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Executive Summary

The purpose of this report is to examine the hypothesis that Residual Load is

highly correlated with the energy market prices, which was previously raised

in the literature [1] [2]. In particular, the relationship between both Day-

Ahead and Intraday weighted average market prices and aggregated energy

generation data is assessed by computing the correlation coefficients as well

as visually using heatmaps. After collecting the necessary price and energy

generation data, the individual dataframes were first split into hourly and

quarter-hourly intervals when necessary and then combined to form two final

dataframes. Ultimately, Day-Ahead and Intraday hourly auction prices show

a significant positive correlation coefficient with Residual load, which can be

attributed to the similar daily patterns shown in the heatmaps. However,

quarter-hourly continuous Intraday prices show little correlation with Resid-

ual and other Load variables, which seems to be due to the intra-hour price

patterns.
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1 Introduction

The share of renewable energies in the German energy grid has increased

constantly in recent years, mainly driven by price reductions, government

policies and an increased environmental consciousness by Germany’s citizens.

While currently hovering around 36% [3], the German government targets

an increased share between 40 and 45% by 2025 and further increases in

subsequent decades[4]. The most popular renewable energy sources have

been wind and solar energy as their upfront and installation costs have seen a

steady decline. Afterwards, their low marginal cost for energy production has

resulted in lower spot energy prices. Wind and solar energy plants themselves

provide limited flexibility and low mechanical inertia, however, meaning that

they require further measures to stabilize demand-supply balance and thus

the energy grid [2].

As a result, the average energy market prices should be fairly dependent

on the mix of flexible versus non-flexible energy sources, which is what this

report aims to examine. Before introducing the data, Section 2 gives an

overview over the German energy market and some relevant definition in

the energy sector. Section 3 highlights how the necessary data was collected

and Section 4 describes the Data Cleaning and Data Manipulation processes.

Finally, Section 5 contains the Methodology and Data Analysis Results and

Section 6 offers the Conclusion and a further outlook.
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2 Background

As a first step, I will provide some background on the German Energy Market

and its current implementation. In 1996, the European Union adopted the

first iteration of liberalization directives, ordering the member states to open

their energy markets for competition and moving away from its previous mo-

nopolization starting in 1998 [5]. Over time, further government directives,

participation incentives and market mechanisms have led to an energy mar-

ket that fully takes advantage of basic economic principles to balance supply

and demand. Suppliers can offer their produced energy on the market and

companies can bid for said energy supply to satisfy their demand.

The market in Germany allows companies to buy or sell energy in mul-

tiple stages. EPEX spot, the main European power exchange, offers bidding

options for single hours, multi-hour bloacks, and quarter-hour intervals at

different distances from the time in question. The Day-Ahead auction takes

place at 12:00 the day before and only allows for trading of blocks of one

or multiple hours [6]. This particular auction functions on market-clearing

principles, meaning that the price for every transaction for a specific hour is

based on the last transaction that is completed [7]. The Intraday Auction

also takes place the day before but at 15:00, and allows for trading of all

previously mentioned intervals [8]. In contrast to the Day-Ahead auction,

it is not bound to market-clearing principles and thus allows for individual

bidding principles. The Intraday Auction closes after an hour at 16:00, after

which the Continuous Intraday market allows for transactions of quarter-hour

energy blocks up until 30 minutes1 before the actual time interval. Thus, the

Intraday market is often seen as a fine-tuning mechanism for individual com-

1It was 45 minutes before July 2015. It has since been reduced to 5 minutes, but this

change is not relevant for this project.
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pany’s load profiles after the main purchase in the Day-Ahead market [7].

Supply-Demand balancing on the energy market is necessary for the sta-

bility of the energy grid, and has recently been challenged due to the inherent

fluctuations in energy consumption as well as energy production from renew-

able energy sources. With the inherent volatility and seasonality of renewable

energy sources such as wind and solar energy and a lack of sufficient energy

storage, market mechanisms and other sources of flexibility become vital for

a well-functioning grid. Traditional energy sources have typically been able

to increase or decrease production in response to energy consumption trends

or provided enough mechanical inertia to keep the grid stable, whereas Wind

and Solar power plants either produce energy in accordance with the weather

conditions or have to be shut off entirely. More recently, Demand Side Man-

agement has also seen a rise in popularity, meaning companies can manage

their energy consumption according to the market and therefore profit from

imbalances through flexibility [9].

As mentioned above, the electricity prices ultimately depend on the

balance of energy supply and demand. Although solar and wind energy show

large fluctuations in their production profile, they are non-flexible sources of

energy, leaving it to the other flexible energy sources to balance the market.

Thus, according to Pagnier and Jacquod (2018) [2], spot market prices are

usually higher when the share of flexible energy sources of overall energy

production is higher. The share of flexible energy sources is usually called

Residual Load. In equation form, this statement corresponds to

Residual Load = Total Load−Renewable Energy Load. (1)

Although some correlation between market prices and Residual Load
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are to be expected, the reported correlation coefficients of up to 0.89 in the

literature suggest a very high positive correlation [2]. In other words, the

correlation coefficients indicate that market prices generally increase when

the amount of Residual Load increases. Investigating this claim will be the

focus of this report.

3 Data Collection

In order to compare energy generation to market prices, it was necessary

to find data sources for energy generation in Germany broken down into its

components, as well as market prices for both the Day-Ahead and Spot mar-

kets. As the liberated market depends on a certain degree of transparency,

most of the data should be fairly easily accessible.

For the energy data, The ENTSO-E transparency platform [10] provides

aggregated load and generation information by production type for all of

Germany in 15 minute intervals and allows users to easily export yearly

data. Thus, I downloaded .csv files for both generation and load data for

2015 and 2016 respectively, which were then merged later on.

