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Abstract 

A quality assurance of Mälarenergi's energy, power, and loss calculations was conducted in this 

study. Results from the energy quality assurance showed that the energy storage system holds 

around 1.26 GWh more energy than Mälarenergi's previous calculations with a temperature 

distribution based on historical data. Plausibly, if the bottom temperature distribution can reach 

45 oC instead of 50 oC, 2.6 GWh more energy than Mälarenergi's calculations is obtained. 

These cases similarly give an energy capacity of 13.21 GWh and 14.66 GWh respectively, with 

the assumption that the top maximum temperature distribution can reach 95 oC. Said 

temperature has been reached but with a lesser energy yield. 

 

The loss calculations and their validation tested four scenarios, which in the end showed that 

the bedrock recovers energy to the storage during discharging, with a surprisingly high energy 

recovery factor of 59%, revealing additional energy content associated with the bedrock, while 

at the same time evidencing that the storage side power of the heat exchanger is the most 

accurate power in contrast to the district side. The loss analysis also showed that the gradient 

first - SL combined method was the best method of the five presented, as it was least sensitive 

to the heat exchanger power according to the sensitivity analysis and because of its steady 

losses assumptions. With this method, applied for Scenario 4, a resulting total cumulative 

energy loss of 33 GWh was found, which was slightly more than the updated predicted loss of 

28 GWh. However, the power loss was slightly smaller than predicted during the last 5 months 

of operation, suggesting that the calculated loss will be smaller than predicted in the near future. 

This phenomenon is probably due to more cycling than predicted, which hinders more heat from 

penetrating deep into the bedrock and hence only postpones the initial losses. 

 

A power loss model was also created with an ansatz that suggests the losses depend on the 

energy content and time. The power loss model was applied and compared mainly to the 

gradient first - SL combined loss method. The result suggested that the model was very 

accurate over long time spans, as the magnitude of its error was around 0.4%. The loss model 

did not, however, capture every detail of the power loss, and a Spearman coefficient of around 

0.65 was obtained. For further studies, an updated ansatz was suggested that distinguishes the 

different time periods of charging, discharging, and steady-state periods. Furthermore, a 

continuous update of the calculations over time is recommended to explore how the energy 

recovery and energy calculations might be affected, as well as to observe how the losses 

develop. 
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Populärvetenskaplig Sammanfattning

Världens nya energisystem är under uppbyggnad. Fossila kraftslag håller på att ersättas
med hållbara alternativ och energisystem måste anpassas för att behålla ett säkert och
stabilt system. Med mycket intermittenta kraftslag, som sol och vind, kommer problem
för nätet då effekten inte är planerbar. Det är här energilagring kommer in och kan spela
en viktig roll i framtiden. Även fast batterier dominerar diskursen finns det även andra
alternativ. En av dessa är värmelager under jord som utnyttjar ihåligheter i berggrunden
för att lagra ett varmt medium. Ett sådant system, som även är det största av sitt slag,
har Mälarenergi i Västerås kallat Bergrummet. Detta värmelager är kopplat till deras
kraftvärmeverk och fjärrvärmenät och fungerar som ett stort värmebatteri för staden.

Denna rapports syfte var att kvalitetssäkra vissa beräkningar kopplat till detta värme-
lager för att försäkra Mälarenergi att deras uträkningar är så exakta de kan vara. Det är
en väldigt viktig uppgift för företaget, forskningen och för framtida liknande system, att
förstå hur ett sådant system fungerar och beter sig och att kvalitetssäkra dessa beräkningar
är en metod mot detta ändamål. Därför undersöktes de viktigaste beräkningarna kopplade
till Bergrummet såsom dess energiinnehåll, laddningseffekter och förluster till berggrun-
den.

Resultat visade att det finns något mer energi i värmelagret än vad som tidigare har
beräknats och att förlusterna är mindre än förväntat för att systemet visar en hög grad
av energy recovery, en term som beskriver hur mycket av värmeförlusterna som man kan
återvinna från berggrunden. Detta fenomen är underforskat för denna typ av värmelager
och därför mycket intressant för framtida forskning. I slutändan visade resultatet att
kvalitetssäkring är väldigt viktigt för ett komplext system som utvecklas över tid, då
kunskap kan erhållas under spannet av ett sådant systems livstid. Att fortsätta att nyfiket
undersöka och forska visar sig ge mer trovärdiga resultat.
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1 Introduction

The global energy system is rapidly transitioning from fossil fuels to renewable sources, a
shift driven by climate goals and technological advances. Electrification of the heating and
transport sectors—through solutions like heat pumps and electric vehicles—is expected
to increase electricity demand substantially. However, renewable energy sources such as
wind and solar are intermittent, raising challenges for grid stability and flexibility.

