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A B S T R A C T

This work compares and quantifies the annual losses for three battery system loss representations in a case
study for a residential building with solar photovoltaic (PV). Two loss representations consider the varying
operating conditions and use the measured performance of battery power electronic converters (PECs) but
differ in using either a constant or current-dependent internal battery cell resistance. The third representation
is load-independent and uses a (fixed) round trip efficiency. The work uses sub-hourly measurements of the
load and PV profiles and includes the results from varying PV and battery size combinations. The results
reveal an inadequacy of using a constant battery internal resistance and quantify the annual loss discrepancy
to −38.6%, compared to a case with current-dependent internal resistance. The results also show the flaw of
modelling the battery system’s efficiency with a fixed round trip efficiency, with loss discrepancy variation
between −5 to 17% depending on the scenario. Furthermore, the necessity of accounting for the cell’s loss is
highlighted, and its dependence on converter loading is quantified.
1. Introduction

In recent years, the market for behind-the-meter electrical storage
has grown significantly, partly driven by the related development in
the solar photovoltaic (PV) market [1]. The homeowners’ incentive for
coupling battery storage with PV generation is partly associated with
the ambition to increase the self-consumed share of locally generated
renewable energy. The storage possibility also offers grid reliability,
peak shaving, market arbitrage, and resilience.

In literature related to PV/battery systems modelling, works are
found on the system’s techno-economic performance when adding
battery storage. These works typically evaluate the increase in self-
consumption (SC) and self-sufficiency (SS), e.g., [2–6] or the prof-
itability [7–9]. Typical for these works is the usage of a fixed round
trip efficiency, ranging from 85% [5] to 98% [10] when dealing with
the battery associated losses. Other studies on PV and battery systems
identify the round trip efficiency as a critical parameter for the system’s
performance [11–13]. As pointed out in [5], the losses from the battery
system both originate from the battery itself (mainly the cells), as well
as the power electronic converter (PEC) required for discharge (DC/AC
conversion) and charge (AC/DC conversion), both with load-dependent
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efficiency characteristics [14]. In many cases, the losses in the PECs and
the battery itself are combined and represented by a constant value,
e.g., [3,5,6,12]. A constant efficiency is thus a static and simplifying
assumption and might not accurately reflect the dynamic operation
observed in reality as it misses out on the loss variations both in the
battery cells and the converter.

In [15], a battery storage-size determination is done for a PV and
battery system, and the authors acknowledge the limitation of using a
fixed round trip efficiency and in the article propose that a dynamic ap-
proach is preferred in future studies. Dietrich et al. [5] acknowledge the
non-linear power-dependent characteristic but still use a fixed round
trip efficiency for their profitability study. Despite the comprehensive
techno-economic assessment in [16], the authors use a fixed round trip
characteristic. Parra et al. [11] acknowledge the PECs load-dependent
losses and refers to [17] for the its efficiency characteristics. In [11,18],
models of the battery’s voltage and state-of-charge (SOC) are used, but
it is not clear whether they consider the battery’s cell losses. Munzke
et al. present a detailed loss analysis of 12 PV and battery systems [19]
in a laboratory setup. The measurements in the referred work are
done on single sample days extracted from synthetic data and scaled
vailable online 23 June 2023
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Nomenclature

𝛥Q Change in battery capacity
𝜖 State variable for OCV approximation
𝜂𝑏𝑎𝑡𝑡 Round trip efficiency
𝜂𝑐ℎ Charging efficiency
𝜂𝑐𝑜𝑛𝑣 Converter efficiency
𝜂𝑓𝑖𝑡𝑐𝑜𝑛𝑣 Curve-fitted conv. efficiency
𝜂𝑑𝑖𝑠 Discharging efficiency
𝜂𝑟(𝑖) Battery system eff. with 𝑟(𝑖𝑐𝑒𝑙𝑙)
𝜂𝑅0

Battery system eff. using 𝑅0
𝜂90%𝑅𝑇 90% round trip efficiency
𝜂𝑡𝑜𝑡 Battery system efficiency
𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 PV to load energy ratio
𝐸𝑏𝑎𝑡𝑡 Battery energy capacity
𝐸𝐑
𝑙𝑜𝑠𝑠 Battery system losses using R

𝐸𝑓𝑖𝑥𝑒𝑑
𝑙𝑜𝑠𝑠 Battery system losses using 𝜂𝑏𝑎𝑡𝑡

𝐸𝑡𝑝 Battery system throughput
𝑔𝑟𝑖𝑑 Power to/from the grid
𝑖𝑏𝑎𝑡𝑡 Battery current
𝑖𝑐𝑒𝑙𝑙 Cell current
𝐼𝑙𝑖𝑚𝑖𝑡 Maximum converter current
𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠 No. of parallel strings
𝑛𝑐𝑒𝑙𝑙 No. of series-connected cells
𝑛𝑡𝑜𝑡𝑐𝑒𝑙𝑙 Total number of battery cells
𝑝𝑛 Curve fit constant, 𝑛 ∈ 1–3
𝑝𝑏𝑎𝑡𝑡 Battery power
𝑃𝑚𝑎𝑥
𝑐𝑜𝑛𝑣 Maximum converter power

𝑃𝑚𝑖𝑛
𝑐𝑜𝑛𝑣 Minimum converter power

𝑝𝐑𝑙𝑜𝑠𝑠 Battery resistance losses using R
𝑝𝑣𝑒𝑥𝑝 Exported PV power
𝑞𝑛 Curve fit constant, 𝑛 ∈ 1–2
𝑄𝑏𝑎𝑡𝑡/𝑞𝑏𝑎𝑡𝑡 Battery charge level
𝑄𝑟𝑎𝑡𝑒𝑑

𝑏𝑎𝑡𝑡 Rated battery capacity
𝑄𝑐ℎ Battery charged energy [Wh]
𝑄𝑑𝑖𝑠 Discharged energy [Wh]
𝑄𝑐𝑒𝑙𝑙

