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Abstract
Battery energy storage systems are a key factor for enabling a continuous increase of the
fraction of photovoltaics in the Swedish electricity grid. One big challenge is to utilise all
potential services of such a storage system. The aim of this study was to improve the
supervisory controller for an existing battery storage and photovoltaic solution marketed by
the Swedish company Ferroamp AB. This has been done by developing a combined peak
reduction and time-of-use bill management algorithm, together with a simulation and
evaluation software for optimisation of algorithm parameters. The algorithms and tools were
evaluated using an installation made by Ferroamp AB and Vattenfall Eldistribution AB as a
case study. Sensitivity analyses has been performed on economic parameters and length of
the algorithm training data set. Improvement of economic profit, in this case study, were
300 % compared to the currently used algorithm and 32 % compared to a conventional
threshold peak reduction algorithm. Despite this improvement, the battery energy storage
system is shown to be non-profitable, with the economic profit only covering 36 % of the
investment costs, not taking interest rate into account. Like in many other studies, power
storage was found more profitable than energy storage. An increase of the grid power tariff
and the grid energy fee of 30 % to 40 % is found to make the system viable. One interesting
finding is that by using the proposed optimal algorithm, 55 % of the cycle life of the battery
storage is still accessible for other services when considering 10 years of economic
depreciation time for the system.
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Abbreviations
Abbreviation
AC
ADC
BESS
DC
DCR
EHUB
EP
ESO
NEP
PV
SEK
SOC
SSO
TOU

Description
Alternating Current
Analog to Digital Converter
Battery Energy Storage System
Direct Current
Demand Charge Reduction
EnergyHub
Economic Profit
Energy Storage Optimiser
Net Economic Profit
Photovoltaic
Swedish Krona (Currency of Sweden)
State of Charge
Solar String Optimiser
Time-of-Use
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Nomenclature
Symbol

Description

Unit

𝐶𝑎𝑝utilized
𝐶𝑜𝑠𝑡kWh_BESS
𝐸chg_dischg

Energy capacity utilized by battery storage
Cost per kWh of cycled energy in the BESS
Charge or discharge energy, used in battery model
External grid currents measured by EHUB, 3 phases
Inverter currents measured by EHUB, 3 phases
Charge constant, used by algorithms
Discharge constant, used by algorithms
Inverter efficiency
Battery charging cycle efficiency
DC/DC efficiency
Instantaneous sum of total battery power from all
connected ESO´s
Max battery power, used by algorithms
Delivered battery power, used by algorithm
Desired battery power, used by algorithm
Calculated active grid power for the complete EHUB system
Calculated active inverter power for each EHUB
Calculated active total load power.
Instantaneous sum of total PV power from all connected
SSO´s
Predicted power for the actual hour, used by algorithms
Lower threshold, used by algorithms
Upper threshold, used by algorithms
Max BESS state of charge
Min BESS state of charge
State of charge at minute t
Start time for allowing Charge of BESS, minutes since
midnight
Stop time for allowing Charge of BESS, minutes since
midnight
Moving average window size used by algorithms A2b and
A2c
Swap time used by algorithm A2c

kWh
SEK/kWh
W·minute
A
A
%
%
%
W

Supply certificate when buying electricity
Supply certificate when selling electricity
Grid tariff for energy at high price time
Grid tariff for energy at low price time
Grid tariff for power fee
Grid tariff for solar bonus when selling PV produced
electricity
Supply spot price when buying electricity
Supply spot price when selling electricity
Supply surcharge when buying electricity
Supply surcharge when selling electricity
Energy tax buy when buying electricity
Energy tax when selling electricity
Line voltages, RMS values, measured by EHUB system, 3
phases
Total uncertainty for measurements in EHUB system
Heaviside step function, used in TOU bill management

SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kW
SEK/kWh

iExtQ1-3
iInvQ1-3
𝑘chg
𝑘dischg
𝜂AC/DC
𝜂chg_dischg
𝜂DC/DC

Pbatt
𝑃batt_max
𝑃delivered
𝑃desired

PGrid
PInv
PLoad
PPV
𝑃predicted
𝑃𝑡ℎ_𝑐ℎ𝑔
𝑃𝑡ℎ_𝑑𝑖𝑠𝑐ℎ𝑔
𝑆𝑂𝐶max
𝑆𝑂𝐶min
𝑆𝑂𝐶𝑡
𝑇chg_start
𝑇chg_stop
𝑇mov_wind_size
𝑇swap
𝑇𝑎𝑟cert_buy
𝑇𝑎𝑟cert_sell
𝑇𝑎𝑟grid_high
𝑇𝑎𝑟grid_low
𝑇𝑎𝑟grid_power
𝑇𝑎𝑟solar_bonus
𝑇𝑎𝑟supply_spot_buy
𝑇𝑎𝑟supply_spot_sell
𝑇𝑎𝑟surcharge_buy
𝑇𝑎𝑟surcharge_sell
𝑇𝑎𝑟tax_buy
𝑇𝑎𝑟tax_sell

u1-3
𝑢𝑛𝑐𝑒𝑟𝑡tot
𝜃d
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W
W
W
W
W
W
W
W
W
W
Wh
Wh
Wh
minutes
minutes
minutes
minutes

SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
V
%
-

1 Introduction
With an increasing amount of weather dependent renewable energy in an electrical grid, due
to the intermittent nature and low dispatchability of these energy sources, energy storage is
becoming more relevant [1]. Swedish authorities have recently launched an incentive
program for battery energy storage systems (BESS) based on a report where it is concluded
that, to increase the amount of energy produced by solar and wind in the Swedish grid, the
flexibility of the national grid must increase and where BESS is one out of three key
parameters for achieving this flexibility [2].
The possible benefits of deploying a BESS at different positions in an electrical grid has been
analysed in a report by Rocky Mountain Institute [3]. This report is not published in any
academic journal and is not peer reviewed, but can anyhow serve as a good summary of
different services, stakeholders and the economy of BESS. It is also used as a reference in
the Swedish report referred to in the previous paragraph. The authors of the Rocky
Mountain Institute report point out thirteen services and values that can be obtained by
three main stakeholder groups. In the report, it is mentioned that most BESS are deployed
for one out of three of these services, leading to underutilisation of the battery storage, and
in many cases an absence of net economic benefit. The underutilisation of a battery storage
used for a single service makes it possible to stack services, thereby increasing the possibility
of economic viability. However, stacking services from different stakeholder groups is
shown to be associated with barriers, like for example legislative regulations and utility
business models. Also, inert and inappropriate tariff models can act as barriers against
successful and fair implementation of battery energy storage.
This work focuses on three services, and the possible challenges and advantages of stacking
them; demand charge reduction (DCR), time-of-use (TOU) bill management and increased
photovoltaic (PV) self-consumption. All of them are related to the stakeholder group of
customers. These three services are highly dependent on two factors that are often difficult
to predict, the load and the PV electricity production. The fact that they are behind the meter
services implicates that the battery storage could also be used for any of the other services
mentioned in the Rocky Mountain Institute report.
The Swedish company Ferroamp AB develops the EnergyHub (EHUB) system, based on a
4-quadrant inverter connected between the alternating current (AC) grid and a local 760 V
direct current (DC) grid. Both PV and batteries are connected to the DC grid through
bidirectional DC/DC converters. Energy can then flow between the solar modules, the
battery, local loads and the grid in any direction. The system is modular from 3.5 kW up to
MW-size with energy storage available in steps of 7.2 kWh. It is primarily used in commercial
buildings, although some installations have been done in private houses.
The BESS delivered by Ferroamp is equipped with a basic peak reduction functionality based
on a fixed-threshold controller, and the company wants to improve their energy
management system. They are interested in an answer to the question if it is possible to
develop economically viable control strategies for DCR, TOU bill management and PV selfconsumption that are optimised for Swedish tariff models and suitable for their typical
installations. Assuming an economic depreciation time of 10 years, they are also interested
in finding the most beneficial way of combining these services.
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Aims
1.1.1. Aim
The aim of this Master Thesis is to develop a supervisory controller that can increase the
economic benefits of the combined BESS and PV system manufactured by the Swedish
company Ferroamp AB, and which is installed in private and commercial buildings in
Sweden.

1.1.2. Scope
The scope of work is:
• Design, simulation, implementation and evaluation of supervisory control strategies
and algorithms for demand charge reduction, time-of-use bill management and
increased PV self-consumption.
o This will be done based on one of Ferroamp’s existing installations, KKC
Sjöängen.
o Combinations and prioritisation of these strategies will be considered and a
prioritising strategy will be proposed.
• Design, implementation and evaluation of a simulation tool that can be used by
Ferroamp, their installers and their customers to optimise and evaluate these control
algorithms in system installations.

1.1.3. Objectives
The main objective function for all algorithms is to maximise economic benefits based on
the current electricity tariff rates and model for every installation, and the total cost of the
BESS. Another important objective is to evaluate if forecasting of day-ahead load by time
series analysis on maximum 30 days of historical data can be used as an input to the control
algorithm.

1.1.4. Limitations and boundary conditions
Important limitations and boundary conditions to consider are concluded in the following
list:
• DCR shall be based on the highest hourly average peak per month.
• The tariffs for grid and electricity used in the evaluation of the installation in KKC
Sjöängen shall be the one in use 2018.
• The supervisory controller must be written in Python 2.7 and run on the Linux based
embedded controller installed in the EnergyHub. When developing the algorithms,
considerations must be taken to limit processor and memory usage on the embedded
controller.
• There is an existing database in the embedded controller where grid, load, battery
and PV energy production/consumption data for the last 30 days can be accessed,
with a temporal resolution of 1 minute.
• The controller shall evaluate input data and update output data once every minute.
• In this work, the control strategy shall preferably be parameter based rather than
self-learning.
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Method
The method can be divided in to the following main steps:
• Choose installation for simulation and evaluation and analyse historical data.
• Develop a simulation, evaluation and optimisation tool in Python.
• Perform a literature survey searching for existing knowledge in the field of battery
energy storage system load forecasting, scheduling, control strategies for DCR, TOU
bill management and PV self-consumption and how they can be combined, and
economic evaluation of such systems.
• Design control strategies for DCR, TOU bill management and PV self-consumption
and find a combined strategy to be used by the algorithm in the simulation and
embedded control system of the EnergyHub.
• Presentation and analysis of simulation and evaluation results.
• Discuss the results and the validity of the algorithms for other installations and
during other economical boundary conditions.
• Suggest future improvements for the simulations tool, the control algorithms and
the optimisation system setup.
A simulation tool, specifically developed in Python for this thesis, will be used to evaluate
designed control strategies for DCR, TOU bill management and PV self-consumption. The
main reason for choosing to develop a simulation tool is to make it possible to combine the
control algorithms and the simulation in the same tool. Another reason is the ability to build
a customised simulation tool that can loop through many parameter combinations, evaluate
every combination, and automatically find the most optimal solution based on the objective
functions. Python is chosen because Ferroamp wants to be able to implement the simulation
tool in their customer portal as an aid for sizing and choice of control strategy and
parameters.
Control strategies will be designed based of existing literature, but with room for
improvements, especially for combining different use cases.
Load and PV production data from one existing installation will be used for simulations and
evaluation of control strategies. This will provide real data with temporal resolution of 1
minute. Accuracy of measurement sensors will be considered in the work. Since the
installation used for the case study has only been functional since the end of September, the
possibilities of making general conclusions are limited. The battery model will be based on
an energy balance calculation taking inverter efficiency, charger efficiency and battery roundtrip efficiency into account. This is a straight-forward model simple to implement but does
not handle e.g. the difference in voltage-current relationship at different state of charge
(SOC). Battery lifetime model will be based on depreciation time and equivalent number of
full cycles, not taking micro cycles into account.
Optimisation method will be by a parameter study. The advantage is that this method is
simple to implement and will find all optima in the parameter set. The disadvantage is that
the computational time gets unrealistically high if a big number of parameters are evaluated.
Main objective functions used shall be net economic profit (NEP) and economic profit (EP).
For the EP objective function, no consideration to investment cost or cycle cost of the
battery shall be regarded. In the NEP objective function, consideration to cycle cost of the
battery shall be based on the investment cost divided by the maximum number of full cycles
the battery can handle during its lifetime assuming no time-dependent degradation.
Depreciation and interest rate concerning the investment of the BESS is only to be taken
into consideration in the discussion, not in any calculations or simulations. When discussing
depreciation, a depreciation time of 10 years should be regarded.
3