As for the market data, Intraday and Day-Ahead market data is available

for payment from the Epex Spot website. In this case, both were provided by

Prof. Kettemann. The provided Excel and .csv files contained a multitude

of different views and excerpts of the data, and were hence reduced to the

relevant parts in the next step. Ultimately, the dataset included hourly Day-

Ahead and Intraday auction data, and quarter-hourly data from continuous

trading.
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4 Data Preprocessing

As a first step, I decided to consolidate the energy generation, Day-Ahead

and Intraday data into individual, complete tables respectively. This step was

accomplished by simply concatenating the 2016 data at the end of the 2015

data or by identifying and isolating the relevant tables. All dataframes main-

tained a fairly similar structure, namely being indexed by integer timesteps

with one or more columns referencing the actual time of observation and the

rest of the columns featuring numerical observations. After taking a closer

look at the resulting dataframes, however, I also noticed a couple of differ-

ences between them. First of all, the formatting for the timestamp of each

observation was very different. Secondly, some of the data was in an hourly

or quarter-hourly format, or both. Lastly, the sources differed in how they

handled daylight savings time.

4.1 Time Formatting

As previously mentioned, every source offered a different style of format-

ting for the timestamps. The generation data had a column called ”Time

(CET)”, which contained the starting and ending date and time separated

by a hyphen. The day-ahead spot data contained a column with just the

starting date and time in addition to a separate column denoting the start-

ing and ending hour separated by a hyphen. Lastly, the intraday dataframe

had time encoded in a string with different formats for quarter-hourly and

hourly data. The first part of the quarter-hourly string was the hour of the

day initialized at 1, the second part was just ’qh’ for quarter hour with the

integers 1 through 4 denoting the 4 possible quarter-hour segments. As an

example, 24qh4 would translate to 23:45-0:00. The hourly intraday data is
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simply denoted by the first, hourly part of the string. In that case, 24 sym-

bolizes the hour from 23:00 to 0:00. The intraday dataframe also features a

non-encoded date column.

In the beginning, I focused most of my efforts in converting the string

encodings into proper datetime format, which turned out to be tedious. Even

with separating out the different parts of the encoding, the transformation

would require a multitude of string operations. In addition, the two hours

of the year that were repeated due to daylight savings time were encoded

3A and 3B, which added another obstacle to automating the transformation

process. Thus, I decided that instead of joining the dataframes on the date-

time column, to just join the dataframes on the integer index after making

sure they were lined up perfectly and to then use the starting time from the

generation data as a timestamp.

4.2 Further Data Cleaning

In addition to the formatting issues, the sourced dataframes also contained

missing or dirty data. For example, the columns ”Fossil Oil” and ”Fossil

Oil Shale” of the Generation data are missing for the entirety of 2015 and

2016, which allowed me to just remove them entirely. Other columns such

as ”Fossil Peat” and ”Marine” in the generation dataframe as well as ”Index

Price” and ”ID3 Price” in the intraday dataframe contained missing values

for some of the observations. The likely reason for this is the categories

being added at some point during that period, as the missing values are all

found at the beginning of the period. These columns were at most used for

some aggregations that are discussed in Subsection 4.3. ”Index Price” was

considered to be used as the price indicator for the intraday market, but

the column ”Weighted Average Price” features the same values and does not
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contain NaN’s so was used instead. In general, all observations that did not

contain numerical values when they should were coerced into the numeric

type, which automatically converts all non-numerical data types into NaN

format and in turn allows for much easier filtering. Besides the time and date

columns, all variables across all sources should only contain numeric values.

Checking for missing values also ultimately helped solve another issue,

namely the ability to join the three dataframes. When I first attempted

to join them, it became clear that the dataframes were of different lengths.

Specifically, the generation dataframe included 8 extra rows, or 2 extra hours

worth of data. When checking for NaN values, I realized that the discrepancy

in length was caused by the differences in handling daylight savings time.

Instead of removing the skipped hour in March, the dataframe included 4

rows of missing values each time. Removing those rows allowed me to safely

join all dataframes on the reset index.

4.3 Combining the Sources

Ultimately, I decided to create two separate combined dataframes, one for

quarter-hourly data and one for hourly data. The hourly dataframe contained

prices for both Spot and Intraday markets, as well as aggregated generation

data by summing the 4 quarter-hours for every hour. The quarter-hourly

dataframe only contained the given intraday prices as well as the generation

data, as the bidding on the Spot market is constrained to hourly intervals.

I decided to move forward with both time intervals in order to not lose any

of the given information as well as to allow for the ability to compare trends

between both. As part of the process, I created the new hourly Energy

Generation dataframe, and split the Intraday dataframe into quarter-hourly

and hourly components based on the label difference, i.e. every row whose
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time encoding contained ’qh’ was assigned to the quarter-hourly dataframe

and the rest to the hourly one. In the joins I only included the chosen

Price columns for each market dataframe, whereas I included all columns for

the Generation dataframe in case I wanted to individually check the market

price correlations for a particular energy source. The generation data did not

include Renewable Energy and Residual Load aggregations, however.

The process of creating the Renewable Energy and Residual Load vari-

ables is fairly simple. It is achieved by first summing the Solar and Wind En-

ergy observations for every timestamp to create the Renewable Load variable,

and then by subtracting the Renewable Load from the Total Load column for

the Residual Load variable. This process was followed for both dataframes.

In addition to those two extracted features, I also decided to assess the impact

of the Day-Ahead Total Load Forecast as that is used as one of the pieces

of information at the time of purchase or sale for both auctions. Instead of

looking at the raw Load Forecast, I decided to use the difference between

forecasted and actual load, i.e. LoadDiff = LoadForecast − ActualLoad.

This step completed the Data Preprocessing work, and Figure 1 shows a

snippet of the final dataframes used for the Analysis.
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(a) Hourly Dataframe

(b) Quarter-hourly Dataframe

Figure 1: The first 5 observations for both final dataframes.