𝑛𝑜𝑚 Cell capacity [Ah]
𝑟(𝑖𝑐𝑒𝑙𝑙) Varying battery resistance
𝑅0 Battery internal resistance
𝑟𝑓𝑖𝑡𝑏𝑎𝑡𝑡 Curve-fitted internal battery resistance
𝑟𝑐𝑒𝑙𝑙𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 Measured cell resistance, 𝑓 (𝑖𝑐𝑒𝑙𝑙)
𝑠 Converter loading [%]
𝑆𝑂𝐶𝑚𝑎𝑥 Maximum battery SOC
𝑆𝑂𝐶𝑚𝑖𝑛 Minimum battery SOC
𝑢𝑏𝑎𝑡𝑡 Battery voltage
𝑈𝑛𝑜𝑚
𝑏𝑎𝑡𝑡 Nominal battery voltage

𝑢𝑐ℎ∕𝑑𝑖𝑠𝑐𝑒𝑙𝑙 Cell voltage (charge/discharge)
𝑈 𝑐𝑒𝑙𝑙
𝑛𝑜𝑚 Nominal cell voltage

𝑈 𝑐𝑜𝑛𝑣
𝑛𝑜𝑚 Mean operating converter voltage

𝑟(𝑖𝑐𝑒𝑙𝑙;𝑆𝑂𝐶) Current and SOC dependent battery resistance

to full-year operation. Results include efficiency curves for different
power conversion pathways and conclude that the dominating losses
originate from the power electronic converters and emphasis the effect
of the partial load operation. However, the referred work treated the
internal battery losses with a constant round trip efficiency value.
Munzke et al. [20] list previous works on PV and battery systems and
conclude that the vast majority of the studies use simple fixed values to
represent the battery system’s (combined cells and converter)
2

𝑢⋆𝑐𝑒𝑙𝑙 Measured (reference) cell voltage
𝑢𝑙𝑖𝑛𝑜𝑐𝑣 Linear approximation of OCV(SOC)
𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 OCV(SOC) approximation of mean value from

charge and discharge
RMSE Root-Mean-Square Error
R Battery resistance, 𝑅0 or 𝑟(𝑖𝑐𝑒𝑙𝑙)
AC Alternating current
DC Direct current
OCV Open-circuit voltage
PEC Power electronic converter
PV/pv (solar) Photovoltaic
SOC State of charge

efficiency, e.g., [21–23]. In [20], studies are identified which acknowl-
edge the load-dependency and models the efficiency characteristics of
the PEC, e.g., [24–27]. However, the referred studies, including [20],
treat the battery internal losses using a constant round trip efficiency.

To capture the loss characteristics of the battery cells under dynamic
operation, methods and models to predict the battery’s current and
voltage relation are available in the literature. Examples of this are
found for electrical vehicles (EVs) using a resistance [28] or resistance
network representation [29,30]. These representations are applicable
when studying fast phenomena >1 Hz. However, for buildings—with
less rapid changes—it is proven in [31] that a single resistance rep-
resentation is sufficient to represent the voltage–current relation in a
battery cell for slower current changes. Chaudhry also acknowledges
the scarcely treated subject of relating the battery’s internal resistance
variations to the current level, which is important [31].

A critical research gap is the lack of studies that quantify the effect
of the battery system’s partial load operation, that is, to consider the
load-dependent efficiency characteristics from both the power electron-
ics and battery cells and their effect on the system’s performance in a
residential building. To fill this research gap, this study presents battery
and converter loss models extracted from laboratory measurements,
applies these to a residential PV and battery system, and quantifies the
discrepancy using different existing battery system loss representations.
The proposed dynamic loss representation is compared to the com-
monly used round trip efficiency and a current dependent loss model
with a fixed battery cell internal resistance. Measured load and PV
data from the annual operation of a single-family residential building
is used for the base case. The study extends by varying the PV, load
and battery sizes to analyse the effect on multiple combinations in 16
cases for each loss representation. Another problem not discussed in the
literature is the limited data sheet descriptions. Often a single resistance
value is given, sometimes with a frequency where this value is valid,
and sometimes not. So, an essential question is: How valid is such a
value for loss representations?

This work aims to compare the effect of different battery system
loss prediction models by means of modelling the annual losses and
resulting system self-consumption. A relevant and realistic comparison
is achieved by including models of the efficiency characteristics for
the battery converter and cells, and apply these on measured PV and
load profiles for a residential building. To the best of the authors’
knowledge, no other studies are found that include the load-dependent
efficiency variations for both the PEC and battery cells and quanti-
fies the loss discrepancy between loss representations. The specific
contributions from this article are thus:

(i) Experimentally supported battery cell and power electronic loss
models, as a function of loading.

(ii) Demonstrating the loss models extracted from measurements,
here applied to a case of a residential building with PV and
battery storage.
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Fig. 1. The principle design of equivalent battery circuit with inductance, 𝐿, series resistance, 𝑅0, and 𝑛 parallel circuits with resistance, 𝑅, and capacitance, 𝐶.
w
r

Fig. 2. Simplified equivalent battery circuit model [35].

(iii) Quantifying the loss discrepancies of three battery system loss
representations and their effect on the system’s performance.

(iv) Verifying the results in an extended analysis for a PV and battery
system, i.e., for a combination of PV, load and, battery system
sizes.

. Battery loss modelling

An equivalent battery circuit model is shown in Fig. 1 for 𝑛 num-
ber of parallel RC links. This model is typically used when studying
a fraction-of-a-second temporal resolution [32,33]. In this work, a
simplified circuit model is used neglecting the series inductance (𝐿) and
the parallel-connected resistance and capacitor elements (𝑅𝐶) since
the temporal resolution of the available data is coarse enough to be
represented by full polarisation [34]. Fig. 2 shows the resulting 𝑅𝑖𝑛𝑡
battery circuit model [35] used in this work. This model consists of an
ideal voltage source to represent the open-circuit voltage (OCV), 𝑢𝑂𝐶𝑉 ,
and a series resistance, 𝑅, which describes the cell’s internal ohmic
resistance. The cell’s terminal voltage, 𝑢𝑏𝑎𝑡𝑡, can then be approximated
from [36] as

𝑢𝑏𝑎𝑡𝑡(𝑡) = 𝑢𝑂𝐶𝑉 (𝑡) + 𝑖𝑏𝑎𝑡𝑡(𝑡)𝑅 (1)

where 𝑖𝑏𝑎𝑡𝑡 is the battery cell’s current and defined negative for dis-
charging and positive for charging. This is a simplification that neglects
the hysteresis and voltage measurement noise.