The used method is straightforward and uncomplicated when comparing to methods used
in many other studies, but is chosen in consensus with Ferroamp because they want to be
able to integrate the algorithms, simulation software and in the future, also solution
techniques, into the existing Python based environment used in their embedded products
and in their web-portal. A more complex load model including a forecast method was
evaluated and discussed but rejected due to above reasons. A heuristic solution technique is
used for the optimisation problem, with the risk of missing local optima. This could have
been avoided using some other exact solution approach, like for example a mixed-integer
linear programming solver.
Uncertainty treatment modelling for handling forecast errors have not been considered, but
is an interesting future improvement. Especially when taking into account the influence of
future load variations in the installations Ferroamp are doing.
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Previous work
There exists substantial knowledge in the field of battery energy storage systems in general
and more specific about load forecasting, scheduling, control strategies for DCR, TOU bill
management and PV self-consumption. This section gives a compilation of the literature
used in this work, as a complement for knowledge gained in previous courses in the solar
engineering master programme, for the development of the simulation and evaluation tool
and as an inspiration and foundation for the design of improved and combined control
strategies.

1.3.1. Photovoltaic self-consumption
The most common operation strategy for obtaining increased photovoltaic selfconsumption is the relay-based strategy currently applied to many BESS installed in private
households [4]. In this strategy, the PV production is preferably used to meet the loads of
the house. Excess PV production is stored in the batteries until they are fully charged, and
then fed to the grid as a last option. When the PV production is not able to meet the loads
of the house, energy is taken from the battery. In the same article, an alternative operation
strategy is proposed using 24-hour forecasting. An artificial neural network is used to
forecast both load and PV production. The latter operation strategy is, because of
forecasting errors, shown to be less economically viable than the relay-based strategy. In a
techno-economic analysis based on a case study in a German commercial building, a relaybased strategy is used, showing increased PV self-consumption but no economic viability
taking the German electricity tariffs into account [5].

1.3.2. Demand charge reduction
One simple way to obtain DCR, often called peak reduction or peak shaving, is to determine
an upper-threshold and a lower-threshold that is appropriate for the actual load profile, and
then discharge the battery when the load exceeds the upper-threshold and charge the battery
when the load is below the lower-threshold [6], [7]. This is called a fixed-threshold controller.
In [6], a method is proposed to obtain an optimal battery storage size for a commercial or
industrial building based on its historical load profile. Also, an adaptive-threshold controller
is developed and evaluated. This controller initialises by setting the upper-threshold from a
generic daily load profile and then reduces this threshold every time the load has exceeded
the upper-threshold for a predefined time. This is done to prevent the battery from being
discharged when a peak has a long duration, making it possible to achieve a peak reduction
over longer peaks than with a fixed-threshold controller.
The problem with handling a load peak that is longer than anticipated by the forecasted load
profile is managed by a fuzzy logic control algorithm in [7], where the authors concludes
that the fuzzy logic controller performs better than both fixed- and adaptive-threshold
controllers.
A strategy proposed in an article from Griffith School of Engineering in Australia is based
on three main components; a load forecasting expert system called by the controller once a
day, a scheduler that calculates charge and discharge schedule for the actual day, and finally
a “real time operator” working in real time to correct for errors in the forecast and prevent
the battery from being prematurely depleted [8]. More complex load forecasting methods
can be found in [9], which deals with short-, medium- and long-term forecasts for the
electricity sector.
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1.3.3. Time-of-use bill management
In TOU bill management with BESS, the difference in electricity retail prices are used to
gain an economical profit by buying electricity for charging at times when the retail price is
low and selling or using the energy at times when the retail price is high [10]. This article also
discusses the costs associated with energy loss in the battery and other system components,
as well as the fixed and variable costs for the BESS. A control strategy is developed taking
the above variables into account. The author shows, by using this control strategy in a case
study, that TOU bill management with BESS is not economically profitable in Spain 2013.
In another article were the same author is a co-writer, the techno-economic analysis is
continued and more thoroughly examined with similar results [11].
It should be remarked that in both studies above, the comparison has been done between
TOU bill management with BESS and a case without storage at all. It is not possible, based
on these articles, to fully evaluate the economic gain from TOU bill management in a system
where TOU bill management is stacked with other services. They indicate however that the
difference between peak prices and off-peak prices as well as the levelised cost of electricity
of BESS are important factors for economic viability linked to TOU bill management.

1.3.4. Combining strategies for DCR, TOU and PV self-consumption
In a case study from Sweden [12], a relay-based PV self-consumption strategy and one
specified TOU bill management strategy are discussed and a rule-based hybrid operation
strategy is proposed. By using generic algorithm multi-objective optimisation, it is shown
that neither the relay-based PV self-consumption strategy nor the TOU bill management
strategy are economically beneficial in the case studied; a rental multi-apartment building in
Gothenburg, Sweden. The hybrid operation strategy is shown to outperform the
conventional strategies. The authors also discuss the conflict between DCR, TOU bill
management and PV self-consumption strategies. The generic algorithm multi-objective
optimisation approach is used in the planning stage to find the optimal solution of battery
capacity and operational parameters for the algorithms.

1.3.5. Other work of interest
A recently published article, “Energy management for stationary electric energy storage: A
systematic literature review” [13], presents an overview of 202 publications in the research
field of electric energy storage systems and develops a conceptual framework with
components like for example system scope and objectives, time horizon, mathematical
formulation and solution technique for optimisation.
The influence of temporal resolution of load and PV production on the errors in simulations
and control systems are analysed in [14]. In combined PV and BESS where peak loads are
significant, the temporal resolution is recommended to be less than 5 minutes to achieve
errors below 5%.
Predictions of battery lifetime is an important task when working with BESS. There exist
complex models for calculating predicted battery lifespan, but for Li-ion batteries, cycle
number is considered to be the main factor when calculating lifetime [10].
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2 Algorithm, model and simulation framework
Introduction
Figure 2-1 shows an architectural framework of the experimental setup and can serve as a
good aid while reading this chapter. The left side of the figure shows the parts included in
the workflow while evaluating on historical data, and the right side shows parts included in
the physical on-site system.
The same algorithms are used in the embedded EnergyHub (EHUB) system as in the
simulation tool, all of them developed in this work. In the embedded EHUB system,
functions needed to perform optimisation of parameter values are excluded.
The Python simulation tool is used to tune all parameters having bidirectional arrows in the
figure, using historical data for a given installation. This historical data will later be referred
to as the training data set. The main objective functions for the optimisation are EP and
NEP.
After finding an optimal combination of parameters, the algorithms are then implemented
in the EHUB in the actual installation and an evaluation is done based on real-time
operation.
The optimisation process consists of the following steps:
1. Set all fixed parameters (parameters with a unidirectional arrow in Table 2-1).
2. Decide a value range for all tuning parameters. Select an appropriate number of
parameter values to achieve a reasonable simulation time. The simulation time is
approximately 0.8 second per parameter permutation and month of data, when
performed on an Intel i7-4600M processor running at 2.9 MHz. Evaluating 6
months of data using the values given in Table 2-1 takes 5·3·2·1·0.8·6 =
144 seconds.
3. Choose the algorithm to evaluate. There are 4 algorithms to choose among in the
simulation tool, A1, A2a, A2b and A2c. The algorithms are described in section 2.5,
2.6, 2.7 and 2.8.
4. Run the simulation tool. Two sets of results are presented, one is based on the
objective function for highest EP and the other for highest NEP. The objective
functions are described in 2.9. Each result consists of information about chosen
parameter setup, EP, NEP and number of equivalent number of full battery cycles.
5. If the obtained parameter values are at the outer edge of the value range, repeat step
2 and 4 with a new value range.
6. To increase the accuracy, repeating step 2 and 4 with a narrower but finer grained
value range of parameters is recommended.
Table 2-1, Example of values for calculation of simulation time.
Parameter

Abbreviation

Upper threshold
Discharge constant
Lower threshold
Charge constant

𝑃𝑡ℎ_𝑑𝑖𝑠𝑐ℎ𝑔
𝑘𝑑𝑖𝑠𝑐ℎ𝑔
𝑃𝑡ℎ_𝑐ℎ𝑔
𝑘𝑐ℎ𝑔

Values evaluated Number
of
values
200 000,210 000,220 000,230 000,240 000
5
0.5,1,2
3
180 000,190 000
2
1.5
1
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Figure 2-1, Architectural framework for simulation, optimisation and control.
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Input data-sources for simulation model and algorithms
The EnergyHub system from Ferroamp consists of three major components; the EHUB,
the solar string optimiser (SSO) and the energy storage optimiser (ESO). Both the SSO and
the ESO are hardware components containing DC/DC converters and controllers to handle
the power flow between the DC grid and the PV or battery. To increase the installed power
or energy of the complete system, multiple instances of all major components as the EHUB,
SSO and ESO are possible.
One of the EHUB´s acts as a master unit for tertiary control and data acquisition of voltage,
current, power and energy associated with grid, load, inverter, PV and battery storage.
Secondary control is performed locally in every component of the system, using droopcontrol.

