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Abstract

The call for net-zero emission flights by 2050 is prompting the design of alternative aircraft propulsion systems.
In this framework, the electrification of both propulsive and non-propulsive loads onboard aircraft is thoroughly
investigated. Despite the large number of battery electric (BE) aircraft concepts , the only certified BE aircraft
is the two-seater Pipistrel Velis Electro. In this study, the mission performance and thermal stability of the
battery packs of the Velis Electro are analyzed by means of simulation, using a combination of electric
equivalent circuit models (EECM) and lumped parameter thermal network (LPTN) models. The models were
validated with data from NLR’s Velis Electro aircraft where a maximum prediction error below 2% was found
for both voltage and temperature.

1 Introduction

Since the first human flight in 1903, aviation has encountered a fast growth becoming an integral part of our society
for both human and goods transportation. Despite the technological advancements along these years, one constant has
remained the use of fossil fuels-based propulsion systems. Nowadays, engines are highly efficient, however, due to the
increased number of flights it is forecasted that greenhouse gas emissions from aviation could increase by a factor of
3.6 by 2050, if no action is taken [1]. To meet the Paris Agreement goal of net-zero emissions aviation by 2050 [2], a
radical change of the current powertrain designs is needed. Alternative propulsion systems, i.e., fuel cells, batteries,
hybrid-systems, are investigated as potential alternatives for future aircraft.

The battery electric (BE) aircraft concept foresees the use of batteries for both non-propulsive and propulsive power.
Several BE propulsion concepts have been studied [2], [3], [4], but there are still many open challenges, i.e., battery
mass and volume, safety issues, performance degradation, and operational constraints. These challenges have hindered
the development of BE aircraft, with only one certified BE aircraft available on the market today: the Pipistrel Velis
Electro[5]. This study aims to address the challenge of thermal stability in BE aircraft by evaluating mission
performance and thermal stability of batteries. This will require a coupling to be made between an electrical model,
modelling the electrical performance in terms of current, voltage, state-of-charge and heat generation and a thermal
model, modelling the temperature evolution of the battery pack.

When attempting to model the electrical performance of a lithium-ion battery pack it is important to first model the
individual battery cells making up the battery pack. The modelling approaches available for modelling the electrical
performance of lithium-ion battery cells are detailed-electrochemical models, electric equivalent circuit models and
data-driven models. In [6], [7], [8] coupled electrical-thermal models have been developed using detailed
electrochemical models like the Doyle-Fuller-Newman (DFN) model [9] and derivates of this model like the single
particle model (SPM) [10], [11], [12]. Accurate modelling results were achieved with this modelling approach in [6],
[71, [8]. However, the electrochemical-models require a large amount of parameters to be estimated or known a-priori
and are generally best suited for detailed simulation of single lithium-ion battery cells as the complexity and
computational cost of these models is high[13], [14].

On the other end of the spectrum are the data-driven models. These models use machine learning techniques to learn
the relationships between input and output variables [15]. In [15], [16], data driven approaches where used to model
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the voltage behaviour of lithium ion battery cells. Both studies achieved accurate modelling results with the data driven
approaches. However they required large amounts of experimental data to be available to train the models. Since the
models are developed solely based on measured data and with minimum to zero use of the battery physics, they are
less effective in describing internal physicochemical phenomena [14].

Another option for modelling the electrical behaviour of lithium ion-battery cells is with the use of electric equivalent
circuit models (EECM). EECMs simulate the causality between the battery current and the voltage by constructing an
electric circuit using resistors and capacitors, although they do not inherently represent the physical effects [14].
EECMs have been used in [19], [20] to simulate the electric behaviour of lithium ion batteries with great success. In
[20], [21], [22] comparisons are made between different types of EECMs and the modelling accuracy. From these
studies it could be concluded that by adding more circuit parameters to the model, more complex battery behaviour
could be modelled with the risk of overfitting the data. Similar to data-driven models, EECMs require experimental
data to allow for model parameter estimation. Approaches for this parameter estimation have been described in [23],
[24]. The EECM approach strikes a good balance between model complexity and computational costs when compared
to the electrochemical and data driven approaches. For this reason the EECM is the electrical model of choice in this
work.