5 Data Analysis & Discussion

The Data Analysis component for this project was comprised of two compo-

nents: correlation and visual analysis. In particular, the goal was to further

examine the relationship between Residual Load, Renewable Load and the

market prices for the hourly and quarter-hourly data.

5.1 Methodology

In order to assess the relationships between the different variables with some

context, I first calculated the correlation between the prices and the genera-
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tion data and then compared the values to yearly heatmaps of each variable.

The heatmaps were generated by aggregating the data by both time-of-day

and day of the year, and using those indexes as the axes. Thus, the heatmaps

show the relative values for each hour or quarter-hour of the day for the en-

tire year as a pixel, and allows the observer to see seasonal trends. As the

correlation coefficient is a measure describing the relationship between two

variables, comparing the trends over time for both variables should allow us

to confirm and further assess the correlation coefficient.

The correlation coefficient is calculated as

CCX,Y =
cov(X, Y )

σXσY
, (2)

where cov(X,Y) is the covariance between the two variables and σ de-

notes the Standard Deviation. The correlation coefficient is bound to the

interval [-1, 1], with values close to -1 or 1 expressing a large negative or pos-

itive relationship and values close to 0 expressing no significant relationship

between the variables.

5.2 Hourly Data

First, I wanted to look at hourly data as it contained both Intraday and

Day-Ahead auction prices. The relevant correlation coefficients are shown

in Figure 2. Similar to previous findings, the correlation between Residual

Load and prices for both Day-Ahead and Intraday auctions exhibit a strong

correlation, albeit slightly lower than 0.89. Both prices show some negative

correlation with Renewable Load, meaning that more Renewable Energy gen-

eration should generally result in lower prices. Lastly, the Load Difference
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does not seem to have a significant impact, as the correlation is very close

to 0. It is interesting to note, however, that the Intraday Price has smaller

correlation values for all variables besides Load Difference, hinting that the

later auction timing might lead to price corrections due to more information

being available.

Figure 2: Correlation Coefficients between Intraday and Day-Ahead prices and

Load data.

The heatmaps shown in Figure 3 visually support the above-mentioned

correlation coefficients. In addition, the heatmaps show clear trends that

allow for further insights. For Renewable Load, the graph shows a clear sea-

sonal trend for both Solar and Wind Power, as the Solar component is bound

to daylight hours with its highest output in the summer as shown by the

lighter orange and red colors, and the wind component with its highest out-

put in the winter. Besides the late night hours, the Residual Load heatmap

looks almost like the inverse of the Renewable heatmap, as Residual Load is

highest in the early morning and evening hours as well as throughout winter

days with little to no wind energy generation. The Price heatmaps look very

similar and both seem to mostly mirror the Residual Load heatmap albeit

with less variance as evidenced by the little to no change in color. All three

heatmaps exhibiting the same trend, however, visualizes the underlying cause

of the high correlation coefficient.
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(a) Renewable Load Heatmap

(b) Residual Load Heatmap

(c) Heatmap of Day-Ahead Price

(d) Heatmap of Intraday Price

Figure 3: Heatmaps for hourly Load and Price Data. Lighter colors correspond to

higher values.

14



5.3 Quarter-Hourly Data

The Quarter-Hourly price data is only comprised of auction and continu-

ous trading transactions on the Intraday market. Again, these transactions

are thought to be used to either smoothen the purchased energy profile for

demand-side buyers or to to sell excess generated energy or buy back energy

due to worsened generation forecasts. Generally, it can be seen as the mar-

ket adapting to further information or taking advantage of the shorter time

intervals to further match consumption and purchase profiles. Thus, it is

rather unsurprising to see low correlation coefficients as shown in Figure 4.

Although the Load Diff coefficient is still fairly insignificant, it is interesting

to see it being the highest absolute value coefficient, meaning it has the most

significant relationship with the Intraday price. It is also interesting to note

that the relationship is positive, meaning that when the Load Forecast is

increasingly higher than the Actual Load, the Intraday Price also tends to

increase. Overall, however, the relationships between quarter-hourly Price

and all Load variables are not significant.

Figure 4: Correlation Coefficients between quarter-hourly Day-Ahead prices and

Load data.

Again, the heatmaps offer some clues on the reason why the correlation

coefficient are so low. The Renewable Load and Residual Load heatmaps as

seen in Figure 5 show the same trends as the hourly data just on a different

scale, which makes sense given that they are based on the same underlying

data but on a different scale. The Intraday Price heatmap still shows some

of the underlying trend with respect to the early morning and evening hours,
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yet also reveals hourly trends. In the early morning hours and the evening

hours, the last quarter-hour generally shows the highest price as compared

to the rest of the hour, whereas in the morning and late night hours it is

the lowest and the first quarter-hour seems to be the most expensive. This

trend points towards the suspicion of buyers attempting to smooth out their

purchasing profile to an extent. Figure 6 offers another visualization of the

trend as an average of the entire dataset. Even though early morning hours

change throughout the year as evidenced by the heatmaps, the trend is still

clearly visible when only looking at the red and blue bars. From 21:00 to

5:00 and 11:00 to 17:00, the last quarter-hour is the most expensive, whereas

the rest of the day the first quarter-hour is the most expensive. Thus, the

Intraday Price seems to follow this trend much more closely as opposed to

the Residual Load pattern, explaining the low correlation scores.
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(a) Renewable Load quarter-hourly Heatmap

(b) Residual Load quarter-hourly Heatmap

(c) Heatmap of quarter-hourly Intraday Price

Figure 5: Heatmaps for quarter-hourly Load and Price Data. Lighter colors cor-

respond to larger values.
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Figure 6: Day Profile for Intraday Continuous Prices. The given minutes in the

legend denote the starting time for each quarter-hour.