The battery’s operating voltage is determined by the OCV, which is
a function of the battery’s state-of-charge (SOC). The battery’s SOC is
a representation of the charge content and calculated as

𝑆𝑂𝐶(𝑡) =
𝑞𝑏𝑎𝑡𝑡(𝑡)
𝑄𝑟𝑎𝑡𝑒𝑑

𝑏𝑎𝑡𝑡

=
∫ 𝑖𝑏𝑎𝑡𝑡(𝑡)𝑑𝑡

𝑄𝑟𝑎𝑡𝑒𝑑
𝑏𝑎𝑡𝑡

(2)

where 𝑞𝑏𝑎𝑡𝑡(𝑡) and 𝑄𝑟𝑎𝑡𝑒𝑑
𝑏𝑎𝑡𝑡 are the battery’s charge level and rated capacity

respectively.
3

2.1. Battery loss representation — constant ohmic

One way of representing the battery’s losses is to base them on the
internal resistance, 𝑅, and current [37]. The battery current, 𝑖𝑏𝑎𝑡𝑡, varies
with the power charged or discharged, 𝑝𝑏𝑎𝑡𝑡, and the instantaneous
battery voltage, 𝑢𝑏𝑎𝑡𝑡, where the battery’s SOC level mainly governs the
latter. The battery current for each discrete time step, 𝑡𝑘, is related to
the power and battery voltage as

𝑖𝑏𝑎𝑡𝑡(𝑡𝑘) =
𝑝𝑏𝑎𝑡𝑡(𝑡𝑘)
𝑢𝑏𝑎𝑡𝑡(𝑡𝑘)

. (3)

In case of 𝑚 parallel connected strings and an assumed cell uniformity,
the cell current is calculated as

𝑖𝑐𝑒𝑙𝑙(𝑡𝑘) =
𝑝𝑏𝑎𝑡𝑡(𝑡𝑘)
𝑢𝑏𝑎𝑡𝑡(𝑡𝑘)

1
𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠

. (4)

Assuming that the total battery current, 𝑖𝑏𝑎𝑡𝑡, is divided equally on all
parallel strings, the power loss as a function of the battery cell current,
𝑖𝑐𝑒𝑙𝑙(𝑡𝑘), is defined as

𝑝𝑅0
𝑙𝑜𝑠𝑠(𝑡𝑘) = 𝑅0𝑖𝑐𝑒𝑙𝑙(𝑡𝑘)2𝑛𝑐𝑒𝑙𝑙𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠 (5)

where, 𝑅0 is the cell’s constant internal resistance and 𝑛𝑐𝑒𝑙𝑙 the number
of series-connected cells per string. With this approach, the battery’s
ohmic losses, 𝑝𝑅0

𝑙𝑜𝑠𝑠 are related to the current.

2.2. Battery loss representation — dynamic resistance

A battery has an internal resistance dependency as a function of its
current [38,39]. For this representation, the current-dependent resis-
tance is found through the voltage–current ratios at different charge
and discharge rates (C-rates), making it possible to establish the inter-
nal resistance variation per cell as a function of current. The current-
dependent resistance, 𝑟(𝑖𝑐𝑒𝑙𝑙), is calculated using the following relation

𝑟(𝑖𝑐𝑒𝑙𝑙) =
𝑢𝑐ℎ𝑐𝑒𝑙𝑙(𝑖𝑐𝑒𝑙𝑙) − 𝑢𝑑𝑖𝑠𝑐𝑒𝑙𝑙(𝑖𝑐𝑒𝑙𝑙)

2𝑖𝑐𝑒𝑙𝑙(𝑡𝑘)
(6)

here 𝑢𝑐ℎ𝑐𝑒𝑙𝑙(𝑖𝑐𝑒𝑙𝑙) and 𝑢𝑑𝑖𝑠𝑐𝑒𝑙𝑙(𝑖𝑐𝑒𝑙𝑙) are the charge and discharge voltages
espectively at a certain SOC level for the current 𝑖𝑐𝑒𝑙𝑙. The cell losses

are then calculated using (5) while considering the variation in the
internal resistance from (6) as a function of current as

𝑝𝑟(𝑖𝑐𝑒𝑙𝑙 )𝑙𝑜𝑠𝑠 = 𝑟(𝑖𝑐𝑒𝑙𝑙)𝑖𝑐𝑒𝑙𝑙(𝑡𝑘)2𝑛𝑐𝑒𝑙𝑙𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠 (7)

where 𝑖𝑐𝑒𝑙𝑙 is given from (4). Using (7), the loss determination utilises
the fact that the loss varies with the current squared and that the
internal resistance is set by the current found using (6).

2.3. Battery loss representation — fixed round trip efficiency

A fixed round trip efficiency is commonly used in the applied energy
genre. Examples of this are presented in technical studies of solar
photovoltaic and battery systems [2,5,6,15,40–42]. Here follows a brief
definition of these relations.
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Table 1
Technical specifications from the manufacturer of the
LiFePO4 battery cell used for testing and modelling.
Parameter Value

Chemistry LiFePO4
Nominal capacity, 𝑄𝑐𝑒𝑙𝑙

𝑛𝑜𝑚 12 Ah
Nominal voltage, 𝑈 𝑐𝑒𝑙𝑙

𝑛𝑜𝑚 3.2 V
Charge/discharge cut-off voltage 3.65/2 V
Internal resistance, 𝑅0 3 mΩ

Fixed charge and discharge efficiency’s, 𝜂𝑐ℎ and 𝜂𝑑𝑖𝑠 respectively are
defined in [43,44] as

𝜂𝑐ℎ(𝑡𝑘) =
𝛥𝑄(𝑡𝑘)
𝑄𝑐ℎ(𝑡𝑘)

(8)

𝑑𝑖𝑠(𝑡𝑘) =
𝑄𝑑𝑖𝑠(𝑡𝑘)
𝛥𝑄(𝑡𝑘)

(9)

here 𝛥𝑄(𝑡𝑘) is the change in battery capacity (Wh), and 𝑄𝑐ℎ(𝑡𝑘) and
𝑑𝑖𝑠(𝑡𝑘) the charged and discharged energies respectively at time 𝑡𝑘.