To address this, energy storage systems are essential. While battery technologies dominate
the discourse, thermal energy storage (TES) presents a powerful alternative, particularly
in the heating sector, which accounts for around 50% of global final energy consumption
and 40% of carbon emissions [13]. TES can store excess energy as heat and release it
when needed, smoothing mismatches between supply and demand.

TES is especially valuable when integrated with combined heat and power (CHP) plants,
such as waste incineration facilities [6]. These plants are most efficient when producing
both heat and electricity simultaneously, yet real-world demand rarely aligns perfectly.
TES systems decouple heat production from consumption, increasing operational flexibil-
ity and overall efficiency.

One TES concept with large-scale potential is cavern thermal energy storage (CTES),
which stores hot water or other thermal media in underground rock caverns—often repur-
posed geological structures. CTES offers long-duration, cost-effective storage with min-
imal environmental impact [21]. The low thermal conductivity of surrounding bedrock
also naturally limits heat losses. Despite these advantages, CTES remains less common
than aquifer, pit, or borehole storage, and thus is relatively under-researched.

An example in full-scale operation is Mälarenergi’s CTES facility in Västerås, Swe-
den—the largest of its kind globally as of today—storing approximately 14 GWh of heat.
The facility was originally an oil storage site during the Cold War and has now been
repurposed into a water-based accumulator connected to the district heating grid [20].

Before commissioning, the engineering firm FVB carried out thermal simulations using fi-
nite element modeling (FEM) to estimate long-term heat losses [8]. Their model predicted
that about 70 GWh of initial heat loss investment would be needed to reach thermal equi-
librium with the surrounding rock over a 100-year period. However, these estimates relied
on assumptions regarding rock properties, thermal conductivity, heat dispatch rates, and
cavern operation — made prior to actual deployment.

With the system now operational, this report seeks to validate and reassess those assump-
tions by analyzing historical temperature data from the cavern and surrounding bedrock.
This includes scrutiny of both heat loss estimates and energy and power balances. Quality
assurance is crucial in evaluating and operating large-scale thermal energy storage sys-
tems like CTES, as it ensures that design assumptions align with real-world performance.
Accurate predictions of heat losses, energy and power balances are essential for both eco-
nomic viability and efficient operation. By validating simulation models against actual
operational data, quality assurance helps identify deviations, refine models, and support
informed decision-making. This not only enhances the reliability of the storage system
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but also builds con�dence in scaling up similar technologies for broader integration into
future energy systems.

1.1 Aim & Objectives

The aim of this thesis was to validate Mälarenergi's calculations regarding their thermal
storage system and to further explore how the losses of a CTES system to the bedrock
develop over time, from the start of operation and onward. More speci�cally, part of the
aim was to ensure the quality of Mälarenergi's energy calculations and power calculations
as well as the initial loss predictions made by FVB. The other aspect was to explore the
actual losses of the TES system and also validate those calculations. With insight into the
development of the losses, a simple model, which could be implemented in Mälarenergi's
linear optimization program, was set out to be investigated. The goal was to make these
calculations, based on historical data, and create a script which could be continuously
used to update the results throughout the operational lifetime of the storage system.

The speci�c objectives of the thesis can hence be listed below:

1. Validation of Modeling Assumptions : Update any parameters FVB assumed
and re-calculate a�ected results.

2. Quality Assurance of Energy and Power Calculations : Re-calculate the en-
ergy and power of the storage system to potentially update and increase the quality
of the calculations.

3. Loss Calculations and Validation : Analyze historical operational data from the
rock cavern and calculate the evolution of heat losses over time. Validate this with
several methods and a bedrock temperature analysis and compare the results with
the predicted losses.

4. Create Loss Model : Explore a simple model that can estimate the losses in real-
time to be implemented in Mälarenergi's linear optimization program.

2 Theory

2.1 Thermal Energy Storage Systems

Energy storage systems are devices which are able to store energy for later use, enabling
temporal decoupling of energy supply and demand. These systems enhance the �exibility
and e�ciency of thermal energy networks by allowing excess thermal energy to be stored
during low demand periods and later retrieved when demand increases. Thermal energy
storage systems can manifest in many di�erent ways and characteristics. These include in
what form the energy is stored, the timescale of e�cient use of the energy stored, the ma-
terial/medium used to store the energy and lastly di�erent applications and technologies
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to harvest and store the energy[16]. In this report a thermal underground cavern energy
storage is considered with sensible water as its storage medium and energy carrier with a
short-term timescale.

Such a storage device stores thermal energy through the increase of temperature in water,
which is the storage-medium, within the temperature range without phase-change. For
unpressurized liquid water this is in the range of 0-100� C and the energy stored is hence
linear with the temperature of the medium. The speci�c technology or application con-
sidered is an underground cavern meaning that heated water is stored in an underground
cavern in the bedrock. The characteristics of such a storage system can thus be described
by its key signi�ers; sensible heat, water as a storage medium, the technologyunderground
cavern and short-term cycling.

