
Energy 288 (2024) 129805

A
0

Contents lists available at ScienceDirect

Energy

journal homepage: www.elsevier.com/locate/energy

Correlation as a method to assess electricity users’ contributions to grid peak
loads: A case study
Carl Flygare ∗, Alexander Wallberg, Erik Jonasson, Valeria Castellucci, Rafael Waters
Uppsala University, Ångströmslaboratoriet, Lägerhyddsvägen 1, Uppsala, 752 37, Sweden

A R T I C L E I N F O

Keywords:
Electricity consumption
Flexibility
Power grid peaks
Smart grids
Time series correlation analysis

A B S T R A C T

Flexibility has increasingly gained attention within the field of electrification and energy transition where a
common objective is to reduce the electricity consumption peaks. However, flexibility can increase the risk
of grid congestion depending on where and when and it is used, thus an overall system perspective needs to
be considered to ensure an effective energy transition. This paper presents a framework to assess electricity
users’ contributions to grid load peaks by splitting electricity consumption data into subsets based on time
and temperature. The data in each subset is separately correlated with the grid load using three correlation
measures to assess how the user’s consumption changes at the same time as typical grid peak loads occur. The
framework is implemented on four different types of business activities at Uppsala municipality in Sweden,
which is a large public entity, to explore their behaviors and assess their grid peak load contributions. The
results of this study conclude that all four activities generally contribute to the grid peak loads, but that
differences exist. These differences are not visible without splitting the data, and not doing so can lead to
unrepresentative conclusions. The presented framework can identify activities that contribute the most to
unfavorable grid peaks, providing a tool for decision-makers to enable an accelerated energy transition.
1. Introduction

Over the past decades – and especially during recent years – the
concept ‘‘energy transition’’ is becoming increasingly common.1 For
industrialized countries it may include replacing fossil fuels, while for
developing countries to skip fossil fuels entirely. Both of these energy
system developments point at the same outcome — strengthen the
energy infrastructure, electrify processes, and produce more electricity,
preferably from fossil-free sources close to the user. This may also
increase the energy security of the specific location, which is another
key aspect in the energy transition process [1–4]. Being one of the most
significant challenges of the 21st century, the Paris Climate Agreement
especially emphasizes decarbonization of the global energy systems
with goal 7 ‘‘Affordable and clean energy’’. This challenge is also
present in other global issues, a recent example being the COVID-19
pandemic accentuating local self-sufficiency of resources [5]; or the
ongoing war in Ukraine which, apart from its effect on people’s lives,
has emphasized geopolitics leading to pressure on phasing out Russian
gas from the EU energy system. Such events constitute effects that affect
the entire world, and the International Energy Agency has called for an
acceleration of renewable energy capacity and energy efficiency [6].

∗ Corresponding author.
E-mail address: carl.flygare@angstrom.uu.se (C. Flygare).

1 Google Trends shows an index change from 25 in 2019 to 100 in late 2022 while Google Ngram Viewer shows an ongoing exponential growth since 2000.

In Sweden, electricity consumption is projected to increase sub-
stantially in the upcoming decade. The Swedish Energy Agency (SEA)
estimated in their latest long-term scenario an increase between 25%–
65% [7], and several influential national organizations show similar
or higher numbers [8–11]. The Swedish transmission system oper-
ator (TSO) Svenska Kraftnät (SvK) has, in turn, named their latest
development plan ‘‘Towards a doubled use of electricity’’ [12]. As
supply, Sweden has a goal of 100% renewable electricity production
by 2040 [7–11,13,14]. In this ongoing energy transition process flex-
ibility has become an important concept that addresses the ability of
an electricity user to adapt their consumption. This is an important
part of concepts such as ‘‘smart grids’’ where controlling as many
aspects of the energy systems as possible is desirable. Traditionally,
the consumption side has been seen as deterministic and stiff while the
centralized production side was the control instrument, but with more
distributed energy resources, such as renewable electricity production,
energy storage possibilities, or smart meters, this view is changing as
decentralized control opportunities emerge. As the electricity consump-
tion increases, and include new types of loads such as EV-charging,
the grid capacity is approaching its limit. In several subsequent cases,
flexibility may be encouraged which commonly results in users trying
vailable online 30 November 2023
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Nomenclature

𝐘̂ Vector with linear regression values
𝜇 Mean value
𝜌𝑘 Kendall correlation
𝜌𝑝 Pearson correlation
𝜌𝑠 Spearman correlation
𝜎 Standard deviation
𝜎𝑅 Standard deviation of ranked variable
𝜏 The % of data points that show a positive

correlation using 𝜌𝑘
𝜏𝐵 Kendall correlation using including ties
𝐗 Vector with time series data points
𝑜𝐶 Degree Celsius
𝐶𝐶 Correlation constant
𝑑 Difference in ranks (between two variables)
𝑁 Number of data points
𝑁𝑐 Number of concordant pairs
𝑁𝑑 Number of discordant pairs
𝑛𝑥 Number of tied pairs only in 𝑥
𝑛𝑦 Number of tied pairs only in 𝑦
𝑅2 Coefficient of determination
𝑇𝑚 Mean temperature
𝑇xx The temperature of the xx:th hour of the

day using wintertime
𝑥𝑖 Separate data points at index 𝑖 for specific

variable

Fig. 1. Simplified illustration of peak shaving, (a), which might increase the grid’s
peak loads as shown from (b), before peak shaving, to (c), after.

to lower, or ‘‘shave’’, their consumption peaks. The incentives for doing
so have mainly been economic: consume less when the price is high,
or keep the maximum power usage below a certain tariff, but the
reasons may differ [15]. But by doing so, the grid perspective is not
considered. If flexibility is implemented as peak shaving without any
system perspective it may instead increase the grid’s peak load leading
to transmission capacity issues as shown in Fig. 1, and such congestion
may halter electrification and in turn an efficient energy transition.

