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A B S T R A C T

As the global transition away from fossil fuels accelerates, energy systems across the globe face a significant
challenge. Given the high energy consumption of electric vehicle chargers, effective control is imperative to
prevent local grid overload and congestion. In Uppsala, Sweden, a newly built parking garage includes 30
electric vehicle chargers, 62 kW solar energy production, and a 60 kW/137 kWh battery energy storage system.
This paper presents a control algorithm that uses a negative correlation scheme, adjusted to the local grid
load, to effectively manage the battery energy storage. To improve the performance of the algorithm, a genetic
optimization method is applied to find the best feasible daily load profile for the parking garage. The results
indicate that peak load and energy consumption during grid high-load hours can be significantly reduced.
This also results in an 9.5 − 12.8% reduction in electricity distribution fees at current prices as well as a peak
load reduction of up to 50%. Increasing the battery capacity and charging/discharging power in the scenarios
analysed within the study will improve the algorithm’s ability to achieve a satisfactory negative correlation
between the load demand of the facility and the local grid. The proposed control algorithm lowers the facility’s
impact on the local grid during high-load peak hours by utilizing the battery energy storage system at the
parking garage. Moreover, it decreases the distribution fees of the facility by lowering the load peaks and
shifting the electricity consumption to the morning and night.
1. Introduction

The production, distribution, and transmission of electricity play an
essential role in the advancement of modern society. To buy electricity,
the electricity market has been formed and classified into two types:
regulated and deregulated. The regulated electricity market can be
described as a monopoly since the generation, distribution, and trans-
mission of electricity are operated by the same company or party, and
the individual consumer cannot choose where to purchase electricity.
The deregulated electricity market instead splits the monopoly into
sections so that many different parties can participate, creating a free
and competitive market.

In the deregulated market, the price is set by the principle of supply
and demand - producers of electricity bid on how much electricity
they want to sell and for how much, and in turn, the retail elec-
tricity suppliers bid on how much electricity they want to buy [1].
The retail electricity suppliers, in turn, sell the electricity to the end-
consumers such as households and companies. The process of the
deregulated market is overseen and managed by the Swedish energy
markets inspectorate (Ei) - who strive to create a robust, reliable, and

∗ Corresponding author.
E-mail address: alexander.wallberg@angstrom.uu.se (A. Wallberg).

competitive market where the price of electricity is determined by the
open market. Since a regulatory reform in 1996, Sweden has had a
deregulated electricity market, and it is operated by the transmission
system operator (TSO) Svenska Kraftnät [2].

As mentioned, the price of electricity is determined by the principle
of supply and demand — meaning that if there are fluctuations in
supplied electricity or in electricity demand, there might be fluctuations
in the electricity price. The reason for this could be that there is not
enough local electricity production in the area or that the production
is affected by external factors, such as weather conditions. In such
cases, electricity has to be imported from other areas or countries to
meet the demand. Alternatively, services such as demand and energy
flexibility can be utilized [3]. A more recent cause of electricity price
fluctuations is the current war in Ukraine, which impacts the import of
gas to Europe and, consequently, the price of electricity in Europe [4,5].

The amount of used electricity and the corresponding fees are
expressed in a tariff, usually paid monthly. A common electricity tariff
for companies in Sweden, with a subscription for more than 80A, is the
power tariff: A tariff that is determined by the total energy usage and
vailable online 9 August 2024
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Abbreviation

EV Electric vehicle
BESS Battery energy storage system
PV Photovoltaic
PS Population size
TC Termination condition
SoC State of charge
SoH State of health
LF Load factor
Ei The Swedish energy markets inspectorate
TSO Transmission system operator
DSO Distribution system operator
GA Genetic algorithm
NN Neural network
PSO Particle swarm optimization

Nomenclature

𝜌𝑝 Pearson correlation coefficient
𝑃𝑑𝑒𝑚𝑎𝑛𝑑 Load demand
𝑃𝑔𝑟𝑖𝑑 Grid load demand
𝑃𝑡𝑎𝑟𝑔𝑒𝑡 Target load demand
FF Fitness function
𝑃𝐵𝐸𝑆𝑆 Charge/discharge power
𝑃𝑚𝑎𝑥
𝐵𝐸𝑆𝑆 Maximal charge/discharge power

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 Highest monthly power fee

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 Total monthly transfer fee

e
𝑡ℎ𝑖𝑔ℎ
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 Monthly transfer fee during 𝑡ℎ𝑖𝑔ℎ

e
𝑡𝑙𝑜𝑤
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 Monthly transfer fee during 𝑡𝑙𝑜𝑤

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑎𝑥 Monthly energy tax fee

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 Monthly distribution fee

E𝑚𝑜𝑛𝑡ℎ𝑙𝑦 Monthly transferred energy
E𝑑𝑎𝑖𝑙𝑦 Daily transferred energy
E𝑑𝑎𝑖𝑙𝑦
𝑡ℎ𝑖𝑔ℎ

Daily transferred energy during 𝑡ℎ𝑖𝑔ℎ
E𝑑𝑎𝑖𝑙𝑦
𝑡𝑙𝑜𝑤

Daily transferred energy during 𝑡𝑙𝑜𝑤
E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡ℎ𝑖𝑔ℎ

Monthly transferred energy during 𝑡ℎ𝑖𝑔ℎ
E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑙𝑜𝑤

Monthly transferred energy during 𝑡𝑙𝑜𝑤
E𝑑𝑎𝑖𝑙𝑦
𝑝𝑒𝑎𝑘 Highest daily load peak

E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 Highest monthly load peak

𝑡𝑙𝑜𝑤 Low peak time
𝑡ℎ𝑖𝑔ℎ High peak time

Fig. 1. Structure of the power tariff.

he highest load demand peak during a month [6]. As can be seen in
ig. 1, the power tariff can be divided into two primary fees: Monthly
2

trading fee and monthly distribution fee (e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛). The trading fees

include fees such as contracted energy, TSO fee, and certificates and
are primarily based on the monthly total of transferred energy. On the
other hand, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 primarily refer to fees based on factors such as
the highest monthly power peak, at which time of the day the electricity
is transferred to the facility, and fees associated with energy tax.