The heat storage capacity of a sensible storage can be described as follows:

Q = cp � m � � T (1)

whereQ[kJ ] is the heat stored,cp[kJ=(kg�K )] is the speci�c heat capacity under constant
pressure,m[kg] is the mass and� T[K ] is the varied temperature di�erence.

2.1.1 Sensible Heat

Sensible heat storage is a storage type relying heavily on the speci�c heat capacity of the
material used as the temperature of the medium is changed within the range of no phase-
change. Hence the characteristics are closely related to the chosen medium. In general
however sensible heat storage is a cost-e�ective mature technology with few safety risks
paired with a risk of high heat losses and low energy densities[24]. The technology is
simple, scalable in size and can be used from a short to a long storage timescale.

2.1.2 Water As a Sensible Heat Storage Medium

Using water as a sensible heat storage medium is associated with a few characteristics.
Water is inexpensive and often widely available and has both high density and speci�c
heat capacity [12]. Water can also be used as both the storage medium and heat transfer
medium, simplifying the system. The material data of water highly impacts the e�ciencies
and storage capacities of sensible water thermal energy storages and for accurate calcu-
lations many important material data vary with the temperature of water. The speci�c
heat capacity and density vary accordingly governed by Equation 2 and 3 and observed
in Figure 1 where� [kg=m3] is the density,cp[J=(kg� K )] and T[K ] is the temperature[10].

� = 1000:6 � 0:0128� T1:76[kg=m3]: (2)

cp = 4209:1 � 132:8 � 10� 2 � T + 143:2 � 10� 4 � T2[J=kgK]: (3)

9



Figure 1: Material data of water. The left plot presents the density of water as a function of
temperature (2). The right plot presents water's speci�c heat capacity as a function of temperature (3).

Other in�uences on material data of water are pressure and salinity. The salinity can
be considered constant in a closed system and water can furthermore be considered an
incompressible �uid for relatively low pressures. The updated energy calculation can thus
be rewritten where both� [kg=m3] and V[m3] have replaced the mass:

Q = cp(T) � � (T) � V � � T (4)

The �nal important characteristic of water as a storage medium is its tendency to naturally
stratify. Strati�cation is the formation of di�erent stable layers in a body of water,
preventing vertical mixing which in turn a�ects the exchange of nutrients, carbon and
heat. This occurs in many di�erent kinds of water bodies; lakes, oceans, caverns etc.,
and is an e�ect of gravity and varying densities[23]. In a closed system with a non-
saturated level of salinity the driving force of strati�cation is the temperature which
a�ects the density of water. Higher temperature water will stratify on top whilst lower
temperature water will be at the bottom of the water volume. A signi�cant quasi-layer in a
strati�ed body of water is the thermocline which is de�ned as a high temperature gradient
layer between a cold and a warm one. In the case of using water in a thermal storage,
strati�cation and a well-shaped thermocline will increase e�ciencies and the operation of
the storage as a big temperature di�erence between the cold and hot part of the thermal
storage is advantageous for maximum power [27]. The ideal thermocline can be seen as a
step function from one low temperature layer to a high one. Practically this means that
a great gradient over a thin layer is sought out for which can be observed in Figure 2.
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Figure 2: Simulated thermocline layers between 50 and 90� C varying in quality. The ideal
thermocline, presented as a step function, can be observed accompaniedby logistic functions with

decreasing curvature.

The non-ideal thermoclines are simulated with a logistic function which can be observed
in the legends of the �gure [15]. Hence one can deem it suitable to �t actual temperature
distributions to a logistic curve. Lastly one can adjust the energy equation presented
above with the strati�ed sense, dividing up the storage in layers, see Equation 5. These
layers are represented asi spanning from 1 to h, the height of the water level of the
storage. Thus the energy is calculated for each layer separately.

Q =
hX

i =1

cp(Ti ) � � (Ti ) � Vi � � Ti (5)

2.1.3 Underground Cavern Storage

The storage technology processed in this report is, as previously stated, an underground
cavern thermal energy storage. This means that a manmade, natural, or repurposed un-
derground bedrock cavity is used as the storage tank, with the surrounding bedrock acting
as a thick layer of insulation [16]. The cavern walls may also be additionally insulated
and pressurized to increase possible water temperatures. This storage technology comes
with several advantages as well as challenges.