6 Conclusion & Outlook

Overall, the correlation coefficients and visualizations comfirm the hypothesis

that some energy market prices are highly correlated with the energy gener-

ation of flexible Residual Load sources. This project demonstrates, however,

that this statement is only true for the full-hour transactions in the Day-

Ahead and Intraday Market. The quarter-hourly show no correlation with

the different types of energy generation but rather follows an hourly pattern

that can be linked to the smoothing of production or consumption curves.

Lastly, the Load forecasting error seems largely insignificant, but does share
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the largest absolute correlation coefficient with continuous Intraday price,

which point to the market reacting to more accurate information closer to

the transmission time.

In future projects, it would be interesting to further investigate the cause

of the hourly trends in the quarter-hourly Price data. in order to establish a

definite link between the smooth transaction curves and its effect on prices for

smaller time interval energy blocks. In addition, I would also like to look at

the price patterns of larger time blocks on the Auction markets, and if their

pattern are similar to the hour-block patterns or inherently different. Finally,

it would be interesting to add more years of data, look at the evolution of

the correlation coefficient over the years and then compare it to the installed

solar and wind energy capacity.
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A Appendix 1: Code

#!/ usr / b in /env python

# coding : u t f−8

# In [ 1 ] :

import pandas as pd

import numpy as np

import matp lo t l i b . pyplot as p l t

import matp lo t l i b . axes as ax

import seaborn as sns

# In [ 1 9 9 ] :

#load genera t ion and load data

genera t i on 2015 = pd . r ead c sv ( ’ Actual Generat ion per Production Type 201501010000 −201601010000. csv ’ )

gene ra t i on 2016 = pd . r ead c sv ( ’ Actual Generat ion per Production Type 201601010000 −201701010000. csv ’ )

load 2015 = pd . r ead c sv ( ’ Total Load − Day Ahead Actual 201501010000 −201601010000. csv ’ )

load 2016 = pd . r ead c sv ( ’ Total Load − Day Ahead Actual 201601010000 −201701010000. csv ’ )

# make a 2015−2016 d f

# concat on ly 2015 and 2016 genera t ion and load d f s

df gen1516 = pd . concat ( [ generat ion 2015 , gene ra t i on 2016 ] , i gn o r e i n de x=True )

d f l oad1516 = pd . concat ( [ load 2015 , load 2016 ] , i g no r e i n de x=True )

print ( df gen1516 . shape )
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print ( d f l oad1516 . shape )

#concat in t o one df , drop redundant columns

df 1516 = pd . concat ( [ d f load1516 , df gen1516 ] , a x i s =1)

d f 1516 . drop ( columns=[ ’ Area ’ , ’MTU’ ] , i n p l a c e=True )

print ( d f 1516 . shape )

#s p l i t the time f i e l d in t o s t a r t and end time f i e l d s

t i m e s p l i t = df 1516 [ ’Time (CET) ’ ] . str . s p l i t ( ’ − ’ , expand=True )

d f 1516 [ ’ Start Time ’ ] = t i m e s p l i t [ 0 ]

d f 1516 [ ’ End Time ’ ] = t i m e s p l i t [ 1 ]

d f 1516 . drop ( columns=[ ’Time (CET) ’ ] , i n p l a c e=True )

#df 1516 . head ()

#can s t i l l g e t r i d o f unnecessary /NaN−va lued genera t ion type columns but t h i s i s f i n e f o r now

df 1516 [−26876:−26868]

# In [ 2 0 0 ] :

# d e l e t e empty rows

df 1516 = df 1516 . drop ( [8360 ,8361 ,8362 ,8363 ,43308 ,43309 ,43310 ,43311 ] , a x i s =0)

d f 1516 . r e s e t i n d e x ( i n p l a c e=True , drop=True )

print ( d f 1516 . columns )

d f 1516 [ 4 3 3 0 0 : 4 3 3 1 2 ]
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# # Intraday Pr ices

# In [ 2 0 1 ] :

in t raday 2015 = pd . r e a d e x c e l ( ’ i n t r a d a y r e s u l t s g e r m a n y a u s t r i a 2 0 1 5 . x l sx ’ , sheet name = ’ Hours ’ , header=1)

int raday 2016 = pd . r e a d e x c e l ( ’ i n t r a d a y r e s u l t s g e r m a n y a u s t r i a 2 0 1 6 . x l sx ’ , sheet name = ’ Hours ’ , header=1)

print ( int raday 2015 . shape )

int raday 2015 . head (3)

# In [ 2 0 2 ] :

i n t r a d a y d f = pd . concat ( [ intraday 2016 , int raday 2015 ] , a x i s =0)

print ( i n t r a d a y d f . shape )

i n t r a d a y d f . head (20)

# In [ 7 8 ] :

in t raday qh = i n t r a d a y d f [ i n t r a d a y d f [ ’ Hour from ’ ] . str . c onta in s ( ’ qh ’ ) ]

int raday qh = intraday qh . r e s e t i n d e x ( drop=True )

intraday qh . shape
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# In [ 7 9 ] :

i n t raday h = i n t r a d a y d f [ ˜ i n t r a d a y d f [ ’ Hour from ’ ] . str . c onta in s ( ’ qh ’ ) ]

in t raday h = intraday h . r e s e t i n d e x ( drop=True )

int raday h . shape

# In [ 9 ] :

in t raday qh . head (25∗4)

# In [ 1 0 ] :

#Index and ID3 Price are NaN fo r beg inn ing o f 2015

#im p r e t t y sure index Price = WAP so j u s t use WAP?

in t raday qh . t a i l ( 5 )