Figure 2-2, Schematic view of an EHUB system (with permission from
Ferroamp AB).
Figure 2-2 shows a system with 2 EHUB´s, 2 SSO´s and 2 ESO´s together with arrows
defining positive directions for current and power measurements. Table 2-2 in the next
paragraph, 2.2.1, is a subset of the measured and calculated values that can be accessed from
the local database in the master EHUB or from the cloud-based portal. The master EHUB
contains logfiles with all measured data since the unit was put into service with a temporal
resolution of 1 second and a database which stores values at a temporal resolution of 1
minute for up to 30 days. The logfiles are uploaded to the portal if there is a working internet
connection from the EHUB. Because of this, there can be momentary loss of data in the
portal. Missing data can be downloaded manually from the EHUB by Ferroamp.
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2.2.1. Power and uncertainty calculations
In Table 2-2, all measured and calculated voltage, current and power quantities used in this
work are presented together with their uncertainties.
Table 2-2, Measured and calculated quantities and uncertainties.
Name

Abbreviation Description

Line voltage, RMS
values
Grid currents,
active PEAK
values
Active grid power

u1-3

Measured values

iExtQ1-3

Measured by external current CT´s.
Complete system current.

3%

PGrid

Calculated active grid power for the
complete EHUB system.
Measured by internal current CT´s.
Individual current for each EHUB.

3%

Calculated active inverter power for
each EHUB.
Calculated active total load power.

3%

Instantaneous sum of total battery
power from all connected ESO´s
Instantaneous sum of total PV power
from all connected SSO´s

3%

Inverter currents,
active PEAK
values
Inverter power

iInvQ1-3

Load power

PLoad

Battery power

Pbatt

PV power

PPV

PInv

Uncertainty
0.5 %

3%

3%

3%

The line voltage is measured by a resistive voltage divider and an analog to digital converter
(ADC), with a total uncertainty of 0.5 %. This uncertainty value is obtained from Ferroamp.
Grid currents and inverter currents are measured with current transformers from the
company YHDC, the specifications are the same for both the internal and the external
transformer. The current transformer converts the current into an output voltage of 0 mV
to 50 mV which is then measured by the ADC and microcontroller in the EHUB. The
uncertainty of the voltage measurement is below 0.5 %. Using root sum of squares, the total
uncertainty, 𝑢𝑛𝑐𝑒𝑟𝑡tot , is calculated as:
Equation 2.1

𝑢𝑛𝑐𝑒𝑟𝑡tot = √32 + 0.52 = 3.05 %

As can be seen, the uncertainty contribution from the ADC is negligible and the value 3 %
is used in the table.
Active grid power, PGrid, is calculated as:
3

𝑃Grid = ∑ 𝑢𝑘 ∙
𝑘=1

𝑖ExtQ𝑘

Equation 2.2

√2

With the uncertainty value calculated as the root sum of squares of the relative uncertainties
for grid voltage and current. As in the previous example, which can be seen in Equation 2.1,
the uncertainty contribution from the voltage measurement is very small and the value for
the current transformer of 3 % is used as the total uncertainty.
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In the same way, each individual EHUB inverter power, PInv, can be found as:
3

𝑃Inv = ∑ 𝑢𝑘 ∙
𝑘=1

𝑖InvQ𝑘

Equation 2.3

√2

Finally, the load power, PLoad, is calculated implicitly by subtracting the power from m
inverters from the grid power, where m is the number of inverters in the installation:
𝑚

Equation 2.4

PLoad = PGrid − ∑ PInv𝑘
𝑘=1

To validate the measurements of power and energy by the EHUB system, a control is made
using invoices from the electricity and grid supplier of the test site KKC Sjöängen. The
errors are presented in Table 2-3. The uncertainty of the energy meter used by the supplier
has not been considered.
Table 2-3, Control of measurement uncertainty.
Month

December
January
February

Energy
reported
by supplier
[kWh]

59 591
60 801
55 806

Max
power
reported
by
supplier
[kW]
229.5
243.7
229.1

Energy
measured
by EHUB
system
[kWh]
58 860
60 067
55 205

Max
power
measured
by EHUB
system
[kW]
226
242
228

Error,
Energy

Error,
Max
Power

-1.2 %
-1.2 %
-1.1 %

-1.5 %
-0.7 %
-0.6 %

Comparing the errors presented in Table 2-3 with the uncertainty analysis presented in Table
2-2 shows that the measurement errors are consistent and lie well within calculated
uncertainty values. The same sensors are used during training of the algorithms as are used
during real-time operation of the EHUB control system, and it is reasonable to believe that
systematic errors are partly equalised because of this. Looking at the errors during December
to February, the errors seem to be systematic within ±0.6 %.
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Swedish electricity tariff models
The Swedish electricity tariff model is based on two separate main components; the
electricity supply tariff and the grid tariff.
The electricity supply tariff consists of the following main parts:
•
•
•
•

Price per unit of energy
Surcharges to the supplier
Certificate cost
Energy tax

While the grid supply tariff can roughly be divided into:
•
•
•
•

Yearly fee
Power fee
Fee per unit of energy
Solar production bonus per unit of energy

The models are often complicated, and the user can select between many different
agreements containing different setups of the tariff parts, this is more thoroughly discussed
in 2.3.1 and 2.3.2.

2.3.1. Electricity supply tariffs
Electricity supply is offered to customers by many authorised companies working in a
deregulated market, and the customer is free to choose supplier among these companies.
Price paid per unit of energy can be fixed during a predefined period, normally between 3
month and 3 years, or floating related to spot prices with additional surcharges. The floating
price can be with respect to hourly spot prices, or to the monthly average spot price. When
working with floating prices, the supplier charges an additional surcharge per kWh.
Electric certificates and energy taxes are always added in accordance with Swedish
regulations.
The spot prices are traded on a day-ahead market through Nordpool, a power market
generally owned by the Nordic states, and they are determined at around 13:00 for the next
day. In Sweden, the spot prices are divided into 4 different geographical regions, SE1-4 [16].
In addition to the price per unit of energy, a small monthly or yearly fee is added by the
electricity supplier.

2.3.2. Grid supply tariffs
The grid tariff does however, through the Swedish grid concession, differ from the electric
supply in one important way; the customer is forced to use the grid supplier that owns the
grid concession for the area where the building is situated.
One specific tariff model consists of a yearly fee related to the fuse size in the grid connecting
point and, in addition to this, a price per unit of energy. In this model the yearly fee is
relatively high, and this is by far the most common tariff model for single family houses.
In Sweden, one way to reduce the yearly fee is to use a power tariff model, and this model
is also the only model for higher electricity consumers. Here the yearly fee is not related to
the fuse size and in addition to the yearly fee the customer must pay a power fee related to
the highest average hourly load during each month. Some grid companies practise a model
where the mean value of the three highest average hourly loads during every month is used
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to calculate the power fee. In [6], it is shown that many countries in Europe and the US are
promoting programs to reduce peak demands in the electricity grids by introducing power
tariff fees, thereby increasing the balance between demand and generation.
The grid tariff fee per unit of energy can be uniformly distributed in time or it can be divided
into a high and a low time period. One common grid energy tariff model splits the unit of
energy fee into a high fee during working days from November to March between 6:00 and
22:00 and a low fee for all other times. In Sweden, all grid companies are demanded to
provide an energy meter capable of hourly metering, without any additional cost, if the
customer requests hourly based spot price electricity supply tariff [17].
Some grid companies offer a solar production bonus per unit of energy that is fed to the
grid from solar production. Customers who produce electricity from renewable sources, like
for example photovoltaics, can sell electric certificates. This requires an approved energy
meter directly on the renewable energy source. The certificates can be sold through agents
or directly on the certificate market.
A Swedish value added tax (VAT) of 25 % is applicable on all electricity supply and grid
tariffs, including certificates and taxes. Private persons and companies fulfilling the demands
of a “micro producer” can request tax reduction of 0.60 SEK per kWh for excess energy
sold to the grid. The most important boundary conditions are that the maximum amount of
reduction can be 18 000 SEK per year, the fuse size of the installation must not be above
100 A and that the yearly renewable energy production does not exceed the yearly energy
demand of the facility.

2.3.3. An example of grid and electricity supply agreement
In Table 2-4, an example of grid and electricity supply tariffs from KKC Sjöängen for 2018
is presented. This is the base parameter setup used in the simulations in this work, if not
stated otherwise.
Table 2-4, Grid and electricity supply agreement used in KKC Sjöängen.
Economic tariff parameter

Abbreviation

Grid energy high
Grid energy low
Grid solar bonus
Grid power fee
Supply spot price buy
Supply spot price sell
Supply surcharge buy
Supply surcharge sell
Supply certificate buy
Supply certificate sell
Energy tax buy
Energy tax sell

𝑇𝑎𝑟grid_high
𝑇𝑎𝑟grid_low
𝑇𝑎𝑟solar_bonus
𝑇𝑎𝑟grid_power
𝑇𝑎𝑟supply_spot_buy
𝑇𝑎𝑟supply_spot_sell
𝑇𝑎𝑟surcharge_buy
𝑇𝑎𝑟surcharge_sell
𝑇𝑎𝑟cert_buy
𝑇𝑎𝑟cert_sell
𝑇𝑎𝑟tax_buy
𝑇𝑎𝑟tax_sell
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Value range

Unit

0.56
0.148
0.047 04
42
+ Nordpool spot price
- Nordpool spot price
0.02
0.0456
0.0125
-0.05
0.295
-0.295

SEK/kWh
SEK/kWh
SEK/kWh
SEK/kW
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh
SEK/kWh

Battery model
The battery model used by the simulation tool developed in this work is based on an energy
balance calculation where the energy efficiency of the battery is considered constant and
independent of SOC, charging/discharging power and the ageing process of the battery. The
coulombic and voltage losses are combined and in the model only associated with the
charging process, this is done because Ferroamp has chosen to specify their battery storage
according to accessible power and energy to the DC grid. The efficiency of one charging
and discharging cycle to and from the constant voltage local DC grid is experimentally
calculated by Ferroamp to be ηchg_dischg = 94 % within the usable SOC and power range of
their battery storage. The self-discharge of the BESS is regarded negligible in the time span
where energy is being stored and thus set to zero.
Since all loads in the house and all power to and from the local AC grid are handled through
the EnergyHub, the efficiencies of the bi-directional AC/DC inverter (ηAC/DC) and the
DC/DC converter (ηDC/DC) will affect both the charge and the discharge process. The inverter
efficiency is regarded constant over the operating range and in both directions. According
to numbers received by Ferroamp, ηAC/DC = 98 % and ηDC/DC = 99 % in the EHUB system.
The model is based on discrete calculation with time interval t, each with a length of 1
minute. During time interval t, the charge or discharge energy Echg_dischg is the mean value of
the delivered charge or discharge power in Watt during this interval of 1 minute, with a
positive sign during charging. In both simulations and control algorithms, the requested
charge or discharge power is only delivered if there is enough energy left or free in the
battery, else the delivered power is reduced to a value exactly needed to reach 𝑆𝑂𝐶min and
𝑆𝑂𝐶max respectively. The unit of Echg_dischg is [W·minute]. The denominator 60 in all equations
below is for converting [W·minute] to Wh. Note that in this work, SOC is measured in Wh,
not in %.
When charging from the AC grid, the state of charge for the battery at time interval t (SOCt )
is calculated as:
𝑆𝑂𝐶𝑡 = min 𝑆𝑂𝐶max , 𝑆𝑂𝐶𝑡−1 +

