, na.action=na.omit) 
   
   
 #Extracting the maximum lag of the acf for the cross-correlations.  
   
 #Our original assumption was that the values are correlated within one hour to each other, 
but this is sometimes not the case and therefore we would like to no if there is a significant 
relation at all.  
   
  cor = ccfa$acf[,,1] 
  lag = ccfa$lag[,,1] 
  res = data.frame(cor,lag) 
  res_max = res[which.max(res$cor),] 
  res_min = res[which.min(res$cor),] 
  print("The value is considered significant if it is higher than 1.96/sqrt(n)") 
   xes <- (1.96/sqrt(NROW(a))) 
   print(xes) 
  resultsmax <- list(corresmax=res_max$cor, lagresmax = res_max$lag, 
corresmin=res_min$cor, lagresmin = res_min$lag) 
   
   
 print(resultsmax) 
 
} 
``` 
 
 
Creating the empty lists to store the objects for each iteration 
```{r} 



  Appendix 
 

 248 

cormin <- c() 
lagmin <- c() 
cormax <- c() 
lagmax <- c() 
``` 
 
Executing a loop to run through the timeseries  
```{r, tidy=TRUE} 
for ( i in 1:7){ 
  
 varx <- tsmonth[i] 
  
for (j in 1:7){ 
  
 vary <- tsmonth[j] 
  
 print(names(varx)) 
 print(names(vary)) 
  
 x <- tryfun(Dependent = varx, Independent = vary) 
  
 cormin <- c(cormin, x$corresmin )  
 lagmin <- c(lagmin, x$lagresmin) 
 cormax <- c(cormax, x$corresmax) 
 lagmax <- c(lagmax, x$lagresmax) 
 } 
} 
 
 
``` 
Creating matrices for the results  
```{r, tidy=TRUE} 
mincor <- data.frame("Coal"=cormin[1:7], "Hydro"=cormin[8:14], "Gas"=cormin[15:21], 
"Nuclear"=cormin[22:28], "Wind"=cormin[29:35], "Biomass"=cormin[36:42] , 
"Import"=cormin[43:49]) 
lagmin <- data.frame("Coal"=lagmin[1:7], "Hydro"=lagmin[8:14], "Gas"=lagmin[15:21], 
"Nuclear"=cormin[22:28], "Wind"=cormin[29:35], "Biomass"=cormin[36:42], 
"Import"=cormin[43:49]) 
lagmax<- data.frame("Coal"=lagmax[1:7], "Hydro"=lagmax[8:14], "Gas"=lagmax[15:21], 
"Nuclear"=cormin[22:28], "Wind"=cormin[29:35], "Biomass"=cormin[36:42], 
"Import"=cormin[43:49]) 
maxcor <- data.frame("Coal"=cormax[1:7], "Hydro"=cormax[8:14], "Gas"=cormax[15:21], 
"Nuclear"=cormin[22:28], "Wind"=cormin[29:35], "Biomass"=cormin[36:42], 
"Import"=cormin[43:49]) 
 
#results 
mincor 
lagmin 
lagmax 
maxcor 
``` 