The thermal part of the developed model should be able to calculate the temperature evolution of the battery pack
based on the heat generation rate. Various approaches can be taken for this battery thermal modelling. These mainly
include physical modelling techniques [25], [26], [27] or lumped thermal models [28], [29], [30]. Physical modelling
techniques such as Finite Element Modelling (FEM), Finite Volume Modelling (FVM) or general partial differential
equations (PDE) have been successfully used in [31], [32], [33] to get the three-dimensional (3D) temperature
distribution of battery cells. These models however required high computational cost [34] making them ill-suited for
simulation of an entire battery pack. Lumped parameter thermal network (LPTN) models have been widely used to
evaluate battery temperature behaviour. The method is straightforward to implement and suited for real time
applications [34]. In [30], [35] the LPTN was successfully used to estimate the battery core temperature from the
surface temperature readings. The work performed in [30], [34], [35] focusses at the modelling of single battery cells
inside the pack. The modelling of a full lithium-ion aircraft battery pack with a coupled electro-thermal model is
relatively unexplored. This work aims to fill in this gap by developing a coupled electro-thermal model of a battery
pack for an aerospace application. The model has been validated using flight data of NLR’s Pipistrel Velis Electro
aircraft. This aircraft features two 11 kWh battery packs, arranged in parallel for redundancy Figure. 2. Each of the
packs contains 1152, 18650 Lithium-ion battery cells arranged in a 96S12P configuration [5]. The battery cells
contained in the pack are the INR18650-33G developed by Samsung. This battery cell features a high-capacity nickel-
manganese-cobalt (NMC) cathode chemistry and has a nominal capacity of 3150 mAh[36].

Figure 1: Image of the NLR Pipistrel Velis Electro Figure 2: The battery pack in the Pipisrel Velis Electro
aircraft[5]

2 Methodology

As discussed in the previous chapter, to model the thermal behaviour of a lithium-ion battery pack, it is necessary to
capture both the pack electric characteristics, such as voltage response and state-of-charge evolution, and its thermal
characteristics, specifically the pack temperature. This implies that at least two models need to be developed and
coupled: one for the electrical behaviour and one for the thermal behaviour.

The primary objective of the electrical model is to simulate the output voltage, change in state-of-charge, and heat
generation inside the battery cell based on the current drawn from the cell (positive for charging, negative for
discharging) and the cell temperature. The model establishes a relationship between the external characteristics
exhibited by the battery during operation and its internal states. A lithium-ion battery model aims to provide accurate
relationships between voltage, state-of-charge (SoC), temperature, and state-of-health (SoH). In this work, state-of-
charge and state-of-health are defined by equations (2.1) and (2.2) while equation (2.3) describes the relationship
between output voltage and battery states. Note that state-of-health is not considered in this work, as it is expected to
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change only after a large number of flights and thus remain near constant during a single flight. Therefore, state-of-
health is treated as a constant during simulation, although its effect can still be accounted for by providing it as an
initial condition to the model.

wop - 20 (2.1)
SoH = Qgg; (2.2)
V(t) = f(SoC(1),1(t), T (1)) (2.3)

The current drawn from a battery cell is referred to as the current profile, which is a direct input to the model and can
be derived from the power required by the electrical load connected to the battery. As discussed in the previous chapter,
the EECM approach was chosen for its balance between modelling accuracy, computational cost, and parameter
identification precision [20], [21]. The EECM concept will be explained in detail in subsection 2.1.