𝐸chg _dischg
60

∙ 𝜂AC /DC ∙ 𝜂DC /DC ∙ 𝜂chg _dischg

Equation 2.5

Charging from the PV system, the efficiency for the AC/DC inverter vanish and Equation
2.5 can be slightly simplified:

𝑆𝑂𝐶𝑡 = min 𝑆𝑂𝐶max , 𝑆𝑂𝐶𝑡−1 +

𝐸chg _dischg
∙ 𝜂DC /DC ∙ 𝜂chg _dischg
60

Equation 2.6

while during discharging it becomes:

𝑆𝑂𝐶𝑡 = max 𝑆𝑂𝐶min , 𝑆𝑂𝐶𝑡−1 +

𝐸chg _dischg
1
∙
60
ηAC /DC ∙ ηDC /DC

Equation 2.7

In above equations, SOCmax and SOCmin are the upper and lower SOC limits for the actual
BESS, and both are set as parameters in the simulation software.
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The relationship between the amount of energy that can be cycled through a BESS during
its lifetime, and the depth of discharge during cycling, is discussed in many articles [10], [11],
[12]. The conclusions that can be drawn from these articles are not very clear and in this
work, information obtained from Ferroamp will be used; the equivalent number of full cycles
for their Li-Ion Phosphate battery is 2500 cycles regardless of depth of discharge, as long as
the operation is kept within specified SOC.
Ferroamp sells their BESS in 7.2 kWh modules at a recommended price of 60 000 SEK. The
life cycle energy then becomes 7.2 kWh · 2500 cycles = 18 000 kWh. This gives a cost of
cycled energy of 3.3 SEK/kWh, not considering any interest rate.
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PV self-consumption algorithm
To increase the self-consumption of PV produced electric energy, unused PV energy can be
stored in the BESS and used when the PV production is lower than the load. The NEP can
be written as:
𝑁𝐸𝑃PV _Self = 𝐶𝑎𝑝utilized ∙ (𝑇𝑎𝑟buy + 𝑇𝑎𝑟sell − 𝐶𝑜𝑠𝑡losses − 𝐶𝑜𝑠𝑡kWh _BESS )

Equation 2.8

where
𝑇𝑎𝑟buy = 𝑇𝑎𝑟supply_spot_buy + 𝑇𝑎𝑟surcharge_buy + 𝑇𝑎𝑟grid + 𝑇𝑎𝑟cert_buy
+ 𝑇𝑎𝑟tax_buy

Equation 2.9

and
𝑇𝑎𝑟𝑠ell = 𝑇𝑎𝑟supply_spot_sell + 𝑇𝑎𝑟surcharge_sell + 𝑇𝑎𝑟grid_solar + 𝑇𝑎𝑟cert_sell
+ 𝑇𝑎𝑟tax_buy

Equation 2.10

In Equation 2.8, 𝐶𝑎𝑝utilised is the utilised capacity during the observed time and 𝐶𝑜𝑠𝑡losses is
the cost per kWh of cycled energy due to efficiency losses in the inverter, DC/DC converter
and battery charging and discharging process. 𝐶𝑜𝑠𝑡kWh_BESS is the cost per kWh of utilising
the battery for storage of energy, explained in 2.4, Battery model. 𝑇𝑎𝑟grid is equal to 𝑇𝑎𝑟grid_high
or 𝑇𝑎𝑟grid_low , depending on the time. 𝐶𝑜𝑠𝑡losses can be shown to be in the order of 1-2 % of
𝐶𝑜𝑠𝑡kWh_BESS , using the boundary conditions in the base case, and therefor 𝐶𝑜𝑠𝑡losses will
further be neglected.
Studying PV self-consumption and TOU bill management as fully separated services, the
spot price can be considered constant in the PV self-consumption case. Then
𝑇𝑎𝑟supply_spot_sell = − 𝑇𝑎𝑟supply_spot_buy and since 𝑇𝑎𝑟tax_sell = − 𝑇𝑎𝑟tax_buy , the terms 𝑇𝑎𝑟buy +
𝑇𝑎𝑟sell in Equation 2.8 can then be written as:
𝑇𝑎𝑟buy + 𝑇𝑎𝑟sell = 𝑇𝑎𝑟surcharge_buy + 𝑇𝑎𝑟surcharge_sell + 𝑇𝑎𝑟grid + 𝑇𝑎𝑟grid_solar
+ 𝑇𝑎𝑟cert_buy + 𝑇𝑎𝑟cert_sell

Equation 2.11

Combining Equation 2.8 with Equation 2.11, and neglecting 𝐶𝑜𝑠𝑡losses , the NEP of PV
self-consumption can then be estimate to:
𝑁𝐸𝑃PV_Self_Est = 𝐶𝑎𝑝utilised
∙ (𝑇𝑎𝑟surcharge_buy + 𝑇𝑎𝑟surcharge_sell + 𝑇𝑎𝑟grid + 𝑇𝑎𝑟grid_solar
+ 𝑇𝑎𝑟cert_buy + 𝑇𝑎𝑟cert_sell − 𝐶𝑜𝑠𝑡kWh_BESS )

Equation 2.12

To reach a positive NEP in Equation 2.12, the term 𝑇𝑎𝑟surcharge_buy + 𝑇𝑎𝑟surcharge_sell +
𝑇𝑎𝑟grid + 𝑇𝑎𝑟grid_solar + 𝑇𝑎𝑟cert_buy + 𝑇𝑎𝑟cert_sell must be greater then 𝐶𝑜𝑠𝑡𝑘𝑊ℎ_𝐵𝐸𝑆𝑆 . Using the
economic boundary conditions in the case study, it is shown in 4.1.6 that the economic gain
will only cover about 5.5 % of the cost during low grid tariff time. This is the time of the
year where most of the energy produced by the PV is collected.
As a conclusion of this, PV self-consumption will not be considered in the combining
algorithm in this work.
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Demand charge reduction algorithm
The peak reduction achieved from a BESS is dependent of the load profile and is limited by
the rated power and energy storage of the BESS. For a constant load, it is obvious that there
can be no peak reduction. For a load profile known in advance, or that can be well predicted,
there is existing literature that describes how to calculate the optimal storage size and control
strategy [6], [10], [12]. When the prediction error increases, the task for the controller
becomes more complicated and solutions using fuzzy logic and probability calculations have
been proposed [7].
In this work, three algorithms, A2a, A2b and A2c are proposed that predict the current clock
hour energy consumption on basis of short time load history. These algorithms are evaluated
against a fixed-threshold controller, named A1, and the algorithm currently being used by
Ferroamp, A0.
The algorithms work on a one-minute interval with four steps summarised in Table 2-5.
Table 2-5, Four steps used by the DCR algorithm.
Algorithm step

Explained
in
2.6.1
2.6.2

Input data

Calculate delivered
power

2.6.3

𝑃desired

Calculate new SOC

2.6.4

𝑃delivered , 𝑆𝑂𝐶𝑡−1

Load prediction
Calculate desired
power

𝑃load
𝑃predicted

Parameter used by
algorithm
Tmov_wind_size, Tswap
Pth_chg, kchg,
Pth_dischg, kdischg,
Pbatt_max,
Tmov_wind_size, Tswap
SOCmin, SOCmax,
ηDC/DC, ηAC/DC,
ηchg_dischg
ηDC/DC, ηAC/DC,
ηchg_dischg

Output
data
𝑃predicted
𝑃desired

𝑃delivered
𝑆𝑂𝐶𝑡

The input to all algorithms is the load data measured by the EHUB system. In simulation
mode, the data is collected from the web-based Ferroamp Portal, while when the algorithms
are running in real-time on the embedded controller, the input load data is retrieved directly
from the EHUB system.
In algorithm A1, only the momentary load is needed, while all A2 algorithms need historical
load data one to two hours back in time, with a temporal resolution of 1 minute.
The first step, load prediction, is only used by algorithms A2a, A2b and A2c. In algorithm
A1, only the momentary load is used to calculate the desired power to or from the battery.
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2.6.1. Load prediction
In algorithms A2a, A2b and A2c, this step calculates hourly load prediction, 𝑃predicted , for
the actual clock-hour. As an example of a clock-hour, the first afternoon clock-hour is from
12:00 to 12:59.
In algorithm A2a, the prediction is done by extrapolating the hourly average power based
on the mean value from t = 0 to t = x for every x in the current clock hour. Figure 2-3 shows
an example at t = 20 min, where the first 20 minutes of load in the actual clock hour is used
to calculate the predicted average load of this hour to approximately 230 kW.

Figure 2-3, Prediction of hourly average load for the actual clock hour, algorithm A2a.
While in algorithm A2b, the prediction is done by extrapolating the hourly energy based on
a moving average from t = x - W to t = x for every x in current clock hour, where W is the
moving average window size, 𝑇mov_wind_size . Figure 2-4 shows an example where a window of
10 minutes of load in the actual clock hour is used to calculate the predicted average load of
this hour to approximately 280 kW.

Figure 2-4, Prediction of hourly average load for the actual clock hour, algorithm A2b.
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A2c is a combination of A2a and A2b, where A2a is used in the beginning of the clock hour
and A2b in the rest of the clock hour. 𝑇swap set the time where algorithm A2a is replaced by
A2b.

2.6.2. Calculate desired power
In this step, the desired power, 𝑃desired , to or from the battery storage is calculated using
Equation 2.13. This is done based on the predicted load, 𝑃predicted , from the previous step.
In algorithm A1, the actual load, 𝑃load , is used instead of the predicted load.

𝑃desired
𝑚𝑖𝑛(𝑃batt_max , 𝑘chg ∙ (𝑃th_chg − 𝑃predicted ) )
𝑖𝑓
= {− 𝑚𝑖𝑛(𝑃batt_max , 𝑘dischg ∙ (𝑃predicted − 𝑃th_dischg ) ) 𝑖𝑓

𝑃predicted < 𝑃th_chg
𝑃predicted > 𝑃th_dischg

Equation 2.13

0 𝑒𝑙𝑠𝑒

2.6.3. Calculate delivered power
The delivered power, 𝑃delivered , equals the desired power as long as the BESS is not reaching
the SOC limits during next one-minute timestep. In case the limit will be reached in the next
timestep, the power is reduced so that the BESS will exactly reach the limit within the next
timestep. This is explained more in detail in the section about the battery model, 2.4.