Establishing a thermal storage underground ensures independence from external weather
conditions, which decrease with depth, enabling long-term storage possibilities [2]. How-
ever, drawbacks include potential leakage between the storage cavity and groundwater,
associated heat losses, and most signi�cantly the initial heat losses due to warming the
surrounding bedrock. This initial phase can take up to 100 years before reaching a steady-
state condition, where the bedrock temperature remains stable during normal operation.
After this initial period, a smaller steady-state heat loss persists to maintain the sur-
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rounding bedrock temperature. When the bedrock temperature approaches the storage
limit, losses decrease signi�cantly. At this stage, some water can be reheated during large
discharge events by heat transfer from the bedrock to the water, a phenomenon called
energy recovery [5].

Underground cavern storages, like many thermal energy storage technologies, can operate
over various timescales, typically categorized as short-term, with daily to weekly cycling,
or long-term, with seasonal cycling [6]. Long-term systems bridge the thermal gap between
warmer and colder seasons and require large storage volumes to be economically viable.
Short-term systems, on the other hand, balance diurnal �uctuations and often employ
peak shaving and load shifting strategies.

In underground thermal energy storage systems, cycling also a�ects bedrock temperature
and associated losses. With less frequent cycling (as in seasonal storage), more heat pene-
trates deeper into the bedrock. With shorter cycling intervals, more of the heat absorbed
by the bedrock can be recovered�a process called energy recovery. During discharge,
the storage medium temperature drops rapidly, creating a temperature gradient between
the bedrock interface and the medium. Since the bedrock temperature initially matches
the medium temperature before discharge, heat transfers back to the medium, allowing
some energy recovery. Frequent cycling reverses this gradient more often, reducing heat
penetration depth and increasing energy recovery [5].

The energy recovery factor, de�ned as the fraction of thermal energy recovered and re-
injected during a cycle, typically ranges between 45�70% for aquifers and boreholes de-
pending on volume, wall thickness, operating mode, temperature, and dimensions [14].
However, this factor has not been investigated for underground cavern TES.

2.2 Mälarenergi's subsystem Bergrummet

Mälarenergi's energy system consists of various boilers, accumulators, and other compo-
nents, which can be schematically simpli�ed as a combined power and heat plant pro-
viding district heating and cooling to Västerås city and electricity to the grid. Recently,
the system was updated with, as of today, the world's largest thermal energy storage
called Bergrummet. This is a strati�ed underground cavern thermal energy storage using
sensible water as its storage medium in a repurposed underground cavern operated with
short-term cycling. It was previously used to store oil reserves during the Cold War but
has been renovated and set into operation on June 13th, 2024 [20].

Bergrummet consists of three similarly designed storage units, called Ship 1, 2, and 3,
with minor di�erences due to varying lengths and structural irregularities. A schematic
picture of their layout from above can be seen in Figure 3.
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Figure 3: Schematic picture showing the size, position, and temperature sensors of the three ships.

The �gure also shows the approximate volume of each ship and the location of temper-
ature sensors. At Ship 2, one measurement point extends into the bedrock, measuring
temperatures at �ve points from 0 to 10 meters deep. Each ship has a vertical tempera-
ture probe with 25 measurement points, spaced one meter apart along the height of the
ship. These measurement points represent the layers presented in Equation 5. This is also
illustrated in Figure 4, where a ship is simpli�ed and represented as a symmetric tank
equipped with �ow sensors, temperature sensors, and a heat exchanger.

Figure 4: Schematic of one ship showing its measurements.

Also visible in Figure 4 is a heat exchanger. The installed unit is an insulated gasketed
plate-and-frame heat exchanger [1] with a nominal power rating of 30 MW. However,
this rating only indicates the design point; actual power can vary considerably below or
above this nominal value [7]. Heat exchanger science is complex and beyond the scope of
this report; thus, only a brief, motivated description of the subsystem is provided. The
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e�ciency of a heat exchanger depends on its operating conditions and the �ow ratio on
both sides. These �ows are controlled and measured by sensors on either side of the heat
exchanger. The district heating side uses a �ange �ow sensor, meaning the water �ows
through it, while the other side uses a clamp-on �ow sensor that measures �ow without
contact. The �ow system is controlled and maintained at a constant value to ensure a �ow
ratio favorable for e�ciency. Flange �ow sensors are generally more accurate (typically
within ± 1%) than clamp-on sensors (± 1�5%) [28], but the �ange sensor here is installed
close to a pipe bend, where laminar �ow cannot be guaranteed.

The thermal energy in the storage has already been de�ned in Equation 5. Similarly, the
power exchanged by the heat exchanger, representing the charging and discharging power,
can be calculated as the time derivative of energy, resulting in a mass �ow calculated as
volume �ow times density:

_Q = cp(T) � � (T) � _V � � T; (6)

where _Q [W] is the thermal power, _V is the volumetric �ow rate [m3=s], and � T [� C] is
the temperature di�erence across the heat exchanger.