From the grid’s operational viewpoint, it is essential where, when,
and how (much) electricity is consumed as a balance always is needed
between consumption and production — while not exceeding the grid’s
transmission capacity. The focus on users’ contribution to grid peak
loads is a topic that has received less attention, but is imperative to
know. This paper presents a framework that is intended to be used
as a tool for energy strategists and urban planners, e.g. at public
organizations or grid companies that handle many different electricity
users, to assess the user’s contributions to grid peak loads and use the
result in long-term energy planning goals. Uppsala municipality (UM),
where a case study is implemented using the presented framework, is a
2

large public entity in Sweden and has around 3000 separate electricity
subscriptions. How these use electricity and contribute to peaks is not
known on a larger scale, thus where time and resources should be allo-
cated for the energy transition processes needs decision-based support.
Increased knowledge in this topic can be used to evaluate the feasibility
of e.g. energy storage, local electricity production, and flexibility, or
if grid extensions might be the only solution. Extending the grid is
however costly in terms of capital and time, thus alternatives that may
increase the grid usage effectiveness should be sought firsthand. One
such way is to study the relationship between electricity users and the
grid load peaks, and a viable means is by using time series correlation.

1.1. Correlation studies on electricity consumption

Previous studies on energy and electricity have analyzed the correla-
tion between electricity consumption and several other variables. Some
examples are correlation with ambient temperature [16], electricity
prices [17], heat demand [18], wind speed [19], local production [20],
and other consumers to improve predictions [21]. It also surfaces in
gray literature, e.g. between grid capacity and electricity price [22]
or grid load and system price [23]. On a broader energy topic level
studies have analyzed wind power output correlation between different
European countries [24], or the complementarity of renewable energy
sources to balance local demand and supply [3,25].

A recent study investigated how the temporal aspects affect the
correlation between solar irradiation and wind speeds, and showed that
it differs over different time horizons [26]. This motivates that similar
effects might be present in other weather-dependent parts of the energy
system, such as electricity consumption, which in contrast also is af-
fected by human behavior. Correlation has also been spatio-temporally
addressed by modeling load flows in systems with increasing amounts
of distributed renewable production and EV-charging consumption.
Traditionally these analyses have a deterministic approach that ne-
glects uncertainties, but over recent years probabilistic approaches have
become more common [27]. Such studies however tend to use only
Pearson correlation and correlating all data without any partitions,
see for instance [28]. The non-linearity of certain exogenous variables’
correlation may be mentioned as in [29,30], but no other correlation
measures are suggested and data is correlated jointly without analyzing
details in the load variations. Another study did correlate grid peak
loads with exogenous weather variables during separate months, but it
only used daily resolution data [31].

As shown by previous studies time and temperature can affect
the correlation results, but these relations need to be further studied.
Higher temporal resolution (from daily to hourly e.g.) may cause the
correlation to decline [32,33]. This can be compared with correlating
yearly data as one set or as separate monthly, weekly, daily, hourly,
etc. sets. Data showing seasonality trends have been shown to cause
different (lower) correlations if not handled properly [18]. As heat
demand increases with temperature, lower temperatures generally in-
crease the use of electricity. Taking such effects into account is thus
suggested, and one way is to split time series data based on meaningful
features into subsets in order to not mix behaviors that take place
at different times and in different contexts. This can also separate
different non-linearities in the data if split in a thoughtful way. For
example, electricity consumption during lower outdoor temperatures
could be split into one group as it typically decreases with increasing
temperature due to less heat demand, while electricity consumption
during hotter temperatures could be split into another as it typically
increases with increasing temperature due to cooling needs.

Most of the previous studies on this topic aim to forecast a future
load time series or predict the peak load, where correlation is a smaller
part of the overall method and is not analyzed in detail. Potentially
different trends within time series data at different times need to be
further studied when it comes to electricity consumption. Previous
studies also tend to not split data and only use Pearson, which is a

linear correlation measure. Depending on the studies’ aim and goals
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Fig. 2. A user could have a positive correlation with grid peaks both morning and
evening during a day for example, but correlating these together would result in the
opposite. In (a) two-time series are shown with a corresponding scatter plot in (b) for
the data points in the intervals around the grid peaks. In (b) a linear regression is
shown both for each group seperately, indicating a positive correlation, and for both
groups together, indicating a negative correlation .

this is principally not wrong, but if not looking specifically for linear
relationships and inspecting the data to see this is commonly the case
– both for short-term and long-term – the result may lead to wrong
conclusion as illustrated by Fig. 2. In Fig. 2 (a) two daily time series
with hourly values are shown and in Fig. 2 (b) the data from the
vicinity of the first and second peaks are extracted together with linear
regression lines. If the peak’s data points are correlated separately
the result is strongly positive, close to one, but if correlated together
it becomes the opposite. This is also known as Simpson’s paradox.
Correlating all data in Fig. 2 (a) instead gives a result close to 0,
even though these time series behave very similarly. Splitting data into
subsets can distinguish different and more intricate patterns, and to
the knowledge of the authors no previous study has used time series
correlation to assess an electricity user’s contribution to peak loads.