The e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 is determined by the highest monthly load peak in the

𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of a facility. The monthly transfer fee during 𝑡ℎ𝑖𝑔ℎ (e𝑡ℎ𝑖𝑔ℎ
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟)

refers to the used electricity in the period: Monday–Friday 06:00–22:00
November to March, i.e., the daytime during the winter months, and
the rest of the time is regarded as 𝑡𝑙𝑜𝑤. e𝑡ℎ𝑖𝑔ℎ

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 is generally 3–4 times
higher than the monthly transfer fee during 𝑡𝑙𝑜𝑤 (e𝑡𝑙𝑜𝑤

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟), creating
an economic incentive to shift as much energy as possible to the 𝑡𝑙𝑜𝑤,
at least during November–March. It has been reported in previous
research that the highest monthly peak can account for as much as
30% of the total monthly power subscription cost [7,8]. This indicates
that reducing the highest peak during a given month would have a
noticeable impact on the overall power subscription cost.

A common approach to reducing fees on a local level is to alter a
facility’s 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 by installing a BESS and using it to perform peak shav-
ing to reduce the highest power demand [9–12]. For facility owners,
peak shaving can also postpone the expensive upgrades and allow for
a reduction in the necessary power subscription. As the name suggests,
the aim of peak shaving is to reduce the peaks of a facility’s 𝑃𝑑𝑒𝑚𝑎𝑛𝑑
by utilizing stored electricity instead of electricity from the grid. A
common way to evaluate the performance of the peak shaving is by
calculating the LF of the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 [13,14]:

𝐿𝐹 =
𝑃𝑎𝑣𝑔

𝑃𝑝𝑒𝑎𝑘
(1)

where 𝑃𝑎𝑣𝑔 is the average power and 𝑃𝑝𝑒𝑎𝑘 is the highest peak. Typically,
previously published peak shaving methods strive for economic benefits
by reducing fees, given that the highest monthly peak impacts the
customer’s invoice. This is achieved by lowering the load peaks and
aiming for LF = 1. However, the goal of these peak shaving methods can
be derived in different ways. The common approaches can be classified
into two categories:

(1) Rule-based peak shaving. The rule-based peak shaving methods
operate by following a predetermined set of rules and if-then statements
to reduce the load peaks in the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 [15–18]. The rules and if-then
statements are based on historical 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 data. Therefore, the rule-
based peak shaving methods are considered more easily implemented
and cannot generally generate optimized peak shaving strategies [18].

(2) Optimization-based peak shaving. The optimization-based peak
shaving methods uses optimization techniques, such as neural network
(NN), particle swarm optimization (PSO), and GA to find the most
efficient way to reduce peak demand [19–23]. The chosen optimization
method can take various factors into account such as 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 , electricity
price, and system constraints. Optimization algorithms adjust the peak
shaving operation to minimize 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 by striving to satisfy a specific
objective, such as minimizing fees [24].

The traditional peak shaving methods aim at optimizing the elec-
tricity consumption by analysing a 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and local parameters such as
BESS capacity. Therefore, these methods focus on local benefits such as
reducing the power subscription fees, maximizing profit, and reducing
the impact on the BESS state of health (SoH) and degradation [9,13,26–
28]. However, by altering the local 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 with such peak shaving, the
system’s impact on the local grid might contribute to grid congestion,
i.e., the power peaks of the altered 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 might overlap with the peaks
on the grid as presented in Fig. 2. Overlapping local and grid peaks
would contribute to grid congestion, which is not desired from a grid
point of view [25,29].

Another perspective regarding peak shaving would instead be to
utilize a local BESS as a peak shaving service for the distribution system
operator (DSO) by alleviating the local grid instead of maximizing
profit or reducing battery degradation [30]. One way of achieving
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Fig. 2. The potential risks of implementing traditional peak shaving (LF = 1) without
taking the grid into consideration. (a) Concept of peak shaving, (b) load demand of
activity/facility and grid, and (c) potential risk of peak shaving contributing to grid
congestion [25].

this could be for a facility to get 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 to be negatively correlated
with the 𝑃𝑔𝑟𝑖𝑑 . The facility that this study focuses on is the technical
system of a parking garage called Dansmästaren, which is located in
Uppsala, Sweden (See Fig. 3). The parking garage is equipped with
60 charging points, a 60 kW/137 kWh BESS, and 62 kW photovoltaic
(PV) system [29,31]. The parking garage has a transformer rated for
345 kW and 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of the facility primarily consists of electricity for
electric vehicle (EV) charging and some smaller loads such as lights,
elevators, and ventilation. Previous research has been conducted on
how to utilize the local BESS to lower Dansmästaren’s power peaks by
implementing a rule-based peak shaving method [32]. In the previous
work, a neural network was constructed to predict the parking garage’s
𝑃𝑑𝑒𝑚𝑎𝑛𝑑 , and thereafter, the predicted 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 was used to create a
peak shaving strategy. The ruled-based peak shaving method lowered
the parking garage’s 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 by 25.4–38.5% which resulted in local
benefit, i.e., monetary revenue. However, the grid load demand was
not taken into consideration, and therefore, the facility’s load demand
might contribute to grid congestion, as shown in Fig. 2.