The fixed round trip efficiency, 𝜂𝑏𝑎𝑡𝑡, without considering any
hroughput dependency, is defined for instance in [43,44] using (8)
nd (9) as

𝑏𝑎𝑡𝑡 = 𝜂𝑐ℎ × 𝜂𝑑𝑖𝑠 =
𝑄𝑑𝑖𝑠
𝑄𝑐ℎ

(10)

hus, the battery losses assuming a fixed round trip efficiency and
dentical start and end battery SOCs, are given as the difference in
harge and discharge energies as

𝑓𝑖𝑥𝑒𝑑
𝑙𝑜𝑠𝑠 = ∫

𝑇

0
𝑢𝑐ℎ𝑏𝑎𝑡𝑡(𝑡)𝑖𝑐ℎ(𝑡)𝑑𝑡 − ∫

𝑇

0
𝑢𝑑𝑖𝑠𝑏𝑎𝑡𝑡(𝑡)𝑖𝑑𝑖𝑠(𝑡)𝑑𝑡 (11)

efined for the time period, 𝑇 .

. Battery & power electronic converter characterisation

As acknowledged in the literature, the losses from a battery stor-
ge system basically originate from two sources: the cells and the
ower electronics [5] needed to control the battery, both with load-
ependent loss behaviours [14]. Individual tests are made on a battery
ell and a power electronic converter (PEC) to accurately determine
hese respective characteristics.

.1. Battery cell

To accurately represent the battery’s characteristics, tests were done
n a single cell to establish the internal voltage as a function of SOC.
rom this, it was then possible to determine the internal resistance
ariation as a function of current using (6). Table 1 shows the technical
pecifications given by the manufacturer for the LiFePO4 battery cell
sed in the laboratory tests.

.1.1. Open-circuit voltage and resistance determination tests
To establish the relation between battery SOC and voltage, 𝑢𝑏𝑎𝑡𝑡,

harging and discharging of the battery cell were done using a 0.12 A
urrent (0.01 C). The lower C-rate was chosen as per recommendation
rom previous works [36,45,46] to reduce the dynamics excited in the
ells. The test was done for the complete SOC interval (0%–100%) at
oom temperature using a Gamry REF 3000 and a PEC ACT 0550 instru-
ent. Further measurements were conducted in the range 0.36–18 A

0.03–1.5 C) to determine the resistance value for higher currents to
over the battery system’s operating range in a residential application.
he results were then fed into (6) to determine the internal resistance
ependency as a function of the battery current. The same resistance,
(𝑖 ), is assumed for charge and discharge in this work.
4

𝑐𝑒𝑙𝑙
Table 2
Modelled relation between the battery’s current and internal resistance,
𝑟𝑐𝑒𝑙𝑙𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (𝑖𝑐𝑒𝑙𝑙) for a single-variable resistance representation.

Current, 𝑖𝑐𝑒𝑙𝑙 [A] C-rate [Ah−1] 𝑟𝑐𝑒𝑙𝑙𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (𝑖𝑐𝑒𝑙𝑙) [mΩ]

0.12 0.01 185.4
0.36 0.03 78.3
1.2 0.1 36.1
2 0.17 29.0
3 0.25 23.6
6 0.5 19.1
12 1.0 14.0
18 1.5 11.0

3.1.2. Results — open-circuit voltage
The result from the charge and discharge measurements outlined in

Section 3.1.1 is shown in Fig. 3 together with the battery’s SOC limits
used in the system modelling (15%–90%). The selected SOC range
allows for a stable voltage output to the battery converter. The cell
has a significant difference between the OCV for charge and discharge,
caused by a significant hysteresis effect which is confirmed in other
studies on the same battery chemistry, LiFePO4 [38,39]. To account
for the observed difference in voltages during charge and discharge, a
linear approximation of the OCV, as the average value from charge and
discharge [36] (𝑢𝑙𝑖𝑛𝑜𝑐𝑣) is given as

𝑢𝑙𝑖𝑛𝑜𝑐𝑣(𝑆𝑂𝐶) = 0.00133 × 𝑆𝑂𝐶 + 3.234 (12)

for the operating range ∀15% ≤ SOC ≤ 90%.

3.1.3. Results — resistance determination
Using (6) and the average value for SOC ∈15%–90% for different

C-rates gives the relation between the battery’s internal resistance, 𝑟,
and current, 𝑖𝑐𝑒𝑙𝑙, as presented in Table 2. The measured resistance as
a function of current can be expressed with a curve fit as

𝑟𝑓𝑖𝑡𝑏𝑎𝑡𝑡(𝑖𝑐𝑒𝑙𝑙) =
𝑝1𝑖2𝑐𝑒𝑙𝑙 + 𝑝2𝑖𝑐𝑒𝑙𝑙 + 𝑝3

𝑖𝑐𝑒𝑙𝑙 + 𝑞1
(13)

here the numerical values (𝑝1–𝑝3 and 𝑞1) are shown in Table A.4. The
easurements and resulting curve fit are also shown in Fig. 4 together
ith the data sheet value, 𝑅0, from Table 1. There is an explicit current
ependency on the resistance value, especially prominent for low C-
ates. It is also evident that the resistance value given in the data
heet (3 m𝛺) does not accurately represent the internal resistance and
s significantly erroneous at low C-rates. Even at a C-rate of 1.5, the
nternal resistance value is more than three times the value given in the
ata sheet. Results from a high-frequency Electrochemical Impedance
pectroscopy (EIS) sweep showed that the resistance in the range of 1–
0 kHz was around 2 m𝛺, i.e., in fact even lower than the data sheet
alue [34] also for low currents. Accordingly, the effective resistance is
uch lower for an application with high-frequency content. However,

n the building application investigated here, assuming full polarisation
n the battery cells, the data sheet value becomes far too low, as can
e noted in Fig. 4. Fig. 4 also shows the cell losses using 𝑟(𝑖𝑐𝑒𝑙𝑙) and the
abulated internal resistance, 𝑅0, where it is evident that the current
s the driving force for the losses, and when ignoring the resistance’s
urrent-dependency, that is, using 𝑅0, the losses are underestimated.