Much of the current research focuses on machine learning methods
that may be more or less complex. The simplicity and interpretability
of a method are decisive to whether or not it will be used — especially
if to be communicated with and used by non-experts within e.g. a
public entity. To only visually inspect data and draw conclusions is
possible, but it can easily become subjective and has low granularity.
This study’s rationale stems from this context, and it will present a
framework to split data into subsets based on time and temperature.
Three different time series correlation measures are then described that
are used on each subset separately. The framework is then implemented
on four electricity users representing different types of activities from
UM to assess their contributions to grid load peaks, based on network
area data from the Swedish TSO. The advantages of selecting these
variables are: (1) electricity users can easily access their consumption
data through their distribution system operator (DSO), and (2) the
network area data do not require any model of the grid’s topology.
Thus, correlation can be conducted without any prior knowledge of
the grid’s actual structure and parameters — which is difficult to
acquire due to confidentiality. The DSO in the studied city has past
3

years acknowledged capacity issues, and as both the city and EV-
charging are expected to grow substantially the local grid capacity is
an important topic. As UM operates a large portfolio of activities and
has responsibility for the city’s energy transition, increased knowledge
of how their activities contribute to the local grid peaks is valuable
information in strategic decision-making.

1.2. Aim of the study

The preceeding section detailed that previous correlation studies
risk creating a simplified image, which sometimes can be unrepresen-
tative of the actual relationship between electricity consumption and
other variables. The aim of this paper is to improve such analyses
by presenting a framework and implementing it to assess different
electricity users’ contributions to local grid peaks. The contribution of
this paper can be summarized as follows:

1. We suggest a framework to split and analyze data separately
based on meaningful features to find potentially different be-
haviors and avoid mixing them, which can create an inaccurate
image of their relationship.

2. We analyze real data to show that meaningful differences exist,
and that they are missed if the data is not split.

3. We assess the contributions of four different types of activities
to local grid peaks using the presented framework and discuss it
in the local context, showing that the result can be an important
input to energy transition processes where smart grid solutions
are considered.

A limitation of the study is that the correlation results only depict
the specific relationship based on where and when the data is from.
The case study data are from 2021, and even with meaningful splits of
the data the results cannot be generalized to other years or places. The
framework can however be used for a longitudinal study given more
data.

The rest of the paper proceeds as follows: Section 2 outlines the
correlation measures. Section 3 describes the data pre-processing and
exemplifies the subset creation with data from the case study. Sec-
tion 4 presents correlation results. To conclude, Section 5 discusses the
result together with the local context, and Section 6 summarizes the
conclusions.

2. Correlation measures and considerations

The correlation coefficient (CC) is a general and mature measure
that is relatively simple and has a clear correspondence between input
and output. It does not require training on specific data, nor have hy-
perparameters. The three correlations implemented are Pearson, being
the most commonly used, in addition to Spearman which extends the
coefficient of determination 𝑅2 over non-linear data, and Kendall which
is another test for non-linear data. Using three different measures can
give a better overall picture of the data trend analysis, however when
using correlation measures there are some important concepts to keep
in mind that this section will discuss. In the following, time series data
is represented as a variable vector 𝐗 = {𝑥1, 𝑥2,… , 𝑥𝑁} where 𝑥𝑖 is
the recorded data at time index 𝑖, and 𝑁 is the total number of data
points. A common way, tightly connected to correlation, to study two
quantitative variables’ relationships is linear regression.

2.1. Linear regression

Linear regression tries to capture the relationship between X and Y
ith a straight line 𝐘 = 𝐗𝛽 + 𝜖. The result can e.g. be used to predict
new data point at time 𝑖 is denoted as 𝑦𝑖. A common parameter to

ssess the fit of a linear regression is 𝑅2 ∈ [0, 1]:

2 =
Regression Sum of Squares

= RSS (1)
Total Sum of Squares TSS
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where RSS sums the residuals between the mean of Y and the regression
ine and TSS sums the residuals between the data point and the mean
f Y, over each data point. If the line fits all data perfectly RSS =
SS and 𝑅2 = 1, else less. The value of 𝑅2 explains the proportion
f the total variation in Y accounted for using X as the independent
ariable. Its value does however not solely decide the assessment as a
ata set with a smaller range can give a lower 𝑅2 than an elongated
ata set — even though the data dispersion and the linear regression
re the same in both cases. A lower 𝑅2 value also does not guarantee a
eaker relationship, and vice versa, but is an indication [34]. Pearson

orrelation, described in 2.3.1, is closely related to 𝑅2 as squaring the
earson correlation coefficient equals 𝑅2, which can be shown using
q. (3) and (6).