# # Hourly Intraday

# In [ 2 0 3 ] :

# ge t i n t r a da y d f and r e s e t index to s t a r t from 1/1/15

i n t raday h = i n t r a d a y d f [ ˜ i n t r a d a y d f [ ’ Hour from ’ ] . str . c onta in s ( ’ qh ’ ) ]
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#reve r s e index to s t a r t from beg inn ing 2015

i n t raday h = intraday h . r e s e t i n d e x ( drop=True )

int raday h = intraday h . s o r t i n d e x ( ascending=False , a x i s =0). r e s e t i n d e x ( drop=True )

int raday h . head ( )

# In [ 2 0 4 ] :

# drop unnecessary columns

i n t raday h . drop ( columns=[ ’ Last Pr i ce (EUR/MWh) ’ , ’Time Stamp o f Last Pr i ce ’ , ’ ID3−Pr i ce (EUR) ’ ,

’ Index Pr i ce (EUR) ’ ] , i n p l a c e=True )

int raday h . t a i l ( 3 )

# In [ 2 0 5 ] :

#c lean load /gen dataframe

#ge t numerical c o l l i s t

c o l s = df 1516 . columns . drop ( [ ’ Start Time ’ , ’ End Time ’ ] )

#for c e r e l e v an t columns to be numeric and remove c o l s t h a t on ly conta in NaNs

df 1516 [ c o l s ] = df 1516 [ c o l s ] . apply (pd . to numeric , e r r o r s=’ coe r c e ’ )

d f 1516 . dropna ( a x i s =1, how = ’ a l l ’ , i n p l a c e=True )

print ( d f 1516 . columns )

print ( d f 1516 . shape )
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df 1516 . head ( )

# In [ 2 0 6 ] :

#make load /gen d f hour ly

df 1516 h = df 1516 . groupby ( d f 1516 . index // 4 ) .sum( )

d f 1516 h [ ’ Start Time ’ ] = l i s t ( d f 1516 . i l o c [ : : 4 , −2])

d f 1516 h [ ’ End Time ’ ] = l i s t ( d f 1516 . i l o c [ 3 : : 4 , −1])

d f 1516 h . t a i l ( )

# In [ 2 0 7 ] :

#merge dataframes on index

hour l y d f = pd . concat ( [ d f 1516 h , in t raday h . drop ( [ ’ Hour from ’ , ’ Hour to ’ , ’ De l ive ry Date ’ ] , a x i s =1)] , a x i s =1)

hour l y d f = hour l y d f . i l o c [ :−2 , : ]

hou r l y d f . head ( )

# In [ 2 0 8 ] :

hour l y d f . drop ( [#’Day−ahead Tota l Load Forecast [MW] − Germany (DE) ’ ,

’Low Pr i ce (EUR/MWh) ’ , ’ High Pr i ce (EUR/MWh) ’ ] , a x i s =1, i n p l a c e = True )

hour l y d f . head ( )
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# # Epex Spot Pr ices

# Epex Spot Pr ices are in hour i n t e r v a l s , so maybe make two d i f f e r e n t d fs , one wi th 15 min i n t e r v a l s and no spo t and one wi th spo t and the genera t ion combined

# In [ 2 0 9 ] :

epex 2015 = pd . r e a d e x c e l ( ’ Phel ixPowerSpotHistory 2015 −3. x l s ’ , sheet name = ’ Hours ’ , header=2)

epex 2016 = pd . r e a d e x c e l ( ’ Phel ixPowerSpotHistory 2016 . x l s ’ , sheet name = ’ Hours ’ , header=2)

epex d f = pd . concat ( [ epex 2016 , epex 2015 ] , a x i s =0)

epex d f = epex df . r e s e t i n d e x ( drop=True )

# In [ 2 1 0 ] :

epex d f = epex df . s o r t i n d e x ( ascending=False , a x i s =0). r e s e t i n d e x ( drop=True )

epex d f

# # Fina l Hourly DataFrame

# In [ 2 1 1 ] :

hour l y d f = pd . concat ( [ epex df , hou r l y d f ] , a x i s =1)

hour l y d f . shape
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# In [ 2 1 2 ] :

hour l y d f . columns

# In [ 2 1 3 ] :

#rename some columns

hour l y d f . rename ( index=str , columns={” Pr i ce \nEUR/MWh” : ”Day−Ahead Pr i ce [EUR/MWh] ” , ”Volume\nMWh” : ”Day−Ahead Volume [MWh] ” ,

”Volume Buy (MW) ” : ” Intraday Volume Buy [MW] ” ,

”Volume S e l l (MW) ” : ” Intraday Volume S e l l [MW] ” ,

”Weighted Average Pr i ce (EUR) ” : ” Intraday WA Pr ice [EUR] ” ,

”Day−ahead Total Load Forecast [MW] − Germany (DE) ” : ”Day−Ahead Load Forecast [MW] ” ,

” Actual Total Load [MW] − Germany (DE) ” : ” Actual Load [MW] ”} , i n p l a c e = True )

#crea t e Load D i f f v a r i a b l e

hour l y d f [ ’ Load D i f f ’ ] = hour l y d f [ ’Day−Ahead Load Forecast [MW] ’ ] − hour l y d f [ ’ Actual Load [MW] ’ ]

hou r l y d f . head ( )

# In [ 2 1 4 ] :

hour l y d f [ ’ De l ive ry Date ’ ] . dtype

# In [ 3 2 ] :
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hour l y d f . c o r r ( )

# In [ 4 7 ] :

c o l l i s t= l i s t ( hou r l y d f )

hou r l y d f [ ’ F o s s i l ’ ] = hour l y d f [ c o l l i s t [ 6 : 1 0 ] ] . sum( a x i s = 1)

c o l l i s t

# In [ 2 1 5 ] :

#crea t e t o t a l columns f o r renewab le ene r g i e s and r e s i d u a l load

r e n l i s t = [ ’ Biomass − Actual Aggregated [MW] ’ , ’ Geothermal − Actual Aggregated [MW] ’ ,

’ Hydro Pumped Storage − Actual Aggregated [MW] ’ , ’ Hydro Pumped Storage − Actual Consumption [MW] ’ ,