.2. Battery model verification

To quantify the accuracy of the 𝑅𝑖𝑛𝑡 battery models, the measured
urrent from Section 3.1.1 is used to calculate the cell voltage and
re then compared with the measured (𝑢⋆𝑐𝑒𝑙𝑙). Five battery models are
valuated:

• 𝑢𝑙𝑖𝑛𝑜𝑐𝑣+𝑅0 — linear approximation of the open-circuit voltage (OCV)
as a function of SOC (see Fig. 3), and with the internal battery

resistance, 𝑅0 from the data sheet, see Table 1.
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Fig. 3. Battery cell voltages, 𝑢𝑐𝑒𝑙𝑙 , for charge and discharge as a function of SOC at 0.12 A (0.01 C) together with an OCV approximation from the mean value (𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 ) and a
linearisation of the mean approximation (𝑢𝑙𝑖𝑛𝑜𝑐𝑣).
Fig. 4. Measured (points) and curve fitted internal battery cell resistance (black line) as a function of current, 𝑟(𝑖𝑐𝑒𝑙𝑙), the internal resistance 𝑅0 (dashed black line) from Table 1
data sheet value). The resulting cell losses using 𝑟(𝑖𝑐𝑒𝑙𝑙) and internal resistance, 𝑅0 (red lines). (For interpretation of the references to colour in this figure legend, the reader is
eferred to the web version of this article.)
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• 𝑢𝑙𝑖𝑛𝑜𝑐𝑣 + 𝑟(𝑖𝑐𝑒𝑙𝑙) — linear OCV approximation and with current-
dependent resistance, see Table 2.

• 𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 +𝑅0 — OCV approximation of the mean value of charge and
discharge (see Fig. 3) and 𝑅0.

• 𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 +𝑟(𝑖𝑐𝑒𝑙𝑙) — mean OCV approximation and current-dependent
resistance.

• 𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 +𝑟(𝑖𝑐𝑒𝑙𝑙;𝑆𝑂𝐶) — mean OCV approximation and acknowledg-
ing the resistance’s SOC [47] and current dependency. The SOC
dependency is found for the modelled SOC range using (6) and
calculated for each measured current.

Fig. 5 shows the measured (𝑢⋆𝑐𝑒𝑙𝑙) and the modelled voltages. In
ig. 5(a), the results are shown for the whole measurement period using
he mean OCV approximation (𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 ), and in Fig. 5(b), a close-up is
hown for 𝑖𝑐𝑒𝑙𝑙 = 0.36 A. Using 𝑅0 underestimates the voltage during
harge and overestimates it during discharge, a finding valid for all cell
urrents. Using 𝑢𝑚𝑒𝑎𝑛𝑜𝑐𝑣 from Fig. 3 gives an accurate representation of the
urve shape, but for 𝑅0, the modelled voltage has an offset from the
easured values. This offset thus confirms that the data sheet value for
0 is inaccurate for modelling the voltage profile for a single-resistance

oss model. For the 𝑅𝑖𝑛𝑡 model with a current-dependent resistance
𝑟(𝑖𝑐𝑒𝑙𝑙)), the values align better with the measured voltages. Similarly,
n Fig. 5(c) with the linear OCV approximation, the single-resistance
odel using 𝑅 gives an offset to the measured voltage.
5

0

The modelled discrepancy from the measured cell voltage is quan-
ified by the Root-Mean-Square Error (RMSE) in Fig. 6. As aforemen-
ioned, the negligence of the resistance’s current dependency results in
he most significant discrepancies from the measured voltages. For the
inear and mean approximations, the RMSEs are 38.3 and 37.3 mV, re-
pectively. The resistance modelling has a much more significant effect
n the discrepancy than the OCV approximation. Also, the inclusion of
he SOC dependency only marginally improves the modelled accuracy
1.4 mV), comparing the last two bars.

.3. Battery converter

The connection between the PV array and the battery storage can be
ade via AC or DC coupling, where the common point of connection

n the former case is AC and DC in the latter, both configurations
ffering different advantageous [48,49]. The battery converter can also
ave a single or two-stage topology, where for a single-stage converter,
he battery is connected directly to the converter’s DC link, whereas,
n a two-stage topology, a DC/DC converter regulates the voltage to
oost the DC/AC conversion performance [50]. This work studies an
C-coupled system.

To get the full efficiency characteristics of the battery converter,
easurements were made on a bidirectional 14 kVA transformerless
C/DC converter with a neutral point clamped (NPC) topology. The
C side voltage was fixed during the measurements at ±380 VDC and
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Fig. 5. Measured (𝑢⋆𝑐𝑒𝑙𝑙), thick black line, and modelled cell voltages for the measurement period (a) and a close-up (b) for 𝑖𝑐𝑒𝑙𝑙 = 0.36 A, both using the mean OCV approximation,
and (c) a close-up using the linear OCV approximation.
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Fig. 6. Root-mean-square error (RMSE) from measured cell voltage for the compared
models.

the AC side voltage at 400 VAC RMS at 50 Hz. Table 3 shows the
technical specifications of the converter. Measurements were registered
over the whole working interval, using a Norma D6100 A 3-phase
power analyser for the AC quantities and a Yokogawa WT1600 for the
DC side. The efficiency was then calculated with a 0.2% uncertainty.
6

e

Table 3
Technical specifications of the AC/DC power electronic
converter.
Parameter Value

Power rating 14 kVA
Voltage (RMS, AC side) 400 VAC
Maximum current (DC side) ±20 A
Voltage (DC side) ±380 VDC (nominal)

3.3.1. Results — power electronic converter measurements
From the measurements outlined in Section 3.3, a curve fit is done

to obtain the efficiency characteristics as a function of loading. The
curve fits is done to the polynomial

𝜂𝑓𝑖𝑡𝑐𝑜𝑛𝑣(𝑠) =
𝑝1𝑠 + 𝑝2

𝑠2 + 𝑠𝑞1 + 𝑞2
(14)

here 𝑠 is the converter loading, in percent of rated power, and the
umerical values are presented in Table A.5. Fig. 7 shows the mea-
urement points and the curve-fitted efficiency characteristic, 𝜂𝑓𝑖𝑡𝑐𝑜𝑛𝑣 from
14). Worth noting is that for <10% of rated power operation, a sig-
ificant efficiency drop must be acknowledged for accurate converter
odelling.

. Applied case & system modelling

To quantify the effect of the three battery system loss representa-
ions, these are applied to a use-case of a single-family building and

valuated for a full year’s operation.
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Fig. 7. Curve fitted efficiency characteristics from the measurements.

Fig. 8. Measured daily load demand and PV generation for one year’s operation.

4.1. Case setup

The applied case for system performance evaluation is a single-
family residential building located in Borås, Sweden. Measured data
of the load usage and PV generation with a temporal resolution of
15 min are used as a basis for this study. The annual load usage in 2016
was 6354 kWh, and the PV array with 3.68 kWp generated 3113 kWh
(846 kWh/kWp). Fig. 8 shows the daily energy amounts.