2 = RSS
TSS =

1
𝑁

∑𝑁
𝑖=1(𝑦̂𝑖 − 𝜇𝑦̂)2

1
𝑁

∑𝑁
𝑖=1(𝑦𝑖 − 𝜇𝑦)2

=
var(𝐘̂)
var(𝐘) =

(

cov(𝐘,𝐘̂)
𝜎𝐘𝜎𝐘̂

)2

(2)

2.2. Variance and covariance

Variance is a measure of the dispersion around the mean of a
variable and is denoted by 𝜎2, where its square root, 𝜎, is the commonly
used standard deviation. Variance is calculated as:

var(𝐗) = 𝜎2 =

∑𝑁
𝑖=1

(

𝑥𝑖 − 𝜇𝐗
)2

𝑁
(3)

where 𝜇𝐗 is the mean of 𝐗:

𝐗 =
∑𝑁

𝑖=1 𝑥𝑖
𝑁

(4)

Covariance instead quantifies the average dependency of two vari-
ables to change in relation to each other, i.e. their joint variability. If 𝐗
and 𝐘 are two of equal length, and for time series sampled at the same
time and in order, their covariance is:

cov(𝐗,𝐘) =
∑𝑁

𝑖=1(𝑥𝑖 − 𝜇𝐗)(𝑦𝑖 − 𝜇𝐘)
𝑁

(5)

If larger values (positive or negative) in 𝐗 are associated with larger
values in 𝐘 with the same sign, then cov(𝐗,𝐘) is positive. If they have
different signs, the result is negative.

2.3. Correlation measures implemented

Correlation also quantifies the relationship between two variables
with a single value, but compared to covariance it is based on two other
aspects – direction and scale-independent strength. While covariance
is scale dependent (it differs between e.g. weights depending on if
kilograms or pounds are used) correlation is always between [−1,1],
making it easier to interpret. In the following subsections, three corre-
lation measures – Pearson, Spearman, and Kendall – are described. Of
these, Pearson is the most common and usually the default in software
such as MATLAB, Python, and R. The reason for using two additional
measures is that they can handle certain non-linear trends, making the
analysis more profound. If all measures show a similar correlation the
result can be treated with more assurance, otherwise the data should
be inspected more in detail.

Note that the expressions in the previous subsection are for when
using population data, i.e. using all existing data, and not a sample
of it. As the implemented case study contains every hourly value that
occurred in 2021, it thus constitutes population data, and the resulting
correlations are then denoted with 𝜌. If a sample would be used instead,
𝑁 is changed to 𝑁 −1 in Eq. (3) and Eq. (4), and the notation changes
where the mean value is denoted with 𝑥̄, the standard deviation with
𝑠 , and the resulting correlations with 𝑟.
4

𝑥

Fig. 3. Monotonic and non-monotonic data.

2.3.1. Pearson correlation
When correlation is mentioned it generally refers to Pearson corre-

lation [35], which can be formulated as:

𝜌𝑝 =
∑𝑁

𝑖=1(𝑥𝑖 − 𝜇𝐗)(𝑦𝑖 − 𝜇𝐘)

𝑁 ⋅
√

var(𝐗)
√

var(𝐘)
=

cov(𝐗,𝐘)
𝜎𝐗𝜎𝐘

(6)

Pearson correlation measures a linear trend. However, if the trend
deviates too much from being linear a monotonic measure may be a
better representation [36]. A monotonic relationship is where the vari-
ables continuously increase or decrease, but not necessarily linearly, as
shown in Fig. 3. Two correlation measures able to handle a monotonic
trend are Spearman and Kendall.

2.3.2. Spearman correlation
Spearman is similar to Pearson but uses the data ranks instead of

its actual value [37]. The rank, 𝑅(𝐗), is calculated by sorting the data
according to its magnitude and assigning the corresponding rank to the
original value.

𝜌𝑠 =
cov(𝑅(𝐗), 𝑅(𝐘))

𝜎𝑅(𝐗)𝜎𝑅(𝐘)
(7)

A simplified version some programs use gives the same result if
there are no tied ranks, which otherwise are discarded:

𝜌𝑠 = 1 −
6 ⋅

∑𝑁
𝑖=1 𝑑

2

𝑁(𝑁2 − 1)
(8)

where 𝑑 is the difference between the ranks of 𝑥𝑖 and 𝑦𝑖. The interpre-
tation of Spearman resembles Pearson, but with the difference that the
variables are re-scaled in a non-linear way using the rank encoding after
a regression is fitted to the transformed space. This makes Spearman
able to handle monotonic trends, and data that contain outliers.

2.3.3. Kendall correlation
If the variables contain many tied ranks Kendall might be the best

choice to reduce the number of tied artifacts. Kendall also ranks data
but use it to define concordant and discordant pairs for each data point
(𝑥𝑖, 𝑦𝑖) [38]. This is exemplified in Fig. 4.

There are a total of
(𝑁
2

)

= 𝑁(𝑁−1)
2 pairs to calculate, and each pair

(𝑥𝑖, 𝑦𝑖) is compared to all other pairs (𝑥𝑗 , 𝑦𝑗 ) as:

If
𝑥𝑖 − 𝑥𝑗
𝑦𝑖 − 𝑦𝑗

> 0 pair is concordant

f
𝑥𝑖 − 𝑥𝑗
𝑦𝑖 − 𝑦𝑗

< 0 pair is discordant

f
𝑥𝑖 − 𝑥𝑗
𝑦𝑖 − 𝑦𝑗

= 0 pair is considered a tie

where 𝑖 ≠ 𝑗. Using 𝑁𝑐 for the total number of concordant pairs, and
𝑁𝑑 for discordant pairs, the original expression by Maurice Kendall is:

𝜏𝐴 =
𝑁𝑐 −𝑁𝑑
𝑁(𝑁−1)

2

(9)

As can be seen, Eq. (9) does not include ties. They can be included
in different ways, and one is called the 𝜏 coefficient which was used in
𝐵
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Fig. 4. Concordant and discordant pairs.