2.3 FVB Pre-Study Report

The report by FVB (Fjärrvärmebyrån) thoroughly analyzed Mälarenergi's thermal stor-
age through numerical simulations before its commissioning [8]. This section presents
their most important �ndings and the relevant methods for this project, speci�cally the
calculations of heat conduction in the bedrock.

FVB performed a �nite element method (FEM) analysis exploiting the symmetry of the
three ships. FEM is a numerical method used to solve the heat equation with an internal
heat source term, which is a partial di�erential equation (PDE) given by [18]:

@T
@t

= � r 2T +
q

�c p
(7)

where� = k=(�c p) is the thermal di�usivity and q[W=m3] is the volumetric heat genera-
tion rate. The heat exchange between the storages and the bedrock walls can be described
as two phenomena: a periodic and a stationary temperature �eld, presented together in
Equation 8 and separately in Equations 9 and 11.

T(r ; t) = Tstat (r ; t) + Tper(r ; t) (8)

The periodic temperature �eld follows the temperature changes during charging and dis-
charging. Heat losses during higher temperatures are recovered during lower temperatures,
resulting in temperature variations that only reach the bedrock's close proximity. Hence,
it can be approximated as a one-dimensional (radial) plane wave with the governing equa-
tion:
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@Tper

@t
= � r 2Tper (9)

where� is the thermal di�usivity and Tper is the periodic temperature �eld. The solution
is given by the plane wave expression:

Tper(r ; t) = T0ei (k �r � !t ) (10)

Here, T0 is the amplitude, and k and ! are the wave vector and angular frequency,
respectively.

The second temperature �eld is approximately stationary over a year, as losses follow the
rise in the average bedrock temperature due to the average operational temperature. The
heat wave penetrates deeply into the bedrock, and after a few years, the ships' heat waves
begin to interact, signi�cantly reducing losses. Over long timescales, a quasi-steady-state
temperature distribution is reached. This stationary temperature �eld can be divided
into initial and continuous losses, where the former corresponds to the bedrock's initial
temperature increase and the latter to maintaining the elevated bedrock temperature.
The stationary temperature �eld satis�es:

r 2Tstat = �
q
k

(11)

wherek [W=(m � K)] is the bedrock thermal conductivity andq[W=m3] is the volumetric
heat generation rate.

This was simulated by representing each point in the geometry as a heat source. Each
point's heat �eld density decreases proportionally to the inverse square of the distance,
similarly a�ecting the temperature. The combined e�ect of all points adds constructively
to the temperature �eld. Using this setup, FVB calculated the development of losses over
time for Bergrummet, providing power loss and cumulative energy loss data. Two key
formulas derived from these calculations are shown in Equations 12 and 13.

Pcont = � 10p10 + � 11p11 (12)

Equation 12 describes the continuous heat losses,Pcont , where � 10 is the temperature
di�erence between the bedrock's initial temperature and the storage's average bottom
temperature, and� 11 is the temperature di�erence between the storage's average bottom
and upper parts. The power loss parameters,pij = sij � , wheres is an e�ective distance
and � the bedrock's thermal conductivity, correspond to bottom and upper parts respec-
tively. The bottom power loss parameter was found to bep10 = 6817 W=K, and the upper
p11 = 9876 W=K.

Similarly, the initial heat loss is expressed as:

E init = � 10e10 + � 11e11 (13)
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where E init is the initial cumulative energy loss, andeij = �c pVij is an energy loss pa-
rameter with Vij representing the e�ective heated bedrock volume. The bottom part's
parameter wase10 = 421 MWh=K, and the upper part's wase11 = 1237 MWh=K. The
FEM results and these equations correspond to the heat loss behavior shown in Figure
11 in the results section. The FVB report assumes an initial temperature of 10� C, a top
temperature of 95� C, and a bottom temperature of 45� C.

2.4 Heat Transfer

The governing physics for the operation of an underground thermal cavern storage is heat
transfer. This includes the interaction of strati�ed water layers, water-bedrock interface
heat exchange, and heat transport into the bedrock. The primary heat transfer modes
are conduction (direct molecular heat transfer) and convection (�uid-driven heat transfer)
within the water-based system. The heat transport inside the water was brie�y introduced
in Chapter 3.1.2, focusing on strati�cation, and is further elaborated here.

Heat conduction occurs via molecular motion causing heat �ow across layers and is gov-
erned by Fourier's Law [9]:

_Q = � �A
@T
@z

(14)

where _Q [W] is the heat �ux, A [m2] is the cross-sectional area,@T
@z[K=m] is the vertical

temperature gradient, and� [W=(m � K)] is the thermal conductivity of water [9]. Due to
water's poor thermal conductivity, conduction is slow and less e�cient than convection
over long distances. Its e�ect is therefore less signi�cant but can degrade strati�cation
over long timescales.