2.6.4. Calculate new SOC
The new SOC is calculated in accordance with battery model presented in section 2.4.
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Time-of-use bill management algorithm
The use of a BESS to gain economically by charging the battery at a time of the day when
the electricity price is low, and then discharging the battery at a time of the day when the
electricity price is high, is called TOU bill management.
The viability depends on many factors, including variable and fixed costs of the BESS, highand low time electricity price, high and low time grid tariffs, battery round-trip efficiency
and inverter efficiency.
In addition to these more obvious factors, the viability will also be affected by more complex
aspects. For example if discharge at high price will change the system from a consuming to
a producing system at any time, or charging at low price in combination with PV production
will change the system from a producing system to a consuming system. Finally, the use of
the BESS for TOU bill management might affect other services such as for example peak
reduction or back-up power service in case of a blackout. This conflict can occur both in a
short timespan such as one day or one load cycle but also on a long-time horizon if the total
number of cycles are a limiting factor for the BESS in question.
Excluding the complex aspects mentioned above, it is possible to set up a mathematical
model to calculate the profit using the BESS for TOU bill management. The model is based
on an article by Dufo-López [10] with some simplifications; the complete charging process
is expected to take place during the lowest price hour of the day and the complete
discharging process during the highest price hour, making the control strategy easier to
implement. This is an acceptable simplification if the rated power output of the BESS is in
the same order as the rated capacity, resulting in charging- and discharging times in the order
of one hour.
With 𝑇𝑎𝑟el_high (𝑑) and 𝑇𝑎𝑟el_low (𝑑) denoting the maximum respectively minimum electricity
cost per kWh for the day d including electricity price, grid tariff, energy tax and electric
certificates, 𝐶𝑜𝑠𝑡kWh_BESS the net present cost per kWh for the BESS and 𝐶𝑎𝑝utilised (𝑑) the
utilised capacity during the day d, the NEP for a period of k days can be written as:
𝑘

𝑁𝐸𝑃TO U = ∑ 𝜃𝑑 · 𝐶𝑎𝑝utilized (𝑑) ∙

𝑇𝑎𝑟el _high (𝑑) −

𝑑=1

𝑇𝑎𝑟el _low (𝑑)

ηround_trip

− 𝐶𝑜𝑠𝑡kWh _BESS

Equation 2.14

where

𝜃𝑑 = {

1

𝑖𝑓

𝑇𝑎𝑟el_high (𝑑) −

𝑇𝑎𝑟el_low (𝑑)

ηround_trip

−

𝐶kWhBESS > 0

Equation 2.15

0 𝑒𝑙𝑠𝑒

and
Equation 2.16

ηround _trip = 𝜂𝐴𝐶/𝐷𝐶 ∙ 𝜂𝐷𝐶/𝐷𝐶 ∙ 𝜂𝑐ℎ𝑔_𝑑𝑖𝑠𝑐 ℎ𝑔
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Combining strategy
In this work, a combination of DCR and TOU bill management is proposed where charging
of the battery is prohibited during a fixed time of the day. By deferring the charging from
daytime, where the price of electricity and grid tariff is often higher, to the following evening
or night, a gain can be obtained without having to include an additional cost per kWh for
utilisation of the BESS. A prerequisite for this approach is that the electricity peak hours
occur during high cost time of the electricity price. The major drawback is the risk of not
being prepared for a long duration peak taking place after the time when charging is being
prohibited. Another drawback is the lack of energy in case of a power outage occurring
before the battery is recharged, this service is not considered in this work but can still be an
important service for many users.
By practical means, while coding in Python, instead of prohibiting charging an approach
where time of allowed charging is used. The parameters 𝑇chg_start and 𝑇chg_stop represents the
number of minutes after midnight in between which charging is allowed.

[W], [Wh]

Figure 2-5 shows an example where the charging is allowed between 2:00 and 11:30, or
𝑇chg_start = 120 𝑚𝑖𝑛 and 𝑇chg_stop = 690 𝑚𝑖𝑛 . Battery SOC is just around 25 kWh, or 50 % at
11:30 but the battery charging is deferred until 02:00 next morning. Notice the short charging
peak just before 9 in the morning, visible as a positive peak at the green curve. The red
curves show the SOC of the battery. Also visible in the figure are the load power and the
power seen by the grid, both shown in minute resolution (labelled ‘Load’ and ‘Grid’) and in
hourly average values (labelled ‘Load Hour Avg’ and ‘Grid AVG’). The hourly average grid
power is used by the grid and energy suppliers to calculate billing costs. Finally, a small
portion of PV production can be seen between 8:00 and 15:00, labelled ’pvp’.

Figure 2-5, Combining DCR and TOU by deferred charging.
Optimal values for 𝑇chg_start and 𝑇chg_stop is found through simulation over a range of values
by the Python simulator, finding the maximum EP and NEP.
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Main objective functions
Two main objective functions are used in this work, EP and NEP. Both are achieved by
comparing the total grid, electricity and BESS costs for a system containing a BESS with the
costs using a system without a BESS. The calculations for EP does not take cost of the BESS
into account, while the NEP is calculated using a flat rate cost per kWh cycled energy
through the battery. Since DCR in Sweden is measured on a monthly basis, the calculation
must be done for complete months. The preferred objective function would of course be to
use only the NEP and thereby include the cost of the battery in the optimisation process,
but this turns out to be an inadequate objective function for optimisation and is used mostly
to give the reader a picture of the problems often reported about the economic viability of
battery storage [5], [7], [10], [11], [12].
Starting with the NEP, this is calculated with the following set of formulas:
Equation 2.17

𝑁𝐸𝑃 = 𝐶𝑜𝑠𝑡NoBESS − 𝐶𝑜𝑠𝑡WithBESS

where
𝑗

𝐶𝑜𝑠𝑡NoBESS = ∑ 𝑃max,𝑚 ∙ 𝑇𝑎𝑟grid_power
𝑚=0

Equation 2.18

𝑘

+ ∑(𝜃𝑡 ∙ 𝑃𝑡 ∙ 𝑇𝑎𝑟buy,𝑡 − 𝜃̅𝑡 ∙ 𝑃𝑡 ∙ 𝑇𝑎𝑟sell,𝑡 )
𝑡=0

and
𝑗

𝐶𝑜𝑠𝑡WithBESS = ∑ 𝑃max,𝑚 ∙ 𝑇𝑎𝑟grid_power
𝑚=0

𝑘

Equation 2.19

+ ∑(𝜃𝑡 ∙ 𝑃𝑡 ∙ 𝑇𝑎𝑟buy,𝑡 − 𝜃̅𝑡 ∙ 𝑃𝑡 ∙ 𝑇𝑎𝑟sell,𝑡 )
𝑡=0

+ 𝐸cycled ∙ 𝐶𝑜𝑠𝑡kWh_BESS

In above formulas, hours with net production is distinguished with a step-function 𝜃:
1 𝑖𝑓 𝑃𝑡 > 0
𝜃𝑡 = {
0 𝑖𝑓 𝑃𝑡 ≤ 0

0 𝑖𝑓 𝜃𝑡 = 1
and 𝜃̅𝑡 = {
1 𝑖𝑓 𝜃𝑡 = 0

Equation 2.20

Here, the NEP is calculated for a period of j complete month with a total of k hours. 𝐸cycled
is the total amount of energy in kWh cycled during the current period. 𝑃𝑡 is the hourly mean
grid power for hour t and 𝑃max,𝑚 is the monthly maximum of all hourly mean grid power
values during month m. 𝑇𝑎𝑟sell,𝑡 and 𝑇𝑎𝑟buy,𝑡 is the total price for buying electricity during
hour t and is calculated in accordance with Equation 2.9 and Equation 2.10.
Observe that 𝑃max,𝑚 and 𝑃𝑡 differs in Equation 2.18 and Equation 2.19, this difference is the
origin of the EP.
Finally, by excluding the last term in Equation 2.19, 𝐸cycled ∙ 𝐶𝑜𝑠𝑡kWh_BESS, Equation 2.17 turns
to a calculation of the EP.
Both the NEP and the EP will later be used to evaluate the algorithms and discuss the
results.
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3 Case study, KKC Sjöängen
Sjöängen KKC is a combined conference centre, library, restaurant and cultural house built
by the municipality of Askersund. It is equipped with a PV-generator of 100 kW peak
consisting of 3 PV-fields pointing south, east and west, all with a slope of 15°. PV selfconsumption was 100 % during October 2017 to March 2018 and during working days all
year around. The PV panels are connected to an EHUB system from Ferroamp containing
15 SSO´s and 7 ESO´s. Maximum battery power is 42 kW and usable storage capacity is
50.4 kWh. The installation of PV and BESS is a pilot project by Vattenfall Eldistribution
AB, the Municipality of Askersund and Sustainable Innovation AB, and built with a
pronounced endeavour to gain experience and make conclusions about suitable technical
solutions and control strategies for battery storage systems. The goal of the project is to
promote renewable energy solutions and to reduce peak loads.

Photo 1, Main entrance of KKC Sjöängen. With permission from the Municipality of
Askersund.
Photographer: Per Knutsson

Photo 2, Section of PV field pointing south. With permission from the Municipality of
Askersund.
Photographer: Per Knutsson
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Figure 3-1 shows the load and PV profile on an hourly basis for the month of March 2018.
Load is the blue line labelled ‘Consumption’ and the yellow line shows the PV production.
Week-day hourly peak load is between 200 kW and 268 kW. In week days, the restaurant
cooks for catering. Last week of March is the Easter vacation week. The data set used in this
work extends from 1st October 2017 to 31st March 2018, and during this time no seasonal
variation can be observed. Peak loads occur randomly between 08:00 and 13:00. The random
distribution can clearly be observed in Figure 3-2.
To find the possibilities of predicting next day load, multiple linear regression has been used
with the following explanatory variables: day of week, working day/holiday and clock hour.
Using a training dataset of October to November, the prediction error for hourly peak loads
in December is in the order of 50 kW. This concludes, what can easily be seen by examining
the load profile visually, that day ahead prediction cannot be used for DCR with a BESS of
this size since the accessible power and capacity is less than the prediction error.

Figure 3-1 KKC, Sjöängen. Load and PV profile, March 2018.

Figure 3-2 KKC, Sjöängen. Load and PV profile, second week in March 2018.
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Figure 3-3, showing load profile on a one-minute temporal resolution, gives an example of
the load pattern during three consecutive days. Worth noting is the big variation in the load
even during peak time of the day. Around 9:00, 15 March, the load drops from 290 kW to
130 kW in less than 30 minutes.