Table 1
Correlation interpretation examples from different fields: Psychology, Medicine, Health
and Sport, Technology. Here ‘‘str’’ means ‘‘strong’’.

+/- Psy
[40]

Med
[41]

H&S
[42]

Tech
[43]

This study

1.0 Perfect Very str Perfect Very str Deterministic
.9–1 Strong Very str Distinct Very str Very str
.8-.9 Strong Strong Very high Very str Very str
.7-.8 Strong Strong Very high Strong Strong
.6-.7 Strong Moderate High Strong Strong
.5-.6 Moderate Moderate High Moderate Moderate
.4-.5 Moderate Weak Moderate Moderate Moderate
.3-.4 Weak Weak Moderate Moderate Moderate
.2-.3 Weak Weak Low Weak Weak
.1-.2 Weak Weak Low Weak Weak
0-.1 Weak Negligible Insubstantial Weak Weak
0 None Negligible Trivial Weak None

this study. It fits best if the underlying scale of both variables is similar
and is calculated as:

𝜌𝑘 = 𝜏𝐵 =
𝑁𝑐 +𝑁𝑑

√

(𝑁𝑐 +𝑁𝑑 +𝑁𝑥)(𝑁𝑐 +𝑁𝑑 +𝑁𝑦)
(10)

where 𝑁𝑥 is the number of pairs tied only in 𝐗 and 𝑁𝑦 is the number
of tied pairs only in 𝐘, which follows from [39]. The interpretation of
Kendall is different from both Pearson and Spearman as it represents a
probability that the data are in the order that was observed. It can be
interpreted as the % of data points that show a positive correlation by
using 𝜏 − 1−𝜏

2 , e.g. 𝜏 = 0.5 gives a positive correlation between 75% of
all pairs.

2.4. Correlation strength

Correlation is not an exact science. As an outlook, an interpretation
from a few different fields is shown in Table 1.

2.5. Overall correlation considerations

There are different significance tests for correlation, but p-values
below 0.05 are typically seen as significant meaning less than a 5%
chance that the correlation result is just pure coincidence. Important
to notice is that the 𝑝-value is not directed at the variables’ actual
relationship, i.e. proving that the result is always true, but at the null
hypothesis which states the opposite, i.e. that the result is not true. The
correlation is also not directed at the rate of change. This means that a
low 𝑝-value does not guarantee the presence of a large effect, and vice
5

versa. Tiny effects can give rise to p-values < 0.05 if the sample size
Table 2
Summary of the implemented correlation measures.

Advantages Disadvantages

Correlation
measures

Can show relations in data
Allow further analysis
Quite simple to calculate

Can be misinterpreted
Difficult to treat further
algebraically

Pearson Simple
Most common, making
comparisons easier

Cannot capture non-linear trends
Sensitive to outliers

Spearman More robust than Pearson
Can capture some non-linearity

Cannot capture non-monotonic
trends

Kendall More robust than Spearman
with smaller sample sizes
Visually easier to interpret than
the others

Cannot capture non-monotonic
trends
Requires more calculations

is large enough the same way that large effects can produce what is
generally seen as unacceptable p-values of > 0.05 if the sample size is
small [44,45]. A stronger correlation requires fewer data points how-
ever to show significance, which is beneficial for this study as stronger
correlations, especially positive ones, are more important to point out
as these cases include activities that increase their consumption at the
same time as the grid load typically has a peak. The nature of this study
also makes subsets with potentially fewer data points unavoidable, and
significance might be difficult to achieve even though a trend exists
between the variables. Common correlation pitfalls that also should
be addressed in general are not considering that there might be other
variables explaining the correlated variable’s relationship (correlation
does not imply causation), that another trend than the tested one exists
(e.g. testing a linear trend on heavily non-linear data), and that the
correlated data do not mix important features that carry explanatory
information (Simpson’s paradox). In this study the causality is known
as the grid load is the aggregation of thousands of different electricity
users, the data is plotted and inspected to not include any evident non-
linear and non-monotonic trends, and important key features are used
to split data into subsets that are analyzed separately. The used data
also need to be of ‘‘interval’’ or ‘‘ratio’’ type, described in e.g. [46,47].
A brief summary is shown in Table 2 of the used correlation measures.

2.6. Re-scaling correlation coefficients

A final component was implemented to emphasize subsets where
the user had a larger consumption difference. As the CCs are scaled to
[−1,1] it does not provide any information on the magnitude of the
consumption difference, i.e. the rate of change. Two users might both
have the same positive correlation with the grid load, i.e. both the user
and the grid increase their load simultaneously. This fact alone does
however not say anything about the magnitude of the users’ changes;
if one user increases from 10 to 15 kWh/h and the other from 10 to 50
the CCs could be the same. However, if a user has a larger increase this
is valuable information as that user will contribute more to the grid
peaks. To account for this, a re-scaling factor was implemented using
the user’s consumption data split into five quantiles. The quote of the
fifth and first quantile was used to re-scale the subsets CCs, enough to
react to typically larger values but not too sensitive for occasional ones.
For example, a vector containing a hundred evenly spaced values from
10 to 15 can be divided into six equally probable partitions with the
five quantiles [10.82 11.66 12.50 13.34 14.18] which gives a re-scaling
factor of 1.31. A larger spread in data results in a larger re-scaling
factor.