Convection, driven by temperature-dependent density di�erences, is the dominant heat
transfer mechanism. Natural convection occurs when heated water expands, becomes
less dense, and rises; the opposite occurs when cooling. This is signi�cant during static
periods. Forced convection occurs during charging and discharging via �uid injection,
which can either enhance or degrade strati�cation depending on whether �ow induces
turbulence. Operational control and design can promote non-turbulent mixing during
charging and discharging, as applied in Mälarenergi's system [8].

Heat conduction within the bedrock is also described by Fourier's law but with a horizontal
temperature gradient:

_Q = � kA
@T
@x

(15)

where @T
@x [K=m] is the horizontal temperature gradient inward in the bedrock. At the

water-bedrock interface, heat transfer also occurs via convection, described by Newton's
law of cooling:
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_Q = hA(Tsurface � T
uid ) (16)

where h [W=(m2 � K)] is the convective heat transfer coe�cient,A is the interface area,
and Tsurface and T
uid are the bedrock surface and �uid temperatures, respectively. The co-
e�cient h depends on water properties such as �ow, temperature, and density, thus di�er-
ing between natural and forced convection (e.g., pumping during charging/discharging).
Typical values for h in underground cavern systems range approximately from 2 to 10
W=(m2 � K) [17].

Together, these equations, by superposition, describe the heat transfer from storage water
deep into the bedrock � in other words, the heat losses [25].

2.5 Statistical Tools

Throughout the method, several statistical tools are applied, from correlation coe�cients
to �ltering, and are thus explained in this section. As the derivative of real data will
be analyzed, noise is expected. To extract the relevant data and reduce noise, several
�ltering methods can therefore be applied.

2.5.1 Characteristic Time

The characteristic time of a system describes how quickly it responds to changes, and can
be used as a statistical guideline for appropriate smoothing or �ltering. It is often derived
from the time constant in exponential decay models or by analyzing the autocorrelation
of a signal. In thermal systems, it re�ects the typical timescale over which heat transfer
or energy loss occurs, such as charging, discharging, or passive heat losses [26]. It can
equivalently be described as the inertia of temperature changes and can be formulated
for both conduction and convection, depending on the most dominant factor of change,
as shown in Equations 17 and 18.

� conv =
� water cwater Vwater

hA
(17)

� cond =
L2

ch

�
=

L2
ch � � rock � crock

� rock
(18)

Both Equations 17 and 18 represent the characteristic time� conv/cond [s], whereL[m] is the
characteristic distance,� [m2=s] is the thermal di�usivity, � [W=(m � K )] is the thermal
conductivity, h[W=(m2 � K )] is the convective heat transfer coe�cient, � [kg=m3] is the
density of the bedrock, andc[J=(kg � K )] is the speci�c heat capacity of the bedrock.

The theoretical characteristic time can also be estimated from data. One method for
estimating the characteristic time from measured data is through the use of an autocor-
relation function [3]. The autocorrelation measures how strongly a signal correlates with
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itself over di�erent time lags. A signal with short memory will have a rapidly decaying
autocorrelation, whereas a slowly evolving signal will retain correlation over longer lags.
This method provides a robust, data-driven approach to identifying the natural timescale
of variation in the system. It is particularly valuable in the context of noisy signals, where
direct identi�cation of thermal time constants is di�cult due to external disturbances such
as charging and discharging cycles. By �ltering data using a window width proportional
to this timescale, noise can be reduced while preserving physically meaningful trends.

For a stationary signalx(t), the autocorrelation functionR(� ) is de�ned by Equation 19.

R(� ) =
1
T

Z T

0
x(t) � x(t + � ) dt (19)

2.5.2 Gaussian Filtering

Gaussian �ltering is a widely used technique that applies a weighted average to the data
using a Gaussian (normal) kernel [19]. This results in smooth data while minimizing the
introduction of phase shifts or arti�cial oscillations. The width of the Gaussian kernel
controls the degree of smoothing and should ideally be chosen in relation to the system's
characteristic time to avoid removing signi�cant variations.

2.5.3 Savitzky�Golay Filter

The Savitzky�Golay �lter smooths a signal by �tting a low-degree polynomial to a moving
window of the data using least-squares regression [22]. Unlike other low-pass �lters, it
is particularly e�ective at preserving features of the signal such as peaks and in�ection
points, which are critical when analyzing derivative-based quantities like energy losses.
This �lter is therefore well-suited to preprocessing data prior to further numerical di�er-
entiation or trend analysis.