1.1. Scope of this paper

The paper presents a control method for a facility that aims to alter
the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 by utilizing the local BESS. The desired 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 should have
perfect negative correlation (−1) with the local grid. While aiming to
achieve perfect negative correlation, the resulting 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 will also be
evaluated by how much the load peak was reduced and how much
energy was shifted from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤. Thus, the work presented in
this paper studies how a facility with a smart energy system can
contribute to a wider system perspective – in this case to a municipality
– by reducing the impact on a burdened grid, rather than prioritizing
monetary revenue for the parking garage. The contributions of this
paper are:

1. The article presents a novel optimized-based peak shaving
method that contributes to counteracting and alleviating local
grid congestion, while still providing monetary revenue for the
owner of the facility. This is achieved by choosing correlation
as a metric for comparison between the facility load profile
and the grid load profile. Hence, correlation becomes an input
variable for the proposed model. Additionally, the methodology
described in the paper includes a new way of quantitatively
evaluating the performance of the peak shaving method.

2. Data from a real facility is analysed. In particular, measurements
from a commercial parking garage in Uppsala, Sweden, are used
as inputs to the model. The data includes the facility’s 𝑃𝑑𝑒𝑚𝑎𝑛𝑑
and system specifications, as well as the grid load demand.
Furthermore, the paper presents what the capacity of the BESS
should have been in worst-case scenarios to obtain a resulting
𝑃 with perfect negative correlation to the local grid profile.
3

𝑑𝑒𝑚𝑎𝑛𝑑
Table 1
Input array for GA fitness function.

Input Value Initial value Size

𝑃𝑡𝑎𝑟𝑔𝑒𝑡 [𝑝𝑡𝑎𝑟𝑔𝑒𝑡,1 ,… , 𝑝𝑡𝑎𝑟𝑔𝑒𝑡,24] 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 24 × 1
𝑆𝑜𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙 0 − 100% 50% 1 × 1

3. An economic evaluation based on the current electricity market
is conducted, showing the impact of the proposed peak shaving
during two worst-case scenarios, highlighting how much the
load peaks were reduced and how much electricity was shifted
from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤.

2. Method

The aim of the control method presented in this paper was to
provide a facility, like the parking garage at Dansmästaren, with an
hour-by-hour control scheme that strives to alter 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 (24 values
[kWh/h] in consecutive order) to create a new load demand. This new
load is referred to as 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 and should be negatively correlated to
the local grid load. In this paper, Pearson correlation is used and the
𝜌𝑝 ranges between −1 and +1. A positive 𝜌𝑝 close to +1 indicates a
positive relationship between the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of the facility and 𝑃𝑔𝑟𝑖𝑑 during
a given period, and a 𝜌𝑝 close to −1 indicates the opposite. 𝜌𝑝 close to
0, positive or negative, indicates that the curves are not related and
behave independently of each other.

2.1. Model formulation

A genetic algorithm (GA) was programmed in MATLAB with the
goal of finding a 𝑃𝑡𝑎𝑟𝑔𝑒𝑡, based on the parking garage’s 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 , with
a perfect negative 𝜌𝑝 to the local grid. GA is a heuristic search and
optimization technique adept at finding near-optimal solutions using
probabilistic selection rules and handling non-linear and complex prob-
lems. GA was chosen as the optimization technique because it aims
at finding the global optimum, rather than getting stuck in any local
optima, and because of its ability to evaluate solutions in parallel.

The GA operates as presented in Fig. 4, and the process is initiated
by defining the FF. The function FF is used by the GA to find a desirable
𝑃𝑡𝑎𝑟𝑔𝑒𝑡. In this paper, the GA prioritized the search for a 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 that has
a 𝜌𝑝 close to −1. The 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 was produced by altering the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of the
parking garage by utilizing the local BESS. Therefore, the FF includes
the 𝜌𝑝 and load peak of the sought-after 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 in relation to the load
peak in 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 . The FF was defined as follows:

𝐹𝐹 = (1 + 𝜌𝑝) +
𝑚𝑎𝑥(𝑃𝑡𝑎𝑟𝑔𝑒𝑡)
𝑚𝑎𝑥(𝑃𝑑𝑒𝑚𝑎𝑛𝑑 )

, (2)

where 𝜌𝑝 is the Pearson correlation coefficient of 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 and 𝑃𝑔𝑟𝑖𝑑 . As
the goal of the GA is to find a suitable 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 by minimizing Eq. (2),
the problem can be expressed as:

𝑚𝑖𝑛 𝐹𝐹 (3)

The 25 inputs to the GA and their initial values are shown in
Table 1 and the BESS parameters are shown in Table 2. Note that in the
initialization of the GA, the 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 (24 values [kWh/h] in consecutive
order) is set to 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and the initial SoC is set to 50%. 𝑆𝑜𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙 is
the SoC of the BESS at the beginning of the day. 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 and 𝑆𝑜𝐶𝑖𝑛𝑖𝑡𝑖𝑎𝑙
are then altered in the process as the GA searches for a solution as
illustrated in Fig. 4 (see Table 2).

The GA was supplied with constraints to the model’s inputs and
parameters (See Table 3), such as constraints for the battery SoC and
charge/discharge power (𝑃𝐵𝐸𝑆𝑆 ) described by constraints C1 and C2.
To create a realistic new load demand, the resulting 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 must also
contain an equal amount of energy as the original 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 as described
by constraint C3. Finally, to assist the GA to find a 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 with a lower
load peak than in the 𝑃 it was also given constraint C4.
𝑑𝑒𝑚𝑎𝑛𝑑
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Fig. 3. Mobility house Dansmästaren in Uppsala, Sweden. Cropped version of the figure presented in [32].
Fig. 4. Flow diagram of genetic algorithm.

At the end of a generation, the best 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 curves from the current
population are defined by calculating their results of the FF. These
𝑃𝑡𝑎𝑟𝑔𝑒𝑡 curves are considered parents for the next population and gen-
eration. However, before starting the next generation, the parents are
altered by randomly changing some values in their sequence, called
mutation, and by combining parents, called crossover, to create a new
population. Thereafter, the next generation is started, and this process
4

Table 2
BESS parameters used in GA.
Variable Value

𝑆𝑜𝐶𝑀𝐼𝑁 0 kWh
𝑆𝑜𝐶𝑀𝐴𝑋 137 kWh
𝑃 𝑚𝑎𝑥
𝐵𝐸𝑆𝑆 60 kW

Table 3
GA constraints.