3. Data pre-processing and subset creation

The creation of subsets is based on the following steps: (1) data pre-
rocessing, aggregate and check time series data; (2) splitting data

into subsets, accounting for the influence of time and temperature on
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Fig. 5. Uppsala Municipality and network areas with grid load data from UPP during 2018–2022. Load Factor is a measure of grid usage efficiency calculated as mean load
max load .
the electricity consumption; (3) plot and inspect the data, to assess
trends and potential outliers. But first an introduction to the case study
and the used data.

3.1. Studied case - Uppsala activity and grid characteristics

Uppsala municipality has over 14,000 employees and operates a
broad portfolio of activities from schools and sports facilities to EV-
parking garages [48]. In Fig. 5 UM and the largest ‘‘network areas’’
are shown, with data from UPP. Within each network area, a sin-
gle company has a monopoly on grid operations. While UPP extends
beyond Uppsala, a vast majority of its inhabitants live in Uppsala.
Thus, an assumption is that UPP is a fair approximation of Uppsala’s
grid load. The city has two main transmission substations that provide
a subscription limit of 293 MW, and between 2015 to 2019 it was
exceeded approximately 2% of the time for a total of 802 h during
112 days; all during the winter [49]. As Fig. 5 shows, the exceeding
peaks take place during a shorter time than the hourly data granularity
can capture. The data however gives an indication of when the highest
load hours occur, and another assumption is that the exceeding peaks
coincide with the peaks of the hourly data.

The studied activities were a school, an office, a sports facility,
and a parking garage with EV-chargers; all with hourly data from
2021. The school is a vocational high school, and as it focuses on
technical education it likely uses more machines and utilities than
the average school. The office houses Region Uppsala, a public entity
responsible for healthcare and transportation in addition to regional
development, and it is around 8000 m2 with 350–400 office workers.
The sports facility is a combined outdoor summer and winter stadium
hosting a variety of activities, e.g. football during summer and ice
skating during winter. It can artificially create ice which prolongs the
winter season, but leads to high electricity consumption when used.
The parking garage finished in late 2020 and is equipped with 60 EV-
chargers. Its consumption data also includes peripheral utilities (lights,
ventilation, and elevators), and an energy management system is under
development to optimize the building’s load behavior with respect to
grid conditions [50].
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3.2. Data pre-processing

First, data were checked for missing values and outliers. No unani-
mous framework exists for handling outliers, but common measures are
interquartile ranges or standard deviations [51]. As grid peaks are the
main interest of this study, removing outliers using these might remove
points of interest and hence they were not used. Detecting outliers was
left to the visual inspection of the data trend in Fig. 9. Secondly,
Swedish national holidays were removed as these days usually have
a non-typical consumption behavior.

3.3. Splitting data into subsets

As described in Section 1.1, the consumption data was split into sub-
sets based on two influential features: time and temperature [21,52].
These splits needed to be reasonable — not too strict, nor too loose.

3.3.1. Subset creation using time
The time split criteria were selected by aggregating the 250 high-

est load hours per year from 2017–2021 and analyzing when these
occurred, details shown in Fig. 6. Weekdays and weekends showed a
clear difference and constituted the first split criterion. The second split
criterion was based on the two most common daily peak hours, and two
hours before and after the identified peaks were chosen to analyze the
behavior in relation to it.

3.3.2. Subset creating using temperature
The grid load in UPP had a temperature dependency as shown in

Fig. 7 (a), and separating the data between daytime (07:00–19:00)
and nighttime (19:00–07:00) narrowed the variance somewhat showing
the effect of daily behaviors. To capture overall trends, the third
split criterion was based on a seasonal classification inspired by the
Swedish Meteorological and Hydrological Institute’s (SMHI) that uses
the classifications in Table 3. In Fig. 7 (a) the trend between the grid
load and the temperature could be approximated by two linear trends
meeting at approximately 13 ◦C, one to the left with a negative slope
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Fig. 6. The occurrence of the 250 highest load hours per year from UPP 2017–2021.

Fig. 7. (a) UPP grid load vs. ambient temperature with temperature limit distinctions
used for season classification, and (b) resulting daily classification used for the subsets.

nd one to the right with a positive slope. Thus, 13 ◦C was used instead
f 10 ◦C as the limit between summer and spring/fall. This separated
he temperature dependency into three sections with an overall linear
rend. Also, instead of using the arithmetic mean as 𝑇𝑚, a balanced
ean temperature was used calculated with Ekholm–Modén’s equation:

𝑚 =
𝑎𝑇07 + 𝑏𝑇13 + 𝑐𝑇19 + 𝑑𝑇min + 𝑒𝑇max

100
(11)

where the numerical indices are temperatures at the corresponding
time of the day using wintertime, while 𝑇min and 𝑇max is the minimum
and maximum temperature from 19:00 the previous day until 19:00
the current day (+1 h during summertime). The variables 𝑎, 𝑏, 𝑐, 𝑑, 𝑒
7

Table 3
SMHI seasonal classifications where 𝑇𝑚 = daily mean temperature.

Season Date Temperature

Winter Dec-Feb 𝑇𝑚 < 0 ◦C
Spring Mar-May 0 < 𝑇𝑚 < 10◦Ca

Summer Jun-Aug 𝑇𝑚 > 10 ◦C
Fall Sep-Nov 0 < 𝑇𝑚 < 10 ◦Ca

a Spring if taking place between winter and summer, otherwise fall.