Figure 3-3 KKC, Sjöängen. Load and PV profile, 14-16 March 2018. One-minute temporal resolution.

25

Boundary conditions
Beside economic boundary conditions mentioned in Table 2-4, technical boundary
conditions used in the experiments performed with the model are shown in Table 3-1. State
of charge values given by Ferroamp AB are the useful capacity of the BESS including safety
margins, the actual battery capacity is slightly higher but not possible to utilise through the
control system of the ESO.
Table 3-1, Boundary conditions used in base case.
Parameter

Abbreviation

Inverter efficiency
DC/DC efficiency
Battery charging cycle efficiency
Max battery power
Min state of charge
Max state of charge

𝜂AC/DC

Cost per kWh of cycled energy in BESS

𝐶𝑜𝑠𝑡kWh_BESS

Value range

Unit

0.98
0.99
0.94
42 000
0
50 400

W
Wh
Wh

3.3

SEK/kWh

𝜂DC/DC
𝜂chg_dischg
𝑃batt_max
𝑆𝑂𝐶min
𝑆𝑂𝐶max

List of experiments performed with the model
In Chapter 4, many experiments have been performed on historical data from 1st October
2017 to 31st March 2018, downloaded from the site KKC Sjöängen. This has been done to
optimise parameters and evaluate four different combined control strategies, and to compare
them against the control strategy currently used by Ferroamp. In Table 3-2, a list of the
performed experiments is presented.
Table 3-2, List of performed experiments.
Type of experiment
Optimisation for base case

Experiments performed
•
•

Economic boundary
conditions sensitivity
analysis

•
•
•
•

Algorithm parameters
sensitivity analysis

•
•

Length of training data set

•

Optimisation of parameters and evaluation
of EP for October 2017 to March 2018.
Comparison of algorithms A0, A1, A2a, A2b
and A2c.
Analysis of the origin of EP.
Complete optimisation on a new set of
economic boundary conditions.
Analysing influence from individual
economic parameters.
Finding economic boundary conditions that
would result in economic viability.
Finding and analysing the most important
algorithm parameters.
Search of correlation between algorithm
parameters.
Optimisation of parameters on shorter
training data set and evaluation of EP for
October 2017 to March 2018.
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Section
4.1

4.2

4.3

4.4

4 Results and discussion
Optimisation for base case
4.1.1. Range of parameters
Table 4-1 is an overview of all parameters and ranges that have been evaluated using the
simulation tool. The process included an iterative process going from coarse to fine grained
resolution of the value ranges, this was done to keep the number of permutations below
1000 in each simulation. The values for 𝑇chg_start and 𝑇chg_stop have been optimised in a
separate process following the main optimisation process.
Table 4-1, Evaluated parameter ranges for KKC Sjöängen.
Parameter

Abbreviation

Value range

Unit

Upper threshold
Discharge constant
Lower threshold
Charge constant
Moving average window size
Swap time

𝑃𝑡ℎ_𝑑𝑖𝑠𝑐ℎ𝑔

195 000 – 250 000
0.5 - 3
150 000 - 190 000
0.5 - 3
0 - 60
0 - 59

W
W
min
min

Start time for allowing charge of BESS,
minutes since midnight
Stop time for allowing charge of BESS,
minutes since midnight

𝑇chg_start

60

min

𝑇chg_stop

510

min

𝑘𝑑𝑖𝑠𝑐ℎ𝑔
𝑃𝑡ℎ_𝑐ℎ𝑔
𝑘𝑐ℎ𝑔
𝑇𝑚𝑜𝑣_𝑤𝑖𝑛𝑑_𝑠𝑖𝑧𝑒
𝑇swap

4.1.2. Comparison of results
In Table 4-2, the results are presented for all algorithms with parameter setups optimised
for EP and NEP. The optimal parameter setups are presented in Table 4-3. Locking at the
results, it is important to notice that the time span of the simulation is 6 months. Assuming
an economic depreciation time of 10 years, during this period of 6 months, the accessible
equivalent full charging cycles is 125 and the EP would have to be 21 000 SEK. It is worth
noting that not even the most optimal algorithm can reach a utilisation or an EP close to
those values.
Table 4-2, Optimisation results for KKC Sjöängen, October 2017 to Mars 2018.
Algorithm

A0
A1
A1
A2a
A2a
A2b
A2b
A2c
A2c

Optimised
for

Parameter
setup

EP
[SEK]

-

1800
5800
2600
6000
3300
7400
2800
7700
3000

EP
NEP
EP
NEP
EP
NEP
EP
NEP

1
2
3
4
5
6
7
8
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Cost of
battery
usage
[SEK]
13 000
12 100
3000
9900
2800
9400
1900
9400
2100

NEP Equivalent
[SEK] number of
battery
cycles
-11 200
78
-6300
73
-400
18
-3900
59
500
17
-2000
56
900
10
-1700
56
900
13

Table 4-3, Optimal parameter setups for KKC Sjöängen.
Parameter
setup
1
2
3
4
5
6
7
8

Pth_dischg

kdischg

Pth_chg

kchg

Tmov_wind_size

Tswap

𝑻𝒄𝒉𝒈_𝒔𝒕𝒂𝒓𝒕

𝑻𝒄𝒉𝒈_𝒔𝒕𝒐𝒑

225 000
250 000
220 000
235 000
220 000
240 000
220 000
235 000

1.75
1
2.25
1
1.5
1.25
1.5
1

155 000
160 000
180 000
175 000
185 000
185 000
185 000
185 000

1.75
2
2
1.75
1.5
1.5
1.5
1.5

12
25
15
30

10
5

60
60
60
60
60
60
60
60

510
510
510
510
510
510
510
510

4.1.3. 2-dimentional representation of results
Presenting the results in a 2-dimentional representation, Figure 4-1 clearly shows the
difference between optimising for EP or NEP. Optimising the algorithms for NEP can, in
the case of algorithms A2a to A2c, generate a small positive NEP, but at the cost of very
low utilisation of the BESS. Continuing this service during the complete lifetime of the BESS
will utilise 10 % of the usable cycle range and will only generate an EP covering 14 % of the
investment costs for the BESS.
If the algorithms are instead optimised on EP, the utilisation increases to 45 % and the
investment coverage to 36 %. At a first glance, this looks like a bad solution, running the
BESS at a negative NEP. But if the investment is already taken, as in this case study, it will
reduce the economic losses to its minimum and still give the user a possibility to add more
services to the BESS in the future, utilising the remaining 55 % of the accessible cycles of
the battery.

Net Economic Profit [SEK]

All new algorithms greatly outrun the original algorithm A0, currently used by Ferroamp
AB, in both NEP and EP. Using algorithm A0, the utilisation of the BESS is as high as 62 %
but the EP only covers 9 % of the investment costs.

2000
0
-2000 0
-4000

1000

2000

3000

4000

5000

6000

7000

Optimised for Net Economic Profit

-6000
-8000
-10000

Original Algorithm

-12000

Optimised for Economic Profit

Economic Profit [SEK]
A0

A1

A2a

A2b

A2c

Figure 4-1, 2-dimentional representation of optimisation results for KKC Sjöängen.
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8000

4.1.4. Detailed examples of algorithms in work
Analysing the behaviour of the algorithm in detail, three graphs from the simulation of
algorithm A2c with parameter setup 7 (optimised for EP) is presented. Starting with Figure
4-2, a week in December where the algorithm works as intended cutting peaks from 242 kW
to 220 kW. Notice that on the 4th of December, just after the first peak, the battery is
charged for a short time.

Figure 4-2, Week in December 2017where A2c works well.

16th January, seen in Figure 4-3, is on the other hand a day where the load pattern in the
building effectively prevents an optimal peak reduction due to lack of energy capacity of the
BESS. Between 9:00 and 10:00 the load peak is 235 kW and this peak is easily reduced to
215 kW. Between 10:00 and 11:00 the situation is almost the same, a 236-kW peak is reduced
to 214 kW. Unfortunately, the load keeps on increasing and shortly after 11:00 the battery is
empty and the load peak of 247 kW between 11:00 and 12:00 can hardly be reduced at all.
The remaining peak of 243 kW sets the power tariff for the month of January, reduced only
by 4 kW. If the upper threshold had been set to a higher value than 220 kW, the peak
reduction between 9:00 and 11:00 had been decreased but there had still been energy left in
the battery to reduce the last peak between 11:00 and 12:00. Optimal value of 220 kW was
found when optimising on a training data set of 6 month. This is the only day during these
6 months where the peak load had such long duration. However, the earnings from the other
5 months outvalues the failure during this day in January.

Figure 4-3, A day in January 2018 where A2c fails.
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In Figure 4-4, the algorithms are examined in work by viewing a couple of hours on the 29th
of January, including the load and grid power with a temporal resolution of one minute.
Here it can be seen that before 10:00, the algorithm senses the low forecast for the hour of
9:00 to 10:00, thus avoiding discharging the battery despite the increase in load just before
10:00. As soon as the new hour starts, the battery is discharged due to the high load and this
continues until approximately 10:35. The peak is reduced from 236 kW to 214 kW.

Figure 4-4, Day in January showing algorithm A2c in work.

[W], [Wh]

Finally, the difference using NEP and EP as the objective function is presented in Figure
4-5. On the 5th of December, the peak reduction is affected significantly, seen by the brown
curve showing the grid power optimised for NEP, compared to the green curve optimised
for EP. Instead of the peak reduction from 242 kW to 220 kW obtained by the algorithm
optimised for EP, the peak reduction is only from 242 kW to 232 kW with parameter setup
optimised for NEP. The reason is that when optimising for NEP, because of the high cost
of utilising the battery, the parameter setup makes the algorithm much more cautious about
when to deliver power for peak reduction. The curves for SOC shows this clearly, the blue
curve showing SOC with EP dips much lower than the red curve showing SOC with NEP,
indicating a higher power output with the EP-optimised parameter setup.

Figure 4-5, Comparison between optimisation for EP and NEP, week in December 2107.
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4.1.5. Origin of the economic benefits
Splitting up the origin of profit in the combined algorithm A2c clearly shows that the main
part of the profit originates from the power reduction by DCR. As mentioned in chapter
2.8, TOU bill management in the combined algorithm is only based on deferral of charging.
This is the reason why the EP caused by TOU bill management is relatively low and has a
positive NEP. The battery is never actively discharged, so there is no additional cost
associated with the use of the battery. All TOU bill management profit is because of the
deferred charging, to a time of the day where the electricity and grid costs are lower.
The numbers are shown in Table 4-4, and in 2-dimentional representation in Figure 4-6.
Table 4-4, Profit from DCR and TOU in the combined algorithm A2c.
Origin of profit

EP
[SEK]
7700
6300
1400

Combined algorithm
From DCR
From TOU used in combined algorithm

NEP
[SEK]
-1700
-3100
1400

Figure 4-6, 2-dimentional representation of profits from DCR, TOU and combined algorithm.
It will later be shown, see Figure 4-10, Sensitivity analysis on three individual selected
economic parameters, that the grid power tariff is the most sensitive parameter in the
economic parameter set.