Constraint Description

C1 𝑆𝑜𝐶𝑀𝐼𝑁 ≤ 𝑆𝑜𝐶 ≤ 𝑆𝑜𝐶𝑀𝐴𝑋
C2 0 ≤ |𝑃𝐵𝐸𝑆𝑆 | ≤ 𝑃 𝑚𝑎𝑥

𝐵𝐸𝑆𝑆

C3 ∑24
𝑖=1 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 =

∑24
𝑖=1 𝑃𝑡𝑎𝑟𝑔𝑒𝑡

C4 0 ≤ [𝑝𝑡𝑎𝑟𝑔𝑒𝑡,1 ,… , 𝑝𝑡𝑎𝑟𝑔𝑒𝑡,24] ≤ 𝑚𝑎𝑥(𝑃𝑑𝑒𝑚𝑎𝑛𝑑 )

is repeated until at least one termination condition (TC) is met (See
Table 4). Once the process is terminated, the 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 that achieved the
lowest 𝜌𝑝 is selected to be used.

The first termination condition, TC1, was set to 0 due to the nature
of Eq. (2). A FF result close to 0 indicates that a suitable 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 has
been found since that would mean that 𝜌𝑝 close to −1 and that the load
peak of 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 has been lowered as much as possible. However, a fitness
function result in the ranged [0 0.5] was also regarded as sufficient
since that indicates that 𝜌𝑝 < −0.5, i.e., close to −1, and that the load
peak of 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 was lower than the load peak of 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 as can be seen
in Fig. 5.

The population size (PS) of the GA was selected by performing a
sensitivity analysis ranging from a PS of 10 to 2000. The second and
third termination conditions, TC2 and TC3, were arbitrarily selected to
50 and 10. The GA found a suitable solution when the PS ≥ 250 on 𝐷1
and PS ≥ 1000 on 𝐷2. Therefore, a population size of 1000 was selected
for the GA. The sensitivity analysis can be found in the supplementary
material.

2.2. Data collection and handling

The presented method was created and tested using data collected
from the technical systems at the parking garage at Dansmästaren. The
installed 60 kW/137 kWh BESS used in the proposed control method
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Table 4
The termination conditions for the GA.
Termination condition Value Description

TC1 - Fitness Limit 0 The GA terminates if the result of the FF is less than the Fitness Limit.

TC2 - Max Generations 50 The maximum number of generations that the GA is allowed to
execute before terminating.

TC3 - Max Stall Generations 10 The number of generations the GA is allowed to stall before
terminating.
Fig. 5. All possible fitness function results with input −1 ≤ 𝜌𝑝 ≤ 1 and 0 ≤
𝑃 𝑚𝑎𝑥
𝑡𝑎𝑟𝑔𝑒𝑡∕𝑃

𝑚𝑎𝑥
𝑑𝑒𝑚𝑎𝑛𝑑 ≤ 1.The dashed line on the left side shows all FF solutions with perfect

negative correlation and the red diamond, ⬥, is the solution the GA strives for.

was the same as presented in previously published work [31,32]. The
parking garage’s 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 data used in the presented control method
were obtained from the technical systems at Dansmästaren and have an
hourly resolution (kWh/h). 𝑃𝑔𝑟𝑖𝑑 data was obtained from the Swedish
TSO Svenska Kraftnät with an hourly resolution (MWh/h). Information
regarding the payments and invoices from the parking garage was
obtained from the DSOs, Vattenfall, customer portal. Based on the
invoice data from the parking garage from 2021, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑝𝑒𝑎𝑘 accounted
for approximately 20% of the total electricity distribution fees. Further
based on the same invoice data, e𝑡ℎ𝑖𝑔ℎ

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 was 0.48 SEK∕kWh, e𝑡𝑙𝑜𝑤
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟

was 0.144 SEK∕kWh, and e𝑝𝑒𝑎𝑘 was 37 SEK∕kWh.
The highest load peaks at Dansmästaren typically occur during the

winter months (January–March and November–December) and the risk
for congestion in the grid is higher during the same period of the year.
As a consequence of this, the price of electricity is higher in the winter
and therefore also the need for energy management. Two days within
that period were selected to test the performance of the proposed
peak shaving: December 7 and November 28. On November 28, 2021,
Dansmästaren experienced the highest peak load demand, while the
grid had its highest peak load demand on December 7, 2021. These two
days were, therefore, declared as the two worst-case scenarios in regard
to grid congestion and used to investigate how the presented peak
shaving method would operate under such conditions. The selected
days and their respective 𝜌𝑝 between 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and the grid can be seen
in Table 5. The load demand at Dansmästaren and the grid during the
two selected days are shown in Figs. 6 and 7.

The first day, 𝐷1, was selected for the purpose of testing and
evaluating the peak shaving model during the day with the highest load
peak on the local grid in 2021, which was on the 7th of December,
with a grid load peak of 243.3MWh∕h. 𝑃𝑔𝑟𝑖𝑑 and 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of the parking
garage during 𝐷1 are shown in Fig. 6 and the 𝜌𝑝 between the two load
demands was 0.2637.
5

Table 5
The two days used to test the performance of the proposed peak shaving method as

well as their respective 𝜌𝑝 to the grid before implementing peak shaving.

Day Description 𝜌𝑝
𝐷1 The day when 𝑃𝑔𝑟𝑖𝑑 had the highest load peak

during the winter months
0.2637

𝐷2 The day when 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 had the highest load peak
during the winter months

0.2549

Fig. 6. 𝐷1, December 7, 2021. 𝑃𝑔𝑟𝑖𝑑 and 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 at Dansmästaren. Grey regions indicate
𝑡𝑙𝑜𝑤 and white region corresponds to 𝑡ℎ𝑖𝑔ℎ.