2.5.4 Pearson and Spearman Correlation Coe�cients

To investigate the relationships between di�erent signals�both linear and non-linear�Pearson
and Spearman correlation coe�cients can be employed. Pearson's coe�cient captures
linear dependence between two variables and assumes normally distributed data [11].
Spearman's coe�cient, on the other hand, is non-parametric and measures monotonic
relationships�variable trends that change together based on ranked values�making it
more robust against non-linearities and outliers. These tools are useful in identifying
dependencies between di�erent parameters, such as losses and energy content.
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3 Method

In this section, the method of the report is presented, which can be divided into four parts:
data collection and preparation, quality assurance of energy and power, loss calculations,
and power loss modeling. The method was carried out using Python, and the repository
can be found at GitHub.

3.1 Data Processing

Relevant operational historical data from the underground cavern thermal energy stor-
age system was collected through Mälarenergi's operational system. This data includes
storage temperatures, energy levels, bedrock temperatures, power, volume �ows during
charging and discharging, and volume gauge data. The power and energy level data were
used as references for the calculations carried out in this report to assess potential im-
provements. The data collected from Mälarenergi spans from June 10, 2024, when the
operation of the system began, to May 6, 2025. Data from FVB's report was used to
validate the power loss calculations.

3.1.1 Storage Temperature Data

The storage temperature dataset consists of temperature data from the three di�erent
ships, recorded hourly and at each vertical level. As seen in Figure 4, each ship has 24
layers spaced 1 meter apart, representing the temperature sensor array. That is, there are
24 data points for each ship per hour. This dataset is of key relevance to the study, as it
was used to calculate the energy and power of the ships. It is presented in Figure 5.
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Figure 5: Temperature data for every fourth level for each ship.

To ensure the quality of the dataset, basic data cleaning was performed by handling miss-
ing values, outliers, and inconsistencies. An isolation forest method was used to detect
anomalies, and imputation was carried out using the k-nearest neighbors method (kNN).
Due to the complexity of the dataset�24 layers over roughly one year of hourly data (24Ö
8,640)�some inconsistencies still remained. In certain cases, a linear regression imputa-
tion method was applied to preserve the natural structure of the data. This was performed
later during the energy calculations, where the 24-layer structure was aggregated into a
single value representing energy.

3.1.2 Bedrock Temperature Data

The bedrock temperature dataset has an hourly resolution with �ve data points horizon-
tally embedded into the bedrock at the 18-meter level of the storage. This dataset is only
available for ship 2. The temperature sensor array extends horizontally into the bedrock,
with measurement points at 0.2, 2.6, 5.1, 7.5, and 9.9 meters. Similar data handling
methods as for the storage temperature data were applied, including kNN imputation.
The dataset is presented in Figure 6.
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Figure 6: Temperature data of the bedrock. The left plot shows each measurement point's temperature
development over time, while the right plot shows the temperature distribution at various instances.

3.1.3 Heat Exchanger Data

The heat exchanger data consists of the volume �ow[m3=h] on each side�district and
storage�of the heat exchanger for each ship, along with corresponding temperature mea-
surements at an hourly resolution. Similar treatment as before was applied, and the
dataset is presented in Figure 7.

Figure 7: Temperature and �ow data for each ship on both the storage and district sides of the heat
exchanger. The rows represent each ship, while the �rst column shows cold water temperature, the

second column shows hot water temperature, and the third column shows volume �ow.
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3.1.4 Volume Gauge & Level Data

This dataset consists of the geometric values of each ship, measured for every meter of
height. This includes volume and area for each layer inm3 and m2, respectively. The
dataset also includes the operational water level data of each storage unit over time,
presented in Figure 8.

Figure 8: Water levels of the three di�erent ships over time.

3.1.5 Mälarenergi's Energy and Power Data

These datasets were not cleaned, as the energy and power data are those used in practice
and are only included in this report for comparison. The energy dataset consists of each
ship's energy in MWh with an hourly resolution, while the power dataset describes the
charging and discharging of each ship in MW, based on the district side of the heat
exchanger.

3.2 Value Update of FVB Results

The input values used in FVB's results were validated and updated with data obtained
from the operation of the thermal energy storage system. These updates include revised
assumed temperatures and modes of operation. The dataset of power losses and cumula-
tive losses was linearly extrapolated between year 0 and year 1, as FVB did not present
any values for year 0.

3.3 Quality Assurance of Energy

This section describes the method used to ensure the quality of the energy calculations.
With data pre-processing completed, the storage temperature dataset was used to cal-
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culate the energy levels of each ship. Equation 5:Q =
P h

i =1 cp(Ti ) � � (Ti ) � Vi � � Ti was
applied to each layer of each ship, using the volumeVi and the temperature-dependent
properties of speci�c heat and density. According to the energy equation, the volumeV
is constant for each layer, but this is not entirely accurate. In reality, the volume expands
with increasing temperature, and leakage to or from the bedrock may also occur, a�ecting
water volume. To prevent over�lling, active pumping is used, which also in�uences the
e�ective volume.