’ Hydro Run−of−r i v e r and poundage − Actual Aggregated [MW] ’ ,

’ Hydro Water Rese rvo i r − Actual Aggregated [MW] ’ ,

’ Marine − Actual Aggregated [MW] ’ , ’ Other renewable − Actual Aggregated [MW] ’ ,

’ So la r − Actual Aggregated [MW] ’ , ’ Waste − Actual Aggregated [MW] ’ ,

’Wind Of f shore − Actual Aggregated [MW] ’ ,

’Wind Onshore − Actual Aggregated [MW] ’ ]

hou r l y d f [ ’ Total Renewable ’ ] = hour l y d f [ r e n l i s t ] . sum( a x i s = 1)

r e s l o a d l i s t = [ ’ F o s s i l Brown coa l / L i g n i t e − Actual Aggregated [MW] ’ ,

’ F o s s i l Coal−der ived gas − Actual Aggregated [MW] ’ ,
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’ F o s s i l Gas − Actual Aggregated [MW] ’ , ’ F o s s i l Hard coa l − Actual Aggregated [MW] ’ ,

’ Nuclear − Actual Aggregated [MW] ’ ]

hou r l y d f [ ’ Total Res idua l TR’ ] = hour l y d f [ r e s l o a d l i s t ] . sum( a x i s = 1)

s h r e n l i s t = [ ’ So la r − Actual Aggregated [MW] ’ , ’Wind Of f shore − Actual Aggregated [MW] ’ ,

’Wind Onshore − Actual Aggregated [MW] ’ ]

hou r l y d f [ ’ Renewable Load ’ ] = hour l y d f [ s h r e n l i s t ] . sum( a x i s = 1)

#s h r e s l o a d l i s t = [ ’ Biomass − Actual Aggregated [MW] ’ , ’ Geothermal

− Actual Aggregated [MW] ’ ,

# ’Hydro Pumped Storage − Actual Aggregated [MW] ’ , ’ Hydro Pumped Storage

− Actual Consumption [MW] ’ ,

# ’Hydro Run−of−r i v e r and poundage − Actual Aggregated [MW] ’ ,

# ’Hydro Water Reservo i r − Actual Aggregated [MW] ’ ,

# ’Marine − Actual Aggregated [MW] ’ , ’ Other renewab le

− Actual Aggregated [MW] ’ ,

# ’ So lar − Actual Aggregated [MW] ’ , ’ F o s s i l Brown coa l / L i gn i t e

− Actual Aggregated [MW] ’ ,

# ’ Fo s s i l Coal−der i v ed gas − Actual Aggregated [MW] ’ ,

# ’ Fo s s i l Gas − Actual Aggregated [MW] ’ , ’ F o s s i l Hard coa l

− Actual Aggregated [MW] ’ ,

# ’ Nuclear − Actual Aggregated [MW] ’ ]

hour l y d f [ ’ Res idua l Load ’ ] = hour l y d f [ ’ Actual Load [MW] ’ ] − hour l y d f [ ’ Renewable Load ’ ]

hou r l y d f . columns

# In [ 2 1 6 ] :
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c o r r l i s t = [ ’Day−Ahead Pr i ce [EUR/MWh] ’ , ’ Intraday WA Pr ice [EUR] ’ , ’ Renewable Load ’ , ’ Res idua l Load ’ , ’ Load D i f f ’ ]

c = hour l y d f [ c o r r l i s t ] . r e s e t i n d e x ( drop = True ) . c o r r ( ) [ ’Day−Ahead Pr i ce [EUR/MWh] ’ : ’ Intraday WA Pr ice [EUR] ’ ]

c . i l o c [ : , 2 : ]

# # Hourly Heatmap

# In [ 2 1 7 ] :

# make De l i v e ry Date in t o a date t ime format

hour l y d f [ ’ De l ive ry Date ’ ]

#make De l i v e ry Date i n t date t ime format and make i t the index

hour l y d f [ ’ De l ive ry Date ’ ] = pd . to date t ime ( hour l y d f [ ’ De l ive ry Date ’ ] , format = ’%Y−%m−%d %H:%M:%S ’ )

#hou r l y d f . drop ( columns = ’Hour ’ , i np l a c e = True )

hour l y d f . s e t i n d e x ( ’ De l ive ry Date ’ , i n p l a c e = True )

hour l y d f . head ( )

# In [ 2 1 8 ] :

hour l y d f . groupby (pd . Grouper ( f r e q = ’m’ ) ) . mean ( ) . head ( )

# In [ 2 1 9 ] :
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def show heatmap ( df , ValueColumn , y l a b e l ) :

d f [ ’month ’ ] = df . index . month

df [ ’ day ’ ] = df . index . day

df [ ’ hour ’ ] = df . index . hour

df [ ’ minutes ’ ] = df . index . minute

p ivot = df . p i v o t t a b l e ( index =[ ’ hour ’ , ’ minutes ’ ] , columns=[ ’month ’ , ’ day ’ ] , va lue s= str ( ValueColumn ) )

#p i vo t = p i v o t . s o r t i n d e x ( ascending=False , a x i s=0)

p l t . matshow ( pivot , o r i g i n= ’ lower ’ , i n t e r p o l a t i o n=None , aspect=’ auto ’ )

p l t . t i ck params ( a x i s=”x” , bottom=True , top=False , labe lbottom=True , l a b e l t o p=False )

p l t . y l a b e l ( y l a b e l )

p l t . x l a b e l ( ’Month ’ )

p l t . x t i c k s ( [ 0 , 31 , 59 , 90 , 120 , 151 , 181 , 212 , 243 , 273 , 304 , 334 ] , [ ’ Jan ’ , ’ Feb ’ , ’Mar ’ , ’Apr ’ , ’May ’ , ’ Jun ’ , ’ Jul ’ , ’Aug ’ , ’ Sep ’ , ’ Oct ’ , ’Nov ’ , ’ Dec ’ ] )

p l t . set cmap ( ’magma ’ )

p l t . show ( )