Fig. 7. 𝐷2, November 28, 2021. 𝑃𝑔𝑟𝑖𝑑 and 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 at Dansmästaren. Grey regions
indicate 𝑡𝑙𝑜𝑤 and white region corresponds to 𝑡ℎ𝑖𝑔ℎ.

The second day, 𝐷2, used for the model was the day with the highest
load peak at the parking garage, which was the 28th of November
2021, with a load peak of 106.8 kWh∕h. The 𝑃𝑔𝑟𝑖𝑑 and the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of
the parking garage during 𝐷2 are shown in Fig. 7 and the 𝜌𝑝 between
the two load demands was 0.2549.
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Table 6
Correlation coefficient, load peak and energy used during 𝑡𝑙𝑜𝑤 and 𝑡ℎ𝑖𝑔ℎ for 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and
𝑃𝑡𝑎𝑟𝑔𝑒𝑡 in day 𝐷1 at Dansmästaren.

𝑃𝑑𝑒𝑚𝑎𝑛𝑑 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 𝛥kWh

𝜌𝑝 0.26 −0.86 –
E𝑑𝑎𝑖𝑙𝑦
𝑝𝑒𝑎𝑘 68.4 kWh 47.0 kWh 21.4 kWh

E𝑑𝑎𝑖𝑙𝑦
𝑡𝑙𝑜𝑤

217.2 kWh 324.7 kWh
107.5 kWh

E𝑑𝑎𝑖𝑙𝑦
𝑡ℎ𝑖𝑔ℎ

634.8 kWh 537.1 kWh

The 𝜌𝑝 of the two presented days indicate a positive relationship
between 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑔𝑟𝑖𝑑 , although it was not particularly strong.
Nevertheless, as can be seen in Figs. 6 and 7, there was a moderate
overlap between the load peaks at the parking garage and the local
grid.

3. Result & discussion

To evaluate the performance of the GA and the resulting 𝑃𝑡𝑎𝑟𝑔𝑒𝑡, the
final correlation to the grid was used. Additionally, two other factors
were taken into consideration: How low the load peak in 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 was
compared to in 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 , and how much energy was shifted from 𝑡ℎ𝑖𝑔ℎ to
𝑡𝑙𝑜𝑤 in the selected days. These two factors were then used to calculate
the monetary benefits of the implementation of the proposed peak
shaving method.

3.1. Target load demand

The proposed control was implemented on 𝐷1 and 𝐷2. The resulting
𝑃𝑡𝑎𝑟𝑔𝑒𝑡 compared to 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑔𝑟𝑖𝑑 , as well as the SoC cycle of BESS
are shown in Figs. 8 and 10. The 𝑃𝑑𝑒𝑚𝑎𝑛𝑑of “traditional” peak shaving
(Trad) with 𝐿𝐹 = 1 is also presented in the figures as a baseline for
comparison.

During 𝐷1, 𝜌𝑝 improved from 0.26 to −0.86 (Table 6) and the
resulting 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 can be seen in Fig. 8. The initial 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of the parking
garage consisted of a total of 861.0 kWh on 𝐷1, i.e., daily transferred
energy (E𝑑𝑎𝑖𝑙𝑦) was 861.0 kWh. Out of E𝑑𝑎𝑖𝑙𝑦 on 𝐷1, 25.2% of the energy
transfer occurred during 𝑡𝑙𝑜𝑤 meaning that daily transferred energy
during 𝑡𝑙𝑜𝑤 (E𝑑𝑎𝑖𝑙𝑦

𝑡𝑙𝑜𝑤
) = 217.2 kWh and 74.8% occurred during 𝑡ℎ𝑖𝑔ℎ mean-

ing that daily transferred energy during 𝑡ℎ𝑖𝑔ℎ (E𝑑𝑎𝑖𝑙𝑦
𝑡ℎ𝑖𝑔ℎ

) was 634.8 kWh.

However, after the proposed peak shaving control was implemented
E𝑑𝑎𝑖𝑙𝑦
𝑡𝑙𝑜𝑤

increased to 324.7 kWh which corresponds to 37.7% of E𝑑𝑎𝑖𝑙𝑦 on
𝐷1. At the same time, E𝑑𝑎𝑖𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
decreased to 537.1 kWh which corresponds

to 62.3% of E𝑑𝑎𝑖𝑙𝑦. In other words, 12.5 percentage points of E𝑑𝑎𝑖𝑙𝑦 was
shifted from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤.

The e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, including the contribution of both the e

𝑡ℎ𝑖𝑔ℎ
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 and the

e
𝑡𝑙𝑜𝑤
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, is calculated as shown in Eq. (4).

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 = 𝐸𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
× e

𝑡ℎ𝑖𝑔ℎ
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 + 𝐸𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑙𝑜𝑤
× e

𝑡𝑙𝑜𝑤
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 (4)

In December 2021, the month when 𝐷1 occurred, the monthly trans-
ferred energy (E𝑚𝑜𝑛𝑡ℎ𝑙𝑦) was 25 312 kWh. Out of the total, the monthly
transferred energy during 𝑡ℎ𝑖𝑔ℎ (E𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
) was 12 850 kWh which corre-

sponds to 50.8% and monthly transferred energy during 𝑡𝑙𝑜𝑤 (E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑙𝑜𝑤

)
was 12 462 kWh which in turn corresponds to 49.2%. At Dansmästaren,
e
𝑡ℎ𝑖𝑔ℎ
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 was 0.48 SEK∕kWh and e

𝑡𝑙𝑜𝑤
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 was 0.144 SEK∕kWh in 2021.