Table 4
Ekholm–Modén model coefficients.

a b c d e

Jan 33 15 32 10 10
Feb 31 18 31 10 10
Mar 31 21 28 10 10
Apr 23 18 30 10 19
May 22 20 23 10 25
Jun 21 19 24 10 26
Jul 19 18 26 10 27
Aug 18 22 23 10 27
Sep 25 23 24 10 18
Okt 29 19 32 10 10
Nov 30 16 34 10 10
Dec 34 15 31 10 10

Table 5
Used subsets splitting criteria.

Feature Split condition Resulting sets

Time Type of day Weekday (Mon–Fri)
Weekend (Sat–Sun)

Time In proximity to grid peaks 11–12 ± 2 h
17–19 ± 2 h

Temperature Ambient temperature Winter (<0 ◦C)
Spring (0–13 ◦Ca)
Summer (>13 ◦C)
Fall (0–13 ◦Ca)

a Spring if taking place between winter and summer, otherwise fall.

are parameters that depend on the month and the longitude of the ob-
servation, rounded to the nearest whole meridian selecting the highest
if tied. Uppsala’s coordinates are 59◦51’31.75" 𝑁 and 17◦38’20.00" E,
and selecting 18◦ gave the values in Table 4 [53]. When SMHI uses
Eq. (11) seven days in a row with 0 < 𝑇𝑚 < 10◦C are required before
spring is declared (five for fall); in this study each day was classified
independently as the electricity consumption changes quicker with
ambient temperature. The resulting seasonal classification by using
Eq. (11) is shown in Fig. 7 (b). In Fig. 6 the highest load hours were
most frequent in January, February, November, and December, and
most of these align quite well with the winter classification in Fig. 7
(b).

3.3.3. Resulting subsets
The criteria used to create subsets are summarized in Table 5. Using

all three gave a total number of 2 ⋅ 2 ⋅ 4 = 16 subsets to capture all
combinations.

3.4. Plot subsets and inspect overall data trend

It is vital to graph data to reveal any evident trends that might
impact the correlation measures. The data set called Anscombe’s quartet
shows why inspecting the data is essential as it shows how data
sets with nearly identical descriptive statistics can have very different
appearances when graphed [54]. As the correlation measures test linear
and monotonic relationships, data that would strongly exhibit other
trends would give an inadequate interpretation of the resulting CCs.
To illustrate, Pearson correlation on different data trends is shown in
Fig. 8; in (a) on data with an increasing linear trend, and in (b) on data
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Fig. 8. Pearson correlation on different data trends, linear in (a) and non-linear in (b).

with clearly non-linear trends where the first trend is monotonic, which
Spearman and Kendall can handle, while the others are non-monotonic
and where all three measures would give unrepresentative results.

A visual inspection to identify any non-linear and non-monotonic
trends was done in Fig. 9, of which none could be found; the trends
instead resembled patterns in Fig. 8 (a). The patterns in Fig. 8 (b), and
especially the last two, would represent more complex (and probably
rare) electricity consumption patterns. Finally, an overview of the
entire presented framework is summarized in Fig. 10.

4. Framework correlation analysis results

The result of the framework in Section 3 is shown in Fig. 11 using
the sports facility as an example. First, correlating all data is shown in
Fig. 11 (a) and using the 500 highest load hours in Fig. 11 (b), showing
two distinctively different trends just with this simple split. Can these
results be used to conclude if the sports facility, in general, contributed
to grid peak loads? Overall the sports facility seemed to consume less
electricity at high grid load hours, but it was not clear if this was a
consistent behavior during a specific time interval or not. Splitting the
data using the type of day is shown in Fig. 11 (c) showing that the grid’s
load was lower on weekends, but the CCs were quite similar to Fig. 11
(a). The next step, shown in Fig. 11 (d), split the data using the vicinity
to the two typical daily grid peaks. A slight difference emerged between
the subsets, but overall the CCs were still similar. The data points not
used for correlation were omitted to improve clarity. The data were
then split a final time using the season classification shown in Fig. 11
(e), and here a substantial difference appeared between the subsets
where e.g. the trends between weekdays during the winter and the
spring were clearly different — which was not visible in the previous
split. The CCs, including re-scaled CCs, are shown for fall weekdays as
an example of how the activity’s consumption difference is emphasized,
showing that there was a larger difference between typical values.

The resulting CCs for all activities are summarized in Tables 6–8.
The CCs in Table 6, the re-scaled CCs in Table 7, and with the re-
scaled CCs during winter weekdays where most of the highest grid load
hours had occurred in Table 8. The CCs are colored between −1 (green)
to +1 (red), while the re-scaled CCs are colored based on the lowest
value (green) to the highest value (red). A bold font means that the
correlation’s 𝑝-value was above 0.05.

5. Discussion

The discussion starts with some overall aspects, and end with the
specific case study and its local context. A 𝑝-value larger than 0.05,
i.e. statistical insignificance, occurred in a few subsets but typically only
8

Table 6
CCs for all activities in all subsets.

Table 7
CCs re-scaled, each activity compared separately.