# In [ 2 2 0 ] :

show heatmap ( hour ly d f , ’ So la r − Actual Aggregated [MW] ’ , ’ Hour ’ )

# In [ 5 4 ] :

show heatmap ( hour ly d f , ’ Res idua l Load ’ , ’ Hour ’ )
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# In [ 5 5 ] :

show heatmap ( hour ly d f , ’ Renewable Load ’ , ’ Hour ’ )

# In [ 5 6 ] :

show heatmap ( hour ly d f , ’Day−Ahead Pr i ce [EUR/MWh] ’ , ’ Hour ’ )

# In [ 5 7 ] :

show heatmap ( hour ly d f , ’ Intraday WA Pr ice [EUR] ’ , ’ Hour ’ )

# In [ 5 8 ] :

show heatmap ( hour ly d f , ’ Actual Load [MW] ’ , ’ Hour ’ )

# ### Quarter−hour ly data

# In [ 1 4 4 ] :
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print ( d f 1516 . shape )

print ( int raday qh . shape )

intraday qh . t a i l ( )

# In [ 1 4 1 ] :

#df 1516 [ ’ Start Time ’ ] = pd . t o da t e t ime ( d f 1516 [ ’ Start Time ’ ] , format = ’%d.%m.%Y %H:%M’)

#df 1516 . head ()

# In [ 6 4 ] :

# df 1516 has two en t r i e s f o r the two hours a year when time changes and the same hour t e c h n i c a l l y occurs tw ice

#df 1516 [ d f 1516 . dup l i c a t e d ( su b s e t = ’End Time ’ ) ]

# In [ 1 8 7 ] :

# merge the two QH dataframes and s e t Start Time as the index

print ( int raday qh . shape )

print ( d f 1516 . shape )

qh df = pd . concat ( [ df 1516 , int raday qh ] , a x i s =1)

qh df [ ’ Start Time ’ ] = pd . to date t ime ( qh df [ ’ Start Time ’ ] , format = ’%d.%m.%Y %H:%M’ )

qh df . s e t i n d e x ( ’ Start Time ’ , i n p l a c e = True )

qh df . index = pd . to date t ime ( qh df . index )
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qh df . head ( )

# In [ 1 8 8 ] :

#crea t e t o t a l columns f o r renewab le ene r g i e s and r e s i d u a l load

r e n l i s t = [ ’ Biomass − Actual Aggregated [MW] ’ , ’ Geothermal − Actual Aggregated [MW] ’ ,

’ Hydro Pumped Storage − Actual Aggregated [MW] ’ , ’ Hydro Pumped Storage − Actual Consumption [MW] ’ ,

’ Hydro Run−of−r i v e r and poundage − Actual Aggregated [MW] ’ ,

’ Hydro Water Rese rvo i r − Actual Aggregated [MW] ’ ,

’ Marine − Actual Aggregated [MW] ’ , ’ Other renewable − Actual Aggregated [MW] ’ ,

’ So la r − Actual Aggregated [MW] ’ , ’ Waste − Actual Aggregated [MW] ’ ,

’Wind Of f shore − Actual Aggregated [MW] ’ ,

’Wind Onshore − Actual Aggregated [MW] ’ ]

qh df [ ’ Total Renewable ’ ] = qh df [ r e n l i s t ] . sum( a x i s = 1)

r e s l o a d l i s t = [ ’ F o s s i l Brown coa l / L i g n i t e − Actual Aggregated [MW] ’ ,

’ F o s s i l Coal−der ived gas − Actual Aggregated [MW] ’ ,

’ F o s s i l Gas − Actual Aggregated [MW] ’ , ’ F o s s i l Hard coa l − Actual Aggregated [MW] ’ ,

’ Nuclear − Actual Aggregated [MW] ’ ]

qh df [ ’ Total Res idua l TR’ ] = qh df [ r e s l o a d l i s t ] . sum( a x i s = 1)

s h r e n l i s t = [ ’ So la r − Actual Aggregated [MW] ’ , ’Wind Of f shore − Actual Aggregated [MW] ’ ,

’Wind Onshore − Actual Aggregated [MW] ’ ]

qh df [ ’ Renewable Load ’ ] = qh df [ s h r e n l i s t ] . sum( a x i s = 1)

#s h r e s l o a d l i s t = [ ’ Biomass − Actual Aggregated [MW] ’ , ’ Geothermal

36



− Actual Aggregated [MW] ’ ,

# ’Hydro Pumped Storage − Actual Aggregated [MW] ’ , ’ Hydro Pumped Storage

− Actual Consumption [MW] ’ ,

# ’Hydro Run−of−r i v e r and poundage − Actual Aggregated [MW] ’ ,

# ’Hydro Water Reservo i r − Actual Aggregated [MW] ’ ,

# ’Marine − Actual Aggregated [MW] ’ , ’ Other renewab le

− Actual Aggregated [MW] ’ ,

# ’ So lar − Actual Aggregated [MW] ’ , ’ F o s s i l Brown coa l / L i gn i t e

− Actual Aggregated [MW] ’ ,

# ’ Fo s s i l Coal−der i v ed gas − Actual Aggregated [MW] ’ ,

# ’ Fo s s i l Gas − Actual Aggregated [MW] ’ , ’ F o s s i l Hard coa l

− Actual Aggregated [MW] ’ ,

# ’ Nuclear − Actual Aggregated [MW] ’ ]

qh df [ ’ Res idua l Load ’ ] = qh df [ ’ Actual Total Load [MW] − Germany (DE) ’ ] − qh df [ ’ Renewable Load ’ ]

qh df [ ’ Load D i f f ’ ] = qh df [ ’Day−ahead Total Load Forecast [MW] − Germany (DE) ’ ] − qh df [ ’ Actual Total Load [MW] − Germany (DE) ’ ]

qh df . columns

# In [ 1 8 9 ] :

qh df . rename ( index=str , columns={” So la r − Actual Aggregated [MW] ” : ” So la r [MW] ” ,