Using Eq. (4) before applying the proposed peak shaving the resulting
in e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 was 7962.5 SEK. However, assuming that the shifting of
energy from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤 is the same on a monthly basis, 12.5 percentage
points, E𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
decreases to 9694.5 kWh, i.e., 38.3% of E𝑚𝑜𝑛𝑡ℎ𝑙𝑦. At the

same time, E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑙𝑜𝑤

increases to 15 618 kWh, i.e., 61.7% of E𝑚𝑜𝑛𝑡ℎ𝑙𝑦. Using
Eq. (4) after applying the proposed peak shaving the resulting e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟
became 6902.4 SEK, resulting in a 13.3% reduction of the e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
6

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟
Fig. 8. 𝐷1, December 7, 2021. (a) Resulting 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 alongside 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑔𝑟𝑖𝑑 as well
as (b) BESS SoC. Grey regions indicate 𝑡𝑙𝑜𝑤 and white region corresponds to 𝑡ℎ𝑖𝑔ℎ.

Table 7
Distribution fees at Dansmästaren: e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑝𝑒𝑎𝑘 , e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 for 𝐷1 at Dansmästaren
for 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 as well as the reduction.

𝑃𝑑𝑒𝑚𝑎𝑛𝑑 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 𝛥𝑆𝐸𝐾

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 2530.8 SEK 1739.0 SEK 791.8 SEK

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 7962.5 SEK 6902.4 SEK 1060.1 SEK

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 9011.1 SEK 9011.1 SEK 0SEK

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 19 504.4 SEK 17 652.5 SEK 1851.9 SEK

Fig. 9. Distribution fee on 𝐷1 before and after implementing negative correlation peak
shaving control.

Additionally, the highest daily load peak (E𝑑𝑎𝑖𝑙𝑦
𝑝𝑒𝑎𝑘 ) on 𝐷1 decreased

from 68.4 kWh to 47.0 kWh, i.e., reducing e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 from 2530.8 SEK to

1739.0 SEK. The final part of the distribution fees, monthly energy tax
fee (e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑎𝑥 ) is 0.356 SEK∕kWh and is based on the E𝑚𝑜𝑛𝑡ℎ𝑙𝑦 which is not
affected by the peak shaving operation. Therefore, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑎𝑥 is the same
before and after applying the proposed peak shaving. e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 for a
given month is calculated using Eq. (5).

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 = e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑝𝑒𝑎𝑘 + e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 + e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑎𝑥 (5)

The contribution of each type of fee in the distribution fee before
(𝑃𝑑𝑒𝑚𝑎𝑛𝑑) and after (𝑃𝑡𝑎𝑟𝑔𝑒𝑡) applying the proposed peak shaving can be
seen in Table 7.

Combining the contribution from the reduction in e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 and

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 during December 2021 was reduced from
19 504.4 SEK to 17 652.5 SEK, i.e., a reduction of 9.5%. The impact on
e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 in the total electricity distribution fee in 𝐷1 can be seen in

Fig. 9.
During 𝐷2, 𝜌𝑝 improved from 0.25 to −0.54 (Table 8) and the

resulting 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 can be seen in Fig. 10. On 𝐷2 E𝑑𝑎𝑖𝑙𝑦 was 931.2 kWh,
and during that day, the parking garage had its highest load peak
at Dansmästaren in 2021, i.e., E𝑑𝑎𝑖𝑙𝑦 = 106.8 kWh. On 𝐷 29.1% of
𝑝𝑒𝑎𝑘 2
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Fig. 10. 𝐷2, November 28, 2021. (a) Resulting 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 alongside 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑔𝑟𝑖𝑑 as
well as (b) BESS SoC. Grey regions indicate 𝑡𝑙𝑜𝑤 and white region corresponds to 𝑡ℎ𝑖𝑔ℎ.

Table 8
Correlation coefficient, load peak and energy used during 𝑡𝑙𝑜𝑤 and 𝑡ℎ𝑖𝑔ℎ for 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and
𝑃𝑡𝑎𝑟𝑔𝑒𝑡 in day 𝐷2 at Dansmästaren.

𝑃𝑑𝑒𝑚𝑎𝑛𝑑 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 𝛥kWh

𝜌𝑝 0.25 −0.54 –
E𝑑𝑎𝑖𝑙𝑦
𝑝𝑒𝑎𝑘 106.8 kWh 52.2 kWh 54.6 kWh

E𝑑𝑎𝑖𝑙𝑦
𝑡𝑙𝑜𝑤

271.2 kWh 334.7 kWh
57.2 kWh

E𝑑𝑎𝑖𝑙𝑦
𝑡ℎ𝑖𝑔ℎ

660.0 kWh 596.5 kWh

E𝑑𝑎𝑖𝑙𝑦 occurred during 𝑡𝑙𝑜𝑤, i.e., E𝑑𝑎𝑖𝑙𝑦
𝑡𝑙𝑜𝑤

= 271.2 kWh. Therefore during
the same day, E𝑑𝑎𝑖𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
= 660.0 kWh, i.e., 70.9% of E𝑑𝑎𝑖𝑙𝑦. However, after

the proposed peak shaving control was implemented, the amount of
energy during 𝑡𝑙𝑜𝑤 increased to 334.7 kWh (35.9%) and decreased to
596.5 kWh (64.1%) during 𝑡ℎ𝑖𝑔ℎ. In other words, 6.8 percentage points
of the energy was shifted from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤.

In November 2021, the month when 𝐷2 occurred, the E𝑚𝑜𝑛𝑡ℎ𝑙𝑦 was
22 785 kWh. Out of the total, the E𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
was 12 103 kWh which corre-

sponds to 53.1% and E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑙𝑜𝑤

was 10 682 kWh which in turn corresponds
to 46.9%. Using Eq. (4) before applying the proposed peak shaving
the resulting e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 was 7347.6 SEK. However, assuming that the
shifting of energy from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤 is the same on a monthly basis,
6.1 percentage points, E𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡ℎ𝑖𝑔ℎ
decreases to 10 709 kWh, i.e., 47% of

E𝑚𝑜𝑛𝑡ℎ𝑙𝑦. At the same time, E𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑙𝑜𝑤

increases to 12 076 kWh, i.e., 53%
of E𝑚𝑜𝑛𝑡ℎ𝑙𝑦. Using Eq. (4) after applying the proposed peak shaving
the resulting e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 became 6879.2 SEK, resulting in a 6.4% reduc-
tion of the e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 Additionally, E𝑑𝑎𝑖𝑙𝑦
𝑝𝑒𝑎𝑘 decreased from 106.8 kWh to

52.2 kWh, hence, a reduction of 51.1%. Since e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 at Dansmästaren

is calculated based on a fixed cost per kWh, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 was reduced from

3951.6 SEK to 1931.4 SEK. The final part of the distribution fee, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑎𝑥

is 0.356 SEK∕kWh and is based on the E𝑚𝑜𝑛𝑡ℎ𝑙𝑦 which is not affected by
the peak shaving operation. Therefore, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑎𝑥 is the same before and
after applying the proposed peak shaving. e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 for a given month
is calculated using Eq. (5).