Several PV and load sizes were derived from the reference case to
extend the case analysis. If the reference PV array size (3.68 kWp) is
denoted 1 PV and equals 50% of the annual energy demand (𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 =
0.5), the other array sizes used are 2 and 4 PV. Furthermore, two load
cases are included; ‘low’ (1 Load) and ‘high’ (2 Load). To summarise,
the analysis includes the following scenarios:

A. 1 PV/1 Load; 𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 = 0.5
B. 2 PV/1 Load; 𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 = 1.0
C. 2 PV/2 Load; 𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 = 0.5
D. 4 PV/2 Load; 𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 = 1.0

here 𝐵. equals a net-zero energy building 𝜅𝑝𝑣∕𝑙𝑜𝑎𝑑 = 1.0, 𝐶. the same
V-to-load ratio as the reference case but with an increase power
hroughput from both PV (charging) and load demand (discharging).
nd 𝐷. that combines the net-zero case with an up-scaled PV and load
cenario.

.2. System modelling

The scaling from battery cell to pack level is done by matching
he nominal battery voltage, 𝑈 𝑏𝑎𝑡𝑡

𝑛𝑜𝑚 , with the mean operating voltage,
𝑐𝑜𝑛𝑣, 𝑗
𝑛𝑜𝑚 , of the measured converter (see Table 3) to give the required

eries-connected cells, 𝑛𝑐𝑒𝑙𝑙, of the cell-type tested in this work. The
umber of cells is given by the ratio

𝑐𝑒𝑙𝑙 =
𝑈 𝑐𝑜𝑛𝑣, 𝑗
𝑛𝑜𝑚
𝑐𝑒𝑙𝑙 (15)
7

𝑈𝑛𝑜𝑚
t

where 𝑈 𝑐𝑒𝑙𝑙
𝑛𝑜𝑚 is the nominal cell voltage from Table 1. The battery energy

capacity is given as

𝐸𝑏𝑎𝑡𝑡 = 𝑈 𝑐𝑒𝑙𝑙
𝑛𝑜𝑚𝑛𝑐𝑒𝑙𝑙𝑄

𝑐𝑒𝑙𝑙
𝑛𝑜𝑚𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠 (16)

here 𝑄𝑐𝑒𝑙𝑙
𝑛𝑜𝑚 is given from Table 1. Using the converter’s nominal

oltage and 𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠 ∈ 1:2 and the ’’big cell’’ approximation [51] give
wo battery sizes; 9.1 kWh and 18.2 kWh. The maximum battery power
P𝑚𝑎𝑥
𝑐𝑜𝑛𝑣 for charge and discharge) is restrained by the PEC and in this
ork, two sizes are modelled; 3.6 kW and 7.2 kW. Where the former is

he size of the PV array in the reference case (see Section 4.1) and the
atter a doubling to match the ’2 PV’ case.

The battery system operates according to the ’’Target Zero’’ dispatch
lgorithm adopted from [52], and Algorithm 1 describes its operation.
ere, 𝜂𝑡𝑜𝑡 represents the combined efficiency for the battery cell and
onverter, or the fixed round trip efficiency depending on the modelled
epresentation. The maximum and minimum values for the battery’s
OC levels are denoted 𝑆𝑂𝐶𝑚𝑎𝑥 and 𝑆𝑂𝐶𝑚𝑖𝑛, respectively, and the
nstantaneous SOC as 𝑆𝑂𝐶(𝑡). Minimum and maximum battery power
hroughput’s are defined as 𝑃𝑚𝑖𝑛

𝑐𝑜𝑛𝑣 and 𝑃𝑚𝑎𝑥
𝑐𝑜𝑛𝑣 respectively. 𝑃𝑚𝑖𝑛

𝑐𝑜𝑛𝑣 is set to
% to avoid the initial loss peak from the converter as seen in Fig. 7.
he battery pack voltage, 𝑢𝑏𝑎𝑡𝑡(𝑡) is compensated for in the next time
tep using the internal resistance, R as either 𝑅0 or 𝑟(𝑖𝑐𝑒𝑙𝑙), depending
n the representation.1 Lastly, the battery’s SOC level is adjusted for
he next time step using (2).

Algorithm 1: Battery dispatch
if pv(t) < load(t) then

if 𝑆𝑂𝐶(t) > SOC𝑚𝑖𝑛 & max[SOC𝑚𝑖𝑛−SOC(t), pv(t)−load(t)]
< −P𝑚𝑖𝑛

𝑐𝑜𝑛𝑣 then
𝑝𝑏𝑎𝑡𝑡(t) = max[SOC𝑚𝑖𝑛 − 𝑆𝑂𝐶(t), 𝑝𝑣(t)−𝑙𝑜𝑎𝑑(t),
−P𝑚𝑎𝑥

𝑐𝑜𝑛𝑣]/𝜂𝑡𝑜𝑡;
𝑔𝑟𝑖𝑑(t) = 𝑝𝑏𝑎𝑡𝑡(t) + 𝑙𝑜𝑎𝑑(t) − 𝑝𝑣(t);
𝜖 = -1;

else
𝑔𝑟𝑖𝑑(t) = 𝑙𝑜𝑎𝑑(t) − 𝑝𝑣(t)

end

else
if SOC(t) < SOC𝑚𝑎𝑥 & min[SOC𝑚𝑎𝑥 − 𝑆𝑂𝐶(t), 𝑝𝑣(t)−𝑙𝑜𝑎𝑑(t)]
> 𝑃𝑚𝑖𝑛

𝑐𝑜𝑛𝑣 then
𝑝𝑏𝑎𝑡𝑡(t) = max[SOC𝑚𝑎𝑥 − 𝑆𝑂𝐶(t), 𝑝𝑣(t)−𝑙𝑜𝑎𝑑(t), P𝑚𝑎𝑥

𝑐𝑜𝑛𝑣]𝜂𝑡𝑜𝑡;
𝑝𝑣𝑒𝑥𝑝(t) = 𝑝𝑣(t) − 𝑙𝑜𝑎𝑑(t) − 𝑝𝑏𝑎𝑡𝑡(t);
𝜖 = 1;

else
𝑝𝑣𝑒𝑥𝑝(t) = 𝑝𝑣(t) − 𝑙𝑜𝑎𝑑(t);

end

end
𝑖𝑏𝑎𝑡𝑡(𝑡) = 𝑝𝑏𝑎𝑡𝑡(𝑡)/𝑢𝑏𝑎𝑡𝑡(𝑡);
𝑢𝑏𝑎𝑡𝑡(t+𝛥t) = 𝑢𝑂𝐶𝑉 (𝑡) + R𝑖𝑏𝑎𝑡𝑡(t);
𝑆𝑂𝐶(t+𝛥t) = 𝑆𝑂𝐶(𝑡) + ∫ 𝑖𝑏𝑎𝑡𝑡(𝑡)𝑑𝑡/𝑄𝑟𝑎𝑡𝑒𝑑