4.1.6. Economic benefit from PV self-consumption
Excluding 𝐶𝑜𝑠𝑡kWh_BESS from Equation 2.12, and by inserting the economic boundary
conditions for the base case given in section 2.3.3, it can be seen that the EP from PV selfconsumption is only 0.18 SEK/kWh for energy deferral when the BESS is used between
1st April to 31st October. This is the time when most of the energy produced by the PV has
its origin. Comparing this value with the cost of cycling the energy in the BESS, in the base
case 3.3 SEK/kWh, it is clear that this low profit will not make the use of the BESS for PV
self-consumption economically viable now or in the near future. This result is well in
conjunction with conclusions made by Merei et al. in an article about PV self-consumption
and PV-battery systems [5].
An interesting question is whether PV self-consumption could be said to have any end in
itself or if it is better to let the economic mechanisms of TOU bill management decide when
to consume the produced PV energy on site and when to sell it via the grid.
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4.1.7. Combined algorithm with additional TOU utilisation
Since the installation used for the case study does not need any DCR after 13:00, there is
space for using the remaining energy in the battery for energy deferral, utilising the difference
in electricity and grid prices between the day and the morning hours next day, which are
usually lower. A simulation has been performed where day-ahead spot price data have been
used to decide whether to discharge the battery after 13:00, if the difference in spot price
exceed a specific value between 0.2 SEK/kWh and 0.7 SEK/kWh. All boundary conditions
have been as per the base case, and the algorithm is based on A2c, only adding additionally
TOU bill management utilisation after 13:00.
Figure 4-7 shows the same week as in Figure 4-2, with differences marked with black ovals,
where the algorithm has chosen to discharge the battery fully due to high enough difference
between the price that day and the price in the next morning where the charging takes place,
in this example the setting was 0.4 SEK/kWh. In the second day of this week, the DCR
algorithm fully utilises the battery because of a high peak load, and there is no energy left
for TOU bill management. This is a typical conflict between different strategies discussed in
1.3.4, and can also be seen in a case study by Zhang et al. [12].
In the two last days of the week, the price difference is not big enough to discharge the
battery fully.

Figure 4-7, Same week in December as shown before, here with additional TOU.
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Simulations have been done with settings between 0.2 SEK/kWh and 0.7 SEK/kWh for
the difference where discharging takes place and the results are presented in Table 4-5 and
Figure 4-8.

Table 4-5, Simulation results with additional TOU.
Additional TOU setting

EP
[SEK]

NEP
[SEK]

Base case (only TOU by deferred charging)
Additional TOU when difference > 0.7 SEK/kWh
Additional TOU when difference > 0.6 SEK/kWh
Additional TOU when difference > 0.5 SEK/kWh
Additional TOU when difference > 0.4 SEK/kWh
Additional TOU when difference > 0.3 SEK/kWh
Additional TOU when difference > 0.2 SEK/kWh

7700
7900
8100
8300
8500
8800
8900

-1700
-2400
-4000
-5700
-10 500
-19 400
-25 100

Equivalent
number of
battery cycles
56
62
72
84
114
170
204

Figure 4-8, 2-dimentional representation of profits arising from additional TOU.

As mentioned in 4.1.2, assuming an economic depreciation time of 10 years, there is a
limitation of 125 equivalent number of full cycles. It would be possible to run algorithm A2c
with an additional TOU bill management utilisation based on a threshold of 0.4 SEK/kWh
for deciding when to discharge the batter after 13:00, and thereby increase the EP to 8500
SEK/6 months, or 41 % of the investment costs for the BESS. This would greatly affect
the possibilities to use the battery in a better way in the future, since the accessible number
of cycles are being used by the additional TOU utilisation at a very low NEP.
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Economic boundary conditions sensitivity analysis
To understand the influence of economic boundary conditions, a sensitivity analysis has
been performed. This analysis is divided in two parts, starting with a complete optimisation
process on a new combination of economic boundary conditions, see Table 4-6 for a list of
initial and new values. The new value for battery energy cost is selected based on the cost
for a BESS of 3000 SEK/kWh, close to the value 3500 SEK/kWh to 3900 SEK/kWh that
Ferroamp indicates will be possible in a few years. This should be compared to
8300 SEK/kWh in the base case. The value for the high cost grid energy tariff is increased
with 25 % and the power fee with 100 %. The reason to increase the power fee that much
is based on the fact that the power fee from another big Swedish grid company, E.ON
Energidistribution AB, is significantly higher than the initial value used in KKC Sjöängen,
or 95 SEK/kW [15].
After concluding that the optimal parameter setup is nearly independent of changes in the
boundary conditions, a sensitivity analysis is done on individual economic parameters, and
the most interesting results are presented and discussed.
Finally, a set of economic boundary conditions are presented that would result in economic
viability for KKC Sjöängen, and a discussion is held about this subject.
Table 4-6, New economic parameters for economic boundary condition sensitivity analysis.
Economic parameter

Abbreviation

Battery energy cost
Grid energy high
Grid power fee
Supply surcharge buy

𝐶𝑜𝑠𝑡kWh_BESS

Initial value

New value

Unit

3.3
0.56
42
0.02

1.165
0.70
84
0.22

SEK/kWh
SEK/kWh
SEK/kW
SEK/kWh

𝑇𝑎𝑟grid_high
𝑇𝑎𝑟grid_power
𝑇𝑎𝑟surcharge_buy

In the first step of the sensitivity analysis, the same procedure as in the previous chapter has
been done and the new parameter setup identifier is presented with an attached apostrophe.
The results can be seen in Table 4-7 and Figure 4-9.
Table 4-7, Results for economic boundary condition sensitivity analysis.
Algorithm

A0
A1
A1
A2a
A2a
A2b
A2b
A2c
A2c

Optimised
for

Parameter
setup

EP
[SEK]

-

4700
12 000
11 400
11 100
11 000
14 000
13 800
14 700
14 700

EP
NEP
EP
NEP
EP
NEP
EP
NEP

1’
2’
3’
4’
5’
6’
7’
8’
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Cost of
battery
usage
[SEK]
4600
4200
3200
3500
3300
3200
2900
3300
3300

NEP Equivalent
[SEK] number of
cycles
100
7800
8200
7600
7700
10 800
10 900
11 400
11 400

78
72
55
59
56
54
49
56
56

Figure 4-9, Comparison of results, presented in a 2-dimentional representation.
There are some striking observations in the result from this analysis. First, the optimal
algorithm is still A2c. Next is considering the difference between the results optimised on
NEP and EP, which has almost vanished, and another is the fact that all results have become
positive looking at the NEP. The reason for this can be found when looking at Table 4-8,
Comparison of the optimal parameter setups. The parameter setup optimised for EP is now
very close to the parameter setup optimised for NEP, indicating that the algorithms are only
working to improve the balance between when to utilise the energy in the battery and when
to save the energy for future use. The algorithms do not have to take the economical
boundary conditions into account, independently of the chosen objective function.
Table 4-8, Comparison of the optimal parameter setups.
Parameter
setup
1’
1
2’
2
3’
3
4’
4
5’
5
6’
6
7’
7
8’
8

Pth_dischg

kdischg

Pth_chg

225 000
225 000
235 000
250 000
220 000
220 000
222 000
235 000
220 000
220 000
224 000
240 000
218 000
220 000
218 000
235 000

1.75
1.75
2.25
1
2.25
2.25
2.5
1
1.5
1.5
1.75
1.25
1.25
1.5
1.25
1

155 000
155 000
160 000
160 000
180 000
180 000
180 000
175 000
180 000
185 000
180 000
185 000
185 000
185 000
185 000
185 000

kchg Tmov_wind_size Tswap 𝑻𝒄𝒉𝒈_𝒔𝒕𝒂𝒓𝒕
1.75
1.75
2
2
2
2
1.75
1.75
1.25
1.5
1.25
1.5
1.5
1.5
1.5
1.5

35

15
12
15
25
14
15
14
30

10
10
10
5

60
60
60
60
60
60
60
60
60
60
60
60
60
60
60
60

𝑻𝒄𝒉𝒈_𝒔𝒕𝒐𝒑

510
510
510
510
510
510
510
510
510
510
510
510
510
510
510
510

Looking at the parameter setups optimal for algorithm A2c, 7 and 7’, optimised for the initial
and new economic boundary conditions respectively, they are very similar. To evaluate the
difference, both parameter setups have been simulated using the initial economical boundary
conditions and the result is presented in Table 4-9. The deviation is far below the uncertainty
level and the conclusion is that the same parameter settings can be used independently of
the economic boundary conditions.
Table 4-9, Evaluation of new parameter setup on initial economic boundary conditions.
Algorithm

Economic Optimised Parameter
boundary for
setup
conditions

EP
[SEK]

A2c
A2c

Initial
Initial

7700
7700

EP
EP

7’
7

Cost of
battery
usage
[SEK]
9400
9400

NEP Equivalent
[SEK] number of
cycles
-1700
-1700

56.2
56.2

This is an important finding that can be used to evaluate the influence of the economic
parameters one by one. Examining the effect of all economic parameters, and choosing the
three that have the greatest impact on the economically viability (cost of battery, grid and
power tariff), gives a result shown in Figure 4-10. The battery cost used in the analyse ranges
from 0.8 SEK/kWh to 3.3 SEK/kWh, corresponding to an investment cost of
approximately 2000 SEK/kWh to 8000 SEK/kWh and a maximum of 2500 usable full
cycles. The grid and power tariff ranges are explained in the figure.