The contribution of each type of fee in the distribution fees before
(𝑃𝑡𝑎𝑟𝑔𝑒𝑡) and after (𝑃𝑡𝑎𝑟𝑔𝑒𝑡) applying the proposed peak shaving can be
seen in Table 9.

Combining the contribution from the reduction in e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 and

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 during November 2021 was reduced from
19 410.7 SEK to 16 922.1 SEK, i.e., a reduction of 12.8%. The impact on
e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 in the total electricity distribution fee in 𝐷2 can be seen in

Fig. 11.
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Table 9
Distribution fees at Dansmästaren: e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑝𝑒𝑎𝑘 , e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟, e𝑚𝑜𝑛𝑡ℎ𝑙𝑦

𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 for 𝐷2 at Dansmästaren
for 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 as well as the reduction.

𝑃𝑑𝑒𝑚𝑎𝑛𝑑 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 𝛥𝑆𝐸𝐾

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑝𝑒𝑎𝑘 3951.6 SEK 1931.4 SEK 2020.2 SEK

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 7347.6 SEK 6879.2 SEK 468.4 SEK

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑡𝑟𝑎𝑛𝑠𝑓𝑒𝑟 8111.5 SEK 8111.5 SEK 0SEK

e𝑚𝑜𝑛𝑡ℎ𝑙𝑦
𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 19 410.7 SEK 16 922.1 SEK 2488.6 SEK

Fig. 11. Distribution fee on 𝐷2 before and after implementing negative correlation
peak shaving control.

Fig. 12. 𝐷1, (a) Improvements in correlation and peak reduction and (b) amount of
shifted energy as the battery capacity was increased from 0 to 300 kWh in 10 kWh
increments. The grey vertical line shows 𝜌𝑝 and the peak reduction using the current
BESS capacity of 137 kWh and the dashed grey line show the necessary BESS capacity
to obtain perfect negative correlation on 𝐷1.

3.2. Battery capacity optimization

As shown in Tables 6 and 8, the proposed peak shaving method was
capable of altering the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 of the parking garage at Dansmästaren to
improve 𝜌𝑝 by making it more negative on the selected days. However,
the current technical system was not dimensioned to achieve perfect
negative correlation (−1).

In the case of 𝐷1 and 𝐷2 at Dansmästaren, 𝑃𝐵𝐸𝑆𝑆 only reaches the
𝑃𝑚𝑎𝑥
𝐵𝐸𝑆𝑆 once (on 𝐷2 between 20:00 and 21:00) as can be seen in Figs. 8b

and 10b, indicating that 𝑃𝑚𝑎𝑥
𝐵𝐸𝑆𝑆 of 60 kW did affect the GA’s ability to

achieve perfect negative correlation. The local PV production did not
impact the GA since the selected days occurred in the winter, i.e., a
period when the PV production can be regarded as negligible. However,
as Figs. 8b and 10b also show, the SoC of the BESS reaches 100% at
some point during both days. When the BESS reaches 100% SoC, the
system loses the ability to increase 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 , i.e., the GA can no longer
create a 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 with a higher value than 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 since it cannot charge
the BESS. The GA was limited to only discharging the BESS, and this
has a direct impact on how close to −1 the resulting 𝜌 can be. An
𝑝
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Fig. 13. 𝐷2, (a) Improvements in correlation and peak reduction and (b) amount of
shifted energy as the battery capacity was increased from 0 to 300 kWh in 10 kWh
increments. The grey vertical line shows 𝜌𝑝 and the peak reduction using the current
BESS capacity of 137 kWh and the dashed grey line shows the necessary BESS capacity
to obtain perfect negative correlation on 𝐷2.

example of the model’s inability to improve 𝜌𝑝, in the case when the
BESS was fully charged, can be seen in Fig. 10a from 10:00 until 16:00.
To reduce 𝜌𝑝 further, the maximum capacity and 𝑃𝑚𝑎𝑥

𝐵𝐸𝑆𝑆 of the BESS
would therefore need to be increased.

To investigate the required BESS capacity, the performance of
peak shaving control using different maximum battery capacities (10–
300 kWh) was simulated for 𝐷1 and 𝐷2. The case of 𝐷1 can be seen in
Fig. 12 where the BESS capacity increased by 10 kWh at each iteration.
For each step of BESS capacity, the model’s ability to reduce the
load peak, the correlation coefficient, the required 𝑃𝐵𝐸𝑆𝑆 , and the
amount of shifted energy are shown. As BESS capacity increases, the
correlation improves until perfect negative correlation was achieved at
approximately 160 kWh. At the same time, the improvements in peak
reduction halt and reach a plateau, indicating that 160 kWh would be a
suitable battery capacity on 𝐷1. Additionally, as can be seen in Fig. 12,
the maximum required 𝑃𝑚𝑎𝑥

𝐵𝐸𝑆𝑆 was 35 kW, i.e., less than 𝑃𝑚𝑎𝑥
𝐵𝐸𝑆𝑆 . As can

also be seen in the figure, the amount of shifted energy decreases when
the BESS capacity ≥150 kWh. The shifting of energy from 𝑡ℎ𝑖𝑔ℎ to 𝑡𝑙𝑜𝑤
generates less monetary revenue than lowering the load peak. For this
reason, the reduction in shifted energy does not impact the resulting
monetary benefits.