𝑏𝑎𝑡𝑡 ;

In the modelling, the losses for the round trip efficiency represen-
tation are given by (11). For the other two representations outlined in
Sections 2.1 and 2.2, the battery system losses are given as

𝑒𝑙𝑜𝑠𝑠(𝑡) = ∫

𝑡1

𝑡2

(

𝐑𝑖2𝑐𝑒𝑙𝑙(𝑡)𝑛𝑐𝑒𝑙𝑙𝑚𝑠𝑡𝑟𝑖𝑛𝑔 +
[

1 − 𝜂𝑐𝑜𝑛𝑣(𝑡)
]

𝑝𝑏𝑎𝑡𝑡(𝑡)
)

𝑑𝑡 (17)

here R is either taken from the data sheet as 𝑅0 (see Table 1) or from
he measurements as a function of current, 𝑟(𝑖𝑐𝑒𝑙𝑙) (see Table 2). 𝜂𝑐𝑜𝑛𝑣(𝑡)

1 This is only done for the 𝑅𝑖𝑛𝑡 representations having a voltage–current
ependency. Thus, no voltage compensation is made when using the round
rip efficiency.
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Fig. 9. Loss split between converter and cell losses using P𝑐𝑜𝑛𝑣
𝑚𝑎𝑥 = 3.6 and 7.2 kW and

ith a varying resistance, 𝑟(𝑖𝑐𝑒𝑙𝑙), over the battery system’s loading range.

s the power electronic converter efficiency (see Fig. 7) and 𝑝𝑏𝑎𝑡𝑡(𝑡) the
attery power. Using (17), both the cell’s and the power electronic
onverter’s losses are thus accounted for.

Fig. 9 shows the share of converter and cell losses for the 9.1 kWh
attery for P𝑐𝑜𝑛𝑣

𝑚𝑎𝑥 = 3.6 and 7.2 kW, and with an internal resistance as
function of current using (6). The coloured areas show the split over

he converter loading for P𝑐𝑜𝑛𝑣
𝑚𝑎𝑥 = 3.6 kW and the dashed line the shift

n the loss split for P𝑐𝑜𝑛𝑣
𝑚𝑎𝑥 = 7.2 kW. At lower loading, the losses are

ominated by the converter’s performance. However, as the loading
ncreases, the cell losses become more prominent and driven by the
ncreased current and better performance of the converters at higher
owers, see Fig. 7. At full converter loading, the loss share becomes
0%; thus highlighting the necessity to account for these to have an
ccurate loss representation.

. Results — applied system case

The effect of the three loss representations on the system’s perfor-
ance is evaluated for the case described in Section 4.1, using the
odelled procedure outlined in Section 4.2. The results for the fixed

ound trip model include the combined losses from the battery’s PEC
nd cells. In this work, 𝜂𝑅𝑇 is set to 90%, which is typically used in
elated works, e.g., [2,7,13,53]. The load-dependent representations
re modelled with a fixed and current-dependent resistance (𝜂𝑅0

and
𝑟(𝑖) respectively) and with the PEC’s load-dependent efficiencies from
ig. 7.

The results from Section 3.2 show marginal improvements using the
ean values from charge and discharge for the OCV approximation
𝑢𝑚𝑒𝑎𝑛𝑐𝑒𝑙𝑙 ) compared to the linear (𝑢𝑙𝑖𝑛𝑜𝑐𝑣). Thus, the latter is used in the
ystem performance evaluation.

.1. Cell current and resistance

The distribution of cell currents from annual operation of the refer-
nce case (1 PV/1 Load) are shown in Fig. 10(a) with P𝑐𝑜𝑛𝑣

𝑚𝑎𝑥 = 7.2 kW.
igher peak values are consequently observed for the smaller battery

9.1 kWh). This, as the assumption of cell uniformity distributes the cur-
ent equally in the strings (for 𝑚𝑠𝑡𝑟𝑖𝑛𝑔 > 1) as per (4). Numerically, the
verage annual currents are 1.0 A and 0.51 A for the smaller and larger
ize, respectively. This difference in current is reflected in the resistance
istribution (Fig. 10(b)), where the annual average resistance is >50%
igher for the larger battery size. The resistance distribution shows that
single value does not accurately represent the battery’s characteristics
s it fails to capture the variations. Furthermore, comparing the annual
verages, 𝑟(𝑖𝑐𝑒𝑙𝑙)𝑚=𝑛, with the data sheet value, 𝑅0, shows that the latter
reatly underestimates the internal resistance throughout. Thus, using
single (fixed) resistance is inaccurate for modelling the battery losses.
8

.2. Annual battery system losses

The aggregated annual battery system losses are shown in Fig. 11
or E𝑏𝑎𝑡𝑡 = 9.1 kWh (Fig. 11(a) and Fig. 11(b)) and E𝑏𝑎𝑡𝑡 = 18.2 kWh
Fig. 11(c) and Fig. 11(d)). For the 𝑅𝑖𝑛𝑡 models, the losses are sep-
rated between the converter and cells, with most losses originate
rom the converter, as concluded in [19,50]. For neither of the 16
odelled scenarios is the 𝑅𝑖𝑛𝑡 model with 𝑅0 accurate to estimate the

nnual losses, with a relative loss discrepancy of −20.5 to −38.6%/a
or 35–112 kWh/a) compared to proposed benchmark model using a
urrent-dependent resistance variation. Together with the findings in
ection 5.1, it is fair to conclude that when using the 𝑅𝑖𝑛𝑡 model, the
esistance’s current dependency must be acknowledged for an accurate
stimation of the battery’s performance. Using 𝜂90%𝑅𝑇 gives a proportional
elation between losses and battery throughput and marginal effect
rom the converter size when ignoring the load-dependent character-
stics. Relative to the benchmark model, the loss discrepancies vary for
he modelled scenarios; -5% to 17% for the smaller and 3%–29% for
he larger battery.