By observing the level dataset (Figure 8), the water level varies between approximately
23 and 25 meters. Therefore, the volumes of these top layers were adjusted using the level
data to account for the variable storage volume. The volumes of the lower layers remain
constant, while the top layers (23�25 m) are modeled with varying volumes using both
volume gauge data and water level measurements.

To compute Equation 5 and to �nd an quality assured energy one needs to explore how
� T can manifest, meaning which lower and higher bound temperatures are reasonable
for the storage system.� T was hence varied to test di�erent possibilities as it is de�ned
as the di�erence between an arbitrary high and low temperature distribution according
to Equation 20.

� T = TH � TL (20)

When calculating energy content versus energy capacity, these temperature distributions
serve di�erent purposes. For energy content,TH corresponds to the actual storage tem-
perature data, TH = TH;data . For energy capacity,TH is an assumed ideal maximum
temperature distribution, TH = TH;max . In both cases,TL represents the minimum tem-
perature distribution and is kept the same. It is de�ned as the minimum temperature for
each layer of the storage. Examples of these distributions are shown in Figure 9.
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Figure 9: Potential maximum and minimum temperature distributions, representing TH and TL , with
"pol" referring to polynomial degree and "log" indicating a logarithmic function.

The minimum and maximum temperature distributions were found using two approaches:
either based on the lowest/highest energy yield or based on the lowest/highest absolute
temperatures. In the �rst approach, the timestep corresponding to the minimum or maxi-
mum energy content was identi�ed, and the associated temperature pro�le was extracted.
In the second approach, the temperature distributions containing the overall minimum or
maximum values were selected.

Once identi�ed, these distributions were �tted with analytical functions. As one can
describe the thermocline as a logistical function, one can also describe the layer before it
as behaving like a polynomial, and the one after as a logarithmic function. For a thermal
energy storage with low energy content the thermocline is in the upper part of the storage
and can thus be described by a polynomial function. For a thermal energy storage with
high energy content the thermocline is located in the lower part of the storage and can
thus be described by a logarithmic function.TH was thus approximated as a logarithmic
function and TL as a polynomial.

3.3.1 Energy Content

For the energy content calculation, onlyTL is estimated, whileTH = TH;data corresponds
to the actual measured data. The most appropriate polynomial �t forTL was determined
by testing di�erent polynomial degrees. This polynomial produces a smooth, idealized
version of the actual minimum temperature distribution and was used asTL . Computing
� T = TH;data � TL then yields a realistic estimate of the energy content based on the
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system's historical minimum temperature pro�le, ensuring a practical interpretation of
the energy content. For the low-temperature case, the maximum temperature at the top
level of the storage was set to 70� C as this is the temperature of the district heating grid.

3.3.2 Energy Capacity

To estimate the maximum energy capacity, the maximum temperature distributionTH;max

was determined similarly, using the previously �ttedTL . TH;max was obtained through
a logarithmic curve �t of the highest observed temperature distribution. The maximum
energy capacity was then computed using� T = TH;max � TL in the energy equation
(5). These results were compared with FVB's energy estimates and Mälarenergi's energy
dataset. Calculations based on idealized conditions�with a top temperature of 95� C and
a bottom temperature of 45� C�were also performed.

3.4 Quality Assurance of Power

To calculate the power, the volume �ow dataset was used, which also included the temper-
atures of the �ows. According to Equation 6: _Q = cp(T) � � (T) � _V � � T, this was calculated
where _V is the volume �ows from the dataset and� T is the temperature di�erence pre-
and post- the heat exchanger, also provided by the same dataset. This was executed on
both the storage as well as the district side of the heat exchanger and then compared to
Mälarenergi's calculations. Some peculiarities were found on the storage side where the
power suddenly dropped mid-charge. This was stated to be �awed data and was adjusted
by copying the district side power times the ratio between the two powers.

3.5 Loss Calculations

At this stage, the energy and power calculations have been executed and will be further
used to calculate the loss. However, the heat exchanger power calculations gave some
interesting results which need to be presented now to motivate the method section of the
loss calculations, namely that the district and storage side of the heat exchanger gave two
widely di�erent powers. The storage side was roughly 20% greater than the district side,
both during charging and discharging. This was deemed unrealistic, and hence at least
one of these datasets is �awed. Both of these powers are hence used to calculate the losses
to gain insight into whether either of them is more realistic than the other.

Furthermore, the two di�erent power calculations gave di�erent perspectives of the losses.
These perspectives can be observed in Figure 10 where the derivative of the energy level,
the reactive power of the water in the storage, and the two di�erent powers of the heat
exchanger are presented with two di�erent approaches of calculating the losses calledNo
Energy Recovery DS(district side) and Energy Recovery SS(storage side).
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