On 𝐷2 the correlation stopped improving when the battery capacity
increased to approximately 200 kWh. Similarly to 𝐷1, the peak reduc-
tion reached a plateau at the same time as the best correlation was
achieved, and the amount of shifted energy was also reduced as the
correlation improved, as illustrated in Fig. 13b. The reason for the
reduction in shifted energy was that the daily load peak on 𝐷2 occurred
between 19:00 and 24:00, as can be seen in Fig. 10, i.e., a part of the
load peak already occurred during 𝑡𝑙𝑜𝑤. However, since the GA strives
to lower the peak load demand rather than shifting the energy usage,
an increasing part of the daily load peak was moved to 𝑡ℎ𝑖𝑔ℎ as the BESS
capacity increased.

Increasing the battery capacity improves the GA’s ability to achieve
perfect negative correlation to the grid, as well as its ability to lower
the load peaks. However as can be seen in Fig. 13, the 𝑃𝑚𝑎𝑥

𝐵𝐸𝑆𝑆 of 60 kW
was limiting the GA’s ability to achieve perfect negative correlation
starting from a BESS capacity of approximately 130 kWh on 𝐷2. In order
to rectify this, the 𝑃𝑚𝑎𝑥

𝐵𝐸𝑆𝑆 would need to be increased.
By removing the constraint C2, i.e., not restricting the GA with a

maximum charge/discharge power of 60 kW, the GA was able to find
a solution with perfect negative correlation with a BESS capacity of
190 kWh and𝑃𝑚𝑎𝑥 to 70 kW, as can be seen in Fig. 14. Therefore, unlike
8

𝐵𝐸𝑆𝑆
Fig. 14. 𝐷2, (a) Improvements in correlation and peak reduction and (b) amount of
shifted energy as the battery capacity was increased from 0 to 300 kWh in 10 kWh
increments without constraint C2, i.e., removing 𝑃 𝑚𝑎𝑥

𝐵𝐸𝑆𝑆 . The grey vertical line shows
𝜌𝑝 and the peak reduction using the current BESS capacity of 137 kWh, and the dashed
grey line shows the necessary BESS capacity to obtain perfect negative correlation on
𝐷2.

on 𝐷1, both the BESS capacity and the 𝑃𝑚𝑎𝑥
𝐵𝐸𝑆𝑆 had to be increased in

order for the GA to find a 𝑃𝑡𝑎𝑟𝑔𝑒𝑡 with perfect negative correlation.
As mentioned before, the GA chooses the initial SoC and, on both

presented days, selected a low initial value for SoC. In 𝐷1 and 𝐷2,
the best solution found by the GA had initial SoC of 5.0% and 5.9%
respectively as can be seen in Figs. 8 and 10. Additionally, the final
SoC of the BESS on 𝐷1 and 𝐷2 reached 6.0% and 6.8% respectively. On
both days, the final SoC ended up rather close to the initial SoC. The
reason for this was due to constraint C4 and the overall daily profile of
the local 𝑃𝑔𝑟𝑖𝑑 , specifically due to 𝑃𝑔𝑟𝑖𝑑 having its peaks in the middle
the day and valleys at night and in the morning. Since the GA prefers to
start the day at a low SoC in order to be able to achieve a 𝜌𝑝 close to −1,
it was beneficial that it also preferred to end the day at a low SoC. This
means that if the control strategy would be implemented on several
sequential days at the parking garage, the initial SoC of the BESS of
each day would be set to an appropriate value the day before.

To compare the optimization procedure on the two selected days,
the resulting FF for the tested BESS capacities alongside the obtained
𝜌𝑝 and load peak reduction can be seen in Fig. 15. On both days, the
FF starts in the region 𝐹𝐹 = 2, and as the BESS capacity was increased
ends up close to 𝐹𝐹 = 0.5.

Implementing the presented negative correlation peak shaving
method in a facility such as Dansmästaren would lower the facility’s
contribution to grid congestion in the city. However, for the method to
function in practice, one would need to implement a prediction model
for the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 and 𝑃𝑔𝑟𝑖𝑑 since they are needed to find a peak shaving
schedule.

4. Conclusion

Utilizing the local 60 kW/137 kWh BESS at the parking garage at
Dansmästaren, the proposed peak shaving method was able to alter
the 𝑃𝑑𝑒𝑚𝑎𝑛𝑑 to achieve negative correlation to the local grid and, at the
same time, reduce the highest load peak. The advantage of the proposed
method was that the resulting load demand generated both grid and
local benefits by helping to alleviate grid congestion and lowering
the transfer fees in the facility’s electricity invoice. To achieve perfect
negative correlation during the selected days, the BESS capacity would
need to increase from 137 kWh to 160 kWh for 𝐷1 and to 190 kWh for
𝐷2, and the charge and discharge power of BESS needed to be increased
on 𝐷 , from 60 kW to 70 kW.
2
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Fig. 15. Result of the FF as the BESS increased by 10 kWh increments for 𝐷1 (+) and
𝐷2 (◦).

As illustrated in the results, even though the proposed peak shaving
method primarily aims at reducing grid congestion by striving for
negative correlation, it can still generate monetary revenue by reducing
the load peaks and by shifting energy usage. Implementing this type
of peak shaving control at a facility like Dansmästaren would help to
counteract the grid congestion that the city of Uppsala is experiencing.
In other words, the correlation between the load demand of a facility
and the grid could be used as a quantitative way of evaluating the non-
monetary benefits of peak shaving control. However, it is important
to keep in mind that – to make a noticeable impact on a high-system
level – multiple facilities would need to implement the proposed peak
shaving control. This kind of control being implemented on a larger
scale, e.g., in a city like Uppsala with multiple mobility houses, would
reform how distributed generation works and assist the electrification
of society and the transport sector.
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