.3. Battery cell loss share

As shown in Fig. 11, the cell’s loss share is significant, and the
elative influence varies with the modelled cases (A–D) and battery
ystem sizes. Fig. 12 shows the ratios per battery and converter sizes
or the current-dependent resistance representation. Larger battery
owers—going from case A to D—shift the operation to higher loading.
his shift results in an enhanced effect from the cells, as seen in Fig. 9.
hen comparing the two sizes for the same case and converter size,

t is clear that the larger battery has a lower loss share from the
ells. Analysing the converter loading’s probability distribution shows
imilar conditions and thus excludes the effect from the converter.
he variation in cell current—from the difference in parallel strings—

nstead explains the difference (see Fig. 10(a)). For the smaller battery
9.1 kWh), all cells are modelled in one string (𝑚𝑠𝑡𝑟𝑖𝑛𝑔𝑠 = 1), while for
he larger battery, two strings are modelled in parallel. These parallel
trings divide the battery current equally during operation and thus
alve the cell current, 𝑖𝑐𝑒𝑙𝑙, as per (4). As the current drives the cell
osses (see (7)), the larger battery has lower losses for the same power.
rom the annual average converter loading and loss shares, the results
re fitted to the loss ratios from Fig. 9, as seen in Fig. 13. The added
ines for the larger battery confirm that the battery with two parallel
trings has lower relative cell losses for the same power. To conclude,
he results show that the battery losses cannot be ignored and that the
oss-shares exceed 40% for the proposed 𝑅𝑖𝑛𝑡 benchmark model with
ts current-dependent resistance.

. Conclusions

This work performs a comparative study of the technical perfor-
ance of a PV and battery system using three loss representations: two
𝑖𝑛𝑡 battery models and one using a (fixed) roundtrip efficiency. One
f the 𝑅𝑖𝑛𝑡 models use experimentally obtained values of the battery
ell’s resistance as a function of current and the battery converter’s
fficiency characteristics. The loss representations are modelled for a
ingle-family residential building to quantify the annual losses. The
esults highlight the importance of having an adequate battery system
oss model when evaluating the performance under varying operating
onditions and that the cell losses must be accounted for accurate loss
odelling.

Measurements on a LiFeP04 battery cell show a substantial varia-
ion in internal resistance as a function of current, and that the data
heet value does not give an accurate representation at any point
f operation. The proposed 𝑅𝑖𝑛𝑡 battery model with a linear OCV
ariation of SOC and current-dependent internal resistance has proven
ccurate for modelling the cell’s voltage characteristics. The efficiency
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Fig. 10. Distribution of (a): battery cell currents, 𝑖𝑐𝑒𝑙𝑙 and (b): cell resistance, 𝑟(𝑖𝑐𝑒𝑙𝑙) and data sheet resistance, 𝑅0. Included are also the average cell currents (𝑖𝑚=𝑛𝑐𝑒𝑙𝑙 ) and resulting
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haracteristics of the battery converter also support the necessity of
ccounting for the load variations as the power dependency is evident.

Results show that neither a round trip efficiency nor the data
heet (fixed) resistance representations accurately estimate the battery
ystem’s annual losses. The 𝑅𝑖𝑛𝑡 model using 𝑅0 fails to give accurate
esults for all studied scenarios. Despite considering the quadratic loss
ependency, a single (fixed) resistance is insufficient, and the annual
oss discrepancy is—at worst—38.6% for the studied scenarios. As for
he round trip representation, the discrepancy depends on the mod-
lled case and battery system size. Without pre-modelling knowledge,
hoosing an adequate round trip efficiency is thus tricky.

The results also prove that cell losses cannot be ignored and that
ts effect enhances with increased converter loading. For the studied
cenarios, the cells’ contribution range between 22%–45%.

Above all, the results show that a single-resistance 𝑅𝑖𝑛𝑡 model using
he data sheet resistance or a fixed round trip efficiency is inaccurate
or determining the battery system’s losses. The modelling approach
resented here is strongly proposed for future studies of efficiency and
r losses of battery systems. The experimental setups and modelling
pproaches are generic and can thus be applied to other battery chem-
stry or converter types and are not limited to the ones examined in
his work.
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ppendix. Numerical values for curve fits

The numerical values for the curve fits presented in (13) and (14)
re shown in Table A.4 and Table A.5 respectively, together with the
tatistical significance of the curve fits.
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Fig. 11. Annual battery system losses for the three representations divided per loss origin (for the 𝑅𝑖𝑛𝑡 models) and for the studied cases (see Section 4.1 for case descriptions).
Figure (a): E𝑏𝑎𝑡𝑡 = 9.1 kWh and P𝑐𝑜𝑛𝑣

𝑚𝑎𝑥 = 3.6 kW, (b): E𝑏𝑎𝑡𝑡 = 9.1 kWh and P𝑐𝑜𝑛𝑣
𝑚𝑎𝑥 = 7.2 kW, (c): E𝑏𝑎𝑡𝑡 = 18.2 kWh and P𝑐𝑜𝑛𝑣

𝑚𝑎𝑥 = 3.6 kW, and (d): E𝑏𝑎𝑡𝑡 = 18.2 kWh and P𝑐𝑜𝑛𝑣
𝑚𝑎𝑥 = 7.2 kW.

Fig. 12. Variation in battery cell loss share per battery configuration for case A–D, using the current-dependent internal resistance representation.

Fig. 13. Converter loss ratios (lines) and the modelled values using the annual mean converter loading and loss ratios.
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Table A.4
Numerical values from the curve fit for inter-
nal resistance variation in the battery cell as
a function of current.
Coefficient Value [-]

𝑝1 −0.4651 × 10−3

𝑝2 17.96 × 10−3

𝑝3 23.02 × 10−3

𝑞1 15.79 × 10−3

𝑅2 1
RMSE 0.5171 × 10−3

Table A.5
Numerical values from the curve
fit of the battery’s power electronic
converter.
Coefficient 𝜂𝑐𝑤
𝑝1 4522
𝑝2 −6.657 × 10−4

𝑞1 45.49
𝑞2 0.155
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