Table 8
CCs re-scaled, all activities compared jointly during winter weekdays.

for weaker CCs closer to 0 and never for the stronger CCs. Smaller CCs
are however, apart from being more difficult to prove, less interesting
as it is the users with larger positive correlations that tend to increase
their consumption at the same time as the grid load increases, thus
contributing more to the grid load peaks. Looking at the CCs in Table 6,
they differed over the year in all activities. This is not at all reflected
by the first row that correlated all data simultaneously. Take the office
as an example, during weekdays it mostly showed a weak to moderate
correlation except for the summer which was close to strong according
to Table 1. The summer is however less interesting as the highest grid
peak loads only have occurred during the winter months, as shown
in Fig. 6. Looking at the winter months, and especially the weekdays,
the school, the office, and the EV-parking garage all had a weak to
moderate positive correlation. The sports facility instead had a larger
and negative correlation in the vicinity of the 09–14 peak, which is
favorable as the activity then typically reduced its consumption during
these hours.

The average magnitude difference between the CCs in the same
subsets was 0.12, with the smallest being 0.01 and the largest 0.20,
showing that it can be meaningful to use more than one type of
correlation and compare their results to decide if the data should be
scrutinized in more detail. For instance, the sports facility had a larger
difference during fall weekdays. Looking at this subset in Fig. 9 or
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Fig. 9. Scatter plot of every subset with user consumption against grid load, showing no evident outliers or non-linear trends.
Fig. 10. Overview of the framework described in Section 3.
Fig. 11 (e), there was a concentration of lower activity consumption
values together with spread out significantly larger ones. The difference
in CCs can be attributed to how the three measures handle such
situations, and this is a delicate part because depending on how the
data is split different results may occur. For instance, if the lower values
were filtered away, the CCs would be different. These data points are
however a part of how the sports facility behaves in the vicinity of high
grid load hours. The motivation behind the creation of the subsets aims
to capture well-distinguished and re-occurring instances of time during
the year to assess a user’s behavior typically associated with it.

The effect of re-scaling the CCs in Table 6 is shown by Table 7.
As can be seen, some CCs increased by several hundred percent em-
phasizing a larger consumption difference in the associated subset. The
CCs cannot point out what causes the difference, but the re-scaling can
9

indicate where it exists. If it would be possible to change it – e.g. by
shifting the consumption in time or using an energy storage – the users’
grid load contribution would reduce and the associated CCs decrease.

Finally, the result could be further discussed using expert knowledge
to decide how, if, and which users should be investigated in terms of
possible changes to reduce their grid peak load contributions. This is
not something the CCs can answer, they can only provide input on
where time and resources strategically could be directed given there
is a possibility for change. It could also be useful to take the activities’
average consumption into account, shown under the activity type in
Tables 6–8. If UM would analyze a larger number of their activities,
the average consumption can be used to sort users into groups; and
sort the users within each group based on their CCs values to find the
largest contributors at each level. Of the studied activities, the sports
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Fig. 11. Correlation on increasing split levels of the sports facility data. The limits of
the axes are the same in all figures.

facility had by far the largest load, and also the largest CCs in several
subsets which should be analyzed further. The number of users within
the type of activity could also be an important factor; if there would
be e.g. 50 offices but only two parking garages and all having similar
positive CCs, it might be better to focus on the offices for an effective
energy transition process as it likely is simpler to implement changes
and spread information within the same type of activity. However,
although fewer, the parking garages could have a behavior that is easier
to change due to EV-charging typically having a high consumption for
a shorter time. If the EV-charging could be shifted, without affecting
the car users notably, it would be a low-hanging fruit to implement.
The presented framework in this paper is a usable tool in these kinds
of continued analyses and decision-making processes.

6. Conclusion

This paper presents a framework to assess if a user’s electricity
consumption contributes to the grid load peaks. The general idea is
10
to correlate the time series data from one, or several, users with the
grid load in subsets based on time and ambient temperature to analyze
potentially different trends separately. Three correlation measures is
used to complete each other and catch different types of trends. If
both the user’s consumption and the grid’s load frequently increased
at the same time the correlation would be positive, and the user
seen as contributing to peaks and the risk of grid congestion; if the
user’s consumption instead decreased while the grid load increased,
the correlation would be negative and the user could rather be seen as
supporting the grid during peak hours. If there were no clear pattern
the correlation would be closer to zero, and the user would not be
contributing either way. This framework can be a useful and valuable
tool for a larger organization such as a public entity or a grid company
that handles many electricity-consuming types of activities and users
to identify which contributes most to grid peak loads. Increased knowl-
edge in this topic can be used as input to decision-making about smart
grid interventions such as energy storage, local electricity production,
and potential flexibility options, or if grid extension seems to be the
only solution. Extending the grid is however costly in both capital and
time, thus alternatives should be investigated prior.

A case study is done to investigate users from four types of activities:
a school, an office, a sports facility, and a parking garage with EV
chargers. First, as a base scenario, all activities’ data are correlated with
the grid load without splitting data into subsets where the result, the
first row in Table 6, shows that all activities had a positive correlation
with the grid. Sorting the data into subsets instead shows differences
that were not visible before, and that there even were times of the year
with moderate negative correlations, showing the importance of the
data split process to avoid unrepresentative conclusions.

The framework this paper presents is not exclusive to analyzing
the relationship between electricity consumption and the grid load,
it can also be used on other types of variables changing over time.
A couple of examples are how a user’s consumption correlates with
the production of different types of renewable electricity, giving an
indication of which source to prefer. It could also be used in urban
planning to geographically co-locate activities that typically are nega-
tively correlated, increasing the likelihood of a more even grid load.
This would lead to a more effective energy transition process without
procuring and investing in more appliances or services than needed.
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