Figure 4-10, Sensitivity analysis on three individual selected economic parameters.
The single economic parameter that mostly affects the economic viability of the installation
is the grid power tariff, while the battery cost only affects the NEP. To reach the point where
the installation would be economic viable, considering an economic depreciation time of 10
years for the BESS, the EP must at least exceed 21 000 SEK during this period of 6 month,
based on an investment cost of 410 000 SEK and a depreciation time of 10 years without
taking the interest rate into account.
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It can easily be seen that a decrease in battery cost will never make this installation profitable,
it will only increase the NEP up to the limit of EP which is 7600 SEK. This is because the
algorithms are already optimised on maximising EP without taking the cost of the battery
into account. The only way to increase the profit is to increase the income, and this can only
be done by changing the economic boundary conditions of the grid and electricity supply
costs.
To exemplify a situation where economic viability occurs, a simulation with a change in two
economic boundary conditions listed in Table 4-10 have been executed.
Table 4-10, Changed economic boundary conditions for economic viability.
Economic parameter

Abbreviation

Grid energy high
Grid power fee

𝑇𝑎𝑟grid_high
𝑇𝑎𝑟grid_power

Value

Unit

0.79
125

SEK/kWh
SEK/kW

An EP of 21 100 SEK is achieved together with a NEP of 11 800 SEK. The equivalent
number of battery cycles is 56. After a prospective depreciation time of 10 years, only 45 %
of the accessible number of battery cycles will have been utilised, but the EP gained will
have covered the installation cost completely, not taking the discount rate into account.
The remaining 55 % of cycle life of the BESS could then have been used by the TOU bill
management or PV self-consumption algorithms, even at the cost of negative NEP, to cover
the anticipated return of equity. This kind of calculations are not handled in this work but
could be an interesting future work.
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Algorithm parameters sensitivity analysis
Analysing how each parameter affects the outcome of the algorithms gives a good insight to
the variations in results seen in the previous chapter and can also help understanding which
of the parameters to focus on in the optimisation process. By using a base value parameter
set and then varying the parameters one by one, see Table 4-11, an interesting curve plot can
be obtained, showing that three of the parameters are more sensitive to variations. They are
the upper threshold, the discharge constant and the moving average window size.
Table 4-11, Base value and evaluated value range for sensitivity analysis of algorithm parameters.
Parameter

Abbreviation

Upper threshold
Discharge constant
Lower threshold
Charge constant
Moving average
window size
Swap time

𝑃𝑡ℎ_𝑑𝑖𝑠𝑐ℎ𝑔
𝑘𝑑𝑖𝑠𝑐ℎ𝑔
𝑃𝑡ℎ_𝑐ℎ𝑔
𝑘𝑐ℎ𝑔
𝑇𝑚𝑜𝑣_𝑤𝑖𝑛𝑑_𝑠𝑖𝑧𝑒

Base
value
220 000
1.5
185 000
1.5
15

𝑇𝑠𝑤𝑎𝑝

10

Evaluated value Increment Unit
range
size
210 000 – 230 000
5000
W
0.5 – 2.5
0.5
150 000 - 190 000
5000
W
0.5 - 3
0.5
0 - 25
5 min
0 - 20

5

min

Plotting the EP and NEP while changing each parameter gives a result that can be seen in
Figure 4-11. It is obvious that the optimal point, working at the base value parameter set, is
quite sensitive to changes in three of the parameters. Although differing a little bit from each
other, these three parameter sensitivities follow a similar pattern, with the NEP falling faster
than EP towards the lower part of the plot. In a similar way, the EP falls faster than NEP
in the upper part of the plot. This is important to keep in mind when selecting the parameter
values for an installation. If the user wants to make sure not to lose too much on the EP,
the upper threshold and moving average window size should be selected a little bit towards lower
values and the discharge constant a little bit towards upper values.

Figure 4-11, Parameter sensitivity plot.

To examine the correlation between the three parameters upper threshold, discharge constant and
moving average window size, an optimisation using only upper threshold as the variable, has been
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performed with the parameters discharge constant and moving average window size next to their
outer limit values. Table 4-12 shows the changed parameters, optimised variables and the
results.
Table 4-12, Correlation analyse, changed parameters, optimised variable and results.
Case

Changed
parameter

Base
A

Discharge
constant
Discharge
constant
Moving average
window size
Moving average
window size

B
C
D

New value
of
changed
parameter
1

Upper threshold
(optimised
variable)

EP
[SEK]

NEP
[SEK]

220 000
214 000

7687
7665

-1655
-2016

2

224 000

7646

-1266

20 min

220 000

7530

-1446

5 min

221 000

7531

-2775

The results are seen in Figure 4-12 and an explanation is given in Table 4-13. The conclusion
is that there is no correlation between the moving average window size and the upper threshold
parameters. However, there seems to be a significant correlation between the discharge constant
and the upper threshold.

Figure 4-12, Part of parameter sensitivity plot with overlaid correlation analyse.
Table 4-13, Explanation for correlation analyse.
Case
Base
A

B

C

D

Explanation
Initial case described in chapter 4.1.
The non-optimal value for a discharge constant value of 1 can mostly be
compensated by new optimisation of upper threshold, bringing the result near
the original optimum.
The non-optimal value for a discharge constant value of 2 can mostly be
compensated by new optimisation of upper threshold, bringing the result near
the original optimum.
The green square covers the original point, showing that no further optimisation
can be done to compensate for an nonoptimal value of moving average window
size.
See explanation for case C.
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As a result of this parameter sensitivity analysis, a solution is suggested that could speed up
the optimisation process, and also increase the possibility of automating the process. This
solution includes fixed values of 1.5 for discharge constant and charge constant, a value for the
lower threshold that would be 85 % of the value for the upper threshold and a swap time of
10 minutes. The moving average window size should initially be set to 15 minutes and the upper
threshold could then be found using a one-variable optimisation process using the Python
simulation tool. After finding an optimal value for the upper threshold, a one-variable
optimisation could then be made to find an optimal value for the moving average window size.
Implementing this solution in the embedded controller installed in the EHUB could make
it possible to calculate a new optimal parameter setup once a month.
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Length of training data set
Since the optimisation process of the algorithm parameters is done based on historical data,
it is interesting to analyse how sensitive this process is to the length of the training dataset.
The available data set in this work is 6 months, a short period considering that the monthly
grid power fee is determined on the highest hourly consumption per month. The same
optimisation process described in 4.1 was performed on shorter time span dataset, see Table
4-14, which gives a compilation of the optimal parameter setups for three shorter periods.
The initial optimal parameter setup is greyed out in the last row.
Table 4-14, Compilation of optimal parameter setups for shorter training data set.
Parameter
optimisation
training
length:
Oct. - Nov.
Dec. - Jan.
Feb. - Mar.
Oct. - Mar.

Pth_dischg

kdischg

Pth_chg

220 000
225 000
220 000
220 000

1.75
2
2.25
1.5

185 000
180 000
175 000
185 000

kchg Tmov_wind_size Tswap 𝑻𝐜𝐡𝐠_𝐬𝐭𝐚𝐫𝐭

2
2
2.25
1.5

15
17
11
15

8
0
15
10

60
60
60
60

𝑻𝐜𝐡𝐠_𝐬𝐭𝐨𝐩

510
510
510
510

In Figure 4-13, evaluation results are presented based for these four parameter setups. The
evaluation has been done for the complete period of 6 month, October to March, but with
parameter setups trained on October to November, December to January, February to
March and finally the entire period from October to March, which is the same result as in
original optimisation done in chapter 4.1.

Figure 4-13, Evaluation result for algorithm setup based on different training data sets.
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Making an overlay of the evaluation results in to the parameter sensitivity plot reveals an
interesting finding that can be seen in Figure 4-14.

Figure 4-14, Overlay of evaluations results on the parameter sensitivity plot.
Combining this finding with the results given in 4.3, it strengthens the hypothesis that a
better solution can be made using a dynamic adjustment of the parameter setup for the
algorithms. This solution can not only increase the profit of the installation, but more
important it could be much better in handling a long-term change of the load pattern of the
building due to changes in user behaviour or technical equipment in the building.
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5 Conclusions
This work includes design of an improved parameter based control strategy for a combined
PV and battery energy storage system, and development of a computer tool in the
programming language Python for finding the optimal parameter setup for an installation
based on a learning data set.
The computer based tool developed by the author of this work has been shown to work as
intended for training and optimisation of control strategies and algorithms, and can be used
as a tool while developing new control strategies, as well as for training and optimisation of
proposed algorithms in future installations.
Proposed is a control strategy including an improved threshold demand charge reduction
algorithm in combination with a basic time-of-use bill management algorithm based on
deferred charging. The improved threshold demand charge reduction algorithm is adapted
for the Swedish grid power tariff and is based on an hourly energy prediction working with
a temporal resolution of 1 minute.
PV self-consumption is found to be unprofitable with current economical boundary
conditions and it is difficult to see a situation in the near future when it can become viable.
However, due to the bad dispatchability of PV electricity production, battery energy storage
systems are an important part of the future electricity grid in Sweden.
The developed computer tool has been used to find an optimal parameter setup for a case
study installation, improving the economic profit with 300 % compared to the current
algorithm used by Ferroamp today and with 32 % compared to a conventional threshold
based demand charge reduction algorithm. The available historical dataset however is only
6 months, and together with the fact that only one case study has been performed, this gives
a limited ability to make any conclusions about the general adaptability of the proposed
control strategy. In spite of this uncertainty, the computer based optimisation tool, together
with the received and documented knowledge from numerous performed sensitivity analysis
on the parameters used by the algorithms, form a good basis for simulations and
optimisation on future installations and can also be used to evaluate further developed
control strategies.
In the case study performed, it is also shown that a learning data set of two months is enough
to optimise the algorithm parameters reasonably well, and that a future change in economic
boundary conditions will only slightly affect the economic viability of the control strategy.
An interesting future work is to investigate if the detected correlation between some of the
parameters can be used to simplify the multi-dimensional optimisation problem to a series
of two consecutive one-dimensional optimisation problems. This could provide an
important future solution to the problem associated with the difficulties of forecasting the
load, often reported in the literature about combining energy storage with PV [5], [7], [8],
[11]. The forecasting problem is shown to arise both in short time scale of minutes and
hours, and in longer time scales like days, but due to the relatively short time period of data
used in the case study, no seasonal time scale forecasting has been possible to analyse.
Despite the great improvements achieved by the proposed control strategy, the battery
energy storage system is far from being economically viable in the performed case study,
strengthening findings also reported in other studies [5], [10], [12].
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A new 2-dimentional presentation of net economic profit and economic profit is
demonstrated, that together with a set of two main objective functions is trying to give the
reader an indication of complications concerning questions about economic viability of a
battery energy storage system. With the proposed algorithm A2c, and parameters optimised
for economic profit, the investment coverage is 36 % after 10 years of service, with a
remaining cycle life time of 55 % left to be utilised by other services.
Like in other studies, power storage is found to be more viable than energy storage [6]. In
the case study, more than 80 % of the profit originates from demand charge reduction while
only approximately 20 % comes from the time-of-use bill management algorithm.
The conflict between demand charge reduction and time-of-use bill management seen in
other studies [12] have been demonstrated.
Power tariff and grid energy cost during high cost time are found to be the two most
important parameters to achieve economic viability at current cost of the battery energy
storage system, and an example where the power tariff is 125 SEK/kWh and the grid energy
fee is 0.79 SEK/kWh shows net economic profitability, not taking the interest rate into
account. This is only 30 % to 40 % above the tariffs that can be found in Sweden today, and
there are indications showing that these tariffs are increasing faster than the cost for
electricity itself.
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