”Wind Of f shore − Actual Aggregated [MW] ” : ”Wind Of f shore [MW] ” ,

”Wind Onshore − Actual Aggregated [MW] ” : ”Wind Onshore [MW] ” ,

”Volume\nMWh” : ”Day−Ahead Volume [MWh] ” ,

”Volume Buy (MW) ” : ” Intraday Volume Buy [MW] ” ,

”Volume S e l l (MW) ” : ” Intraday Volume S e l l [MW] ” ,
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”Weighted Average Pr i ce (EUR) ” : ” Intraday WA Pr ice [EUR] ” ,

”Day−ahead Total Load Forecast [MW] − Germany (DE) ” : ”Day−Ahead Load Forecast [MW] ” ,

” Actual Total Load [MW] − Germany (DE) ” : ” Actual Load [MW] ”} , i n p l a c e = True )

qh df . columns

# In [ 1 8 2 ] :

c o r r l i s t = [ ’ Intraday WA Pr ice [EUR] ’ , ’ Renewable Load ’ , ’ Res idua l Load ’ , ’ Load D i f f ’ ]

qh df [ c o r r l i s t ] . r e s e t i n d e x ( drop = True ) . c o r r ( ) . i l o c [ : 3 , 1 : ]

# In [ 1 8 3 ] :

def show qh heatmap ( df , ValueColumn ) :

df . index = pd . to date t ime ( df . index )

df [ ’month ’ ] = df . index . month

df [ ’ day ’ ] = df . index . day

df [ ’ hour ’ ] = df . index . hour

df [ ’ minutes ’ ] = df . index . minute

p ivot = df . p i v o t t a b l e ( index =[ ’ hour ’ , ’ minutes ’ ] , columns=[ ’month ’ , ’ day ’ ] , va lue s= str ( ValueColumn ) )

#p i vo t = p i v o t . s o r t i n d e x ( ascending=False , a x i s=0)

p l t . matshow ( pivot , o r i g i n= ’ lower ’ , i n t e r p o l a t i o n=None , aspect=’ auto ’ )

p l t . t i ck params ( a x i s=”x” , bottom=True , top=False , labe lbottom=True , l a b e l t o p=False )

p l t . x t i c k s ( [ 0 , 31 , 59 , 90 , 120 , 151 , 181 , 212 , 243 , 273 , 304 , 334 ] , [ ’ Jan ’ , ’ Feb ’ , ’Mar ’ , ’Apr ’ , ’May ’ , ’ Jun ’ , ’ Jul ’ , ’Aug ’ , ’ Sep ’ , ’ Oct ’ , ’Nov ’ , ’ Dec ’ ] )

p l t . y t i c k s ( [ 0 , 20 , 40 , 60 , 8 0 ] , [ ’ 0 ’ , ’ 5 ’ , ’ 10 ’ , ’ 15 ’ , ’ 20 ’ ] )

p l t . y l a b e l ( ’ Hour ’ )
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p l t . x l a b e l ( ’Day ’ )

p l t . set cmap ( ’magma ’ )

p l t . show ( )

# In [ 1 6 2 ] :

show qh heatmap ( qh df , ’ So la r − Actual Aggregated [MW] ’ )

# In [ 1 6 3 ] :

show qh heatmap ( qh df , ’ Res idua l Load ’ )

# In [ 1 6 4 ] :

show qh heatmap ( qh df , ’ Renewable Load ’ )

# In [ 1 6 6 ] :

show qh heatmap ( qh df , ’ Intraday WA Pr ice [EUR] ’ )
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# In [ 2 2 5 ] :

show qh heatmap ( qh df , ’ Actual Load [MW] ’ )

# #### Dataframe Snippe t s

# In [ 1 9 1 ] :

qh df [ [ ’ So la r [MW] ’ , ’Wind Onshore [MW] ’ ,

’Wind Of f shore [MW] ’ , ’ Intraday WA Pr ice [EUR] ’ ,

’ Renewable Load ’ , ’ Res idua l Load ’ , ’ Load D i f f ’ ] ] . head ( )

# In [ 2 2 4 ] :

f h o u r l y d f = hour l y d f

f h o u r l y d f . rename ( index=str , columns={” So la r − Actual Aggregated [MW] ” : ” So la r [MW] ” ,

”Wind Of f shore − Actual Aggregated [MW] ” : ”Wind Of f shore [MW] ” ,

”Wind Onshore − Actual Aggregated [MW] ” : ”Wind Onshore [MW] ”} , i n p l a c e = True )

f h o u r l y d f [ [ ’ So la r [MW] ’ , ’Wind Onshore [MW] ’ ,

’Wind Of f shore [MW] ’ , ’ Intraday WA Pr ice [EUR] ’ , ’Day−Ahead Pr i ce [EUR/MWh] ’ ,

’ Renewable Load ’ , ’ Res idua l Load ’ , ’ Load D i f f ’ ] ] . head ( )

# #### Other Graph
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# In [ 2 5 1 ] :

hour group = qh df . groupby ( [ ’ hour ’ , ’ minutes ’ ] ) . mean ( )

print ( hour group . shape )

print ( hour group . columns )

hour group . head ( )

# In [ 2 5 5 ] :

p l t . f i g u r e ( f i g s i z e =(40 ,20))

hour group [ ’ Intraday WA Pr ice [EUR] ’ ] . unstack ( ) . p l o t ( kind=’ bar ’ , width = 1)

# In [ ] :
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