The EECM uses the battery cell temperature as an additional input, but this requires prior knowledge of the temperature
at each timestep. By coupling the electrical model with a thermal model, it becomes possible to simulate the
temperature evolution of the battery cell from an initial temperature. The primary goal of the thermal model is to
simulate the battery cell temperature based on the heat load generated by the battery (an output from the electrical
model), the battery coolant temperature, and the ambient temperature. The modelled battery cell temperature can then
serve as an input for the electrical model. A schematic of the coupled electrical and thermal models is shown in Figure
3. In this work, a LPTN model is used as the thermal model, described in more detail in subsection 2.4.

——
o Eaf —
I Electronic Equivalent
— Circuit SoC
E—
TCT l Q
Tconlin
Lumped Parameter |1
T Thermal Network ~ —ce0lout
—m Model

Figure 3: Flowchart illustrating the method used for the electro-thermal model coupling.

2.1 Electric Equivalent Circuit Model

EECMs use a combination of various electrical circuit components such as resistors, capacitors, voltage- and current
sources. Different configurations of these components result in different types of EECMs. The most common EECMs
are the open circuit voltage model, the Thevenin-circuit model and the Dual polarization model [19]. However, by
adding more electric circuit components to these models, other EECMs can be constructed as well.

The parameterization of each of these models starts with finding a relation between the open circuit voltage (OCV) of
the battery. This relationship can be found in a constant current discharge curve plot, as seen in Figure 4. From Figure
4 it can clearly be deduced that the OCV increases with temperature [37]. Additionally, the area under each of the plots
reduces for lower temperatures indicating a reduction in battery capacity at lower temperatures [37]. This shows the
importance of including the battery cell temperature as a model input for the electric model and the need of modelling
the evolution of this temperature. With this finding in mind the relationship between OCV, SoC and temperature can
be established resulting in the most simple EECM available, the open circuit voltage model as described by equation
(2.4).

V(t) = Voc(SoC(t), Tc(t)) (2.4)
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Figure 4: The battery OCV versus SoC for various cell temperatures during a constant 1C discharge

The OCV model is limited as there is no dependency on the current drawn from the battery. This effect can be added
to the model by adding a resistor to the open-circuit voltage source [38] as seen in Figure 5. This EECM is called the
Ro or 0-RC EECM. The voltage equation for this model can be seen in equation (2.5). For this model, the internal
resistance Ro can be determined by connecting an electric load to a fully charged battery and detecting both the terminal
voltage and the current [19]. Since the load resistance is known, the excess voltage drop compared to the OCV can be
attributed to the internal resistance. Ohms law can then be used to determine this internal resistance. In this state the
model does not consider the influence of SoC on the value of the R as it is determined only once. If the effect of SoC
on Ry is to be considered, the process of measuring the excess voltage drop compared to the OCV can be repeated at
various SoCs. The values of Ry at the different SoCs can in turn be stored in a lookup table such that the circuit
parameter value can be extracted by means of interpolation at the desired SoC. In the same way the dependency of Ry
on T can be included in the model. This process of finding the values of electric circuit parameters at different internal
battery states requires experimental data. The process on how to obtain the circuit parameters from the experimental
data is described in subsection 2.2. The type of experimental data and how this data was obtained will be explained in
subsection 2.3.

V() = Vpe(SoC(0), T.(£)) — I(t) - Ro(SoC (1), T (1)) (2.5)

Figure 5: Schematic of 0-RC or R EECM

The 0-RC model can be extended to include the time-dependent dynamics seen in the battery voltage response [19],
[20], [21]. This can be achieved by adding one or more resistor-capacitor (RC) pairs to the EECM, yielding an n-RC
model, where n represents the number of pairs. Notable examples include the 1-RC and 2-RC EECMs, also known as
the Thevenin and Dual Polarization models [22], with the latter providing a more refined representation of polarization
characteristics, including concentration and electrochemical polarization [39]. The addition of RC pairs can be
extended indefinitely to form n-RC EECMs, with a schematic shown in Figure 6. The resulting cell voltage for the n-
RC EECM is determined using equation (2.6), which includes the voltage drop over each RC pair (U,), calculable
using equation (2.7). This equation expresses Uy as a continuous-time function, with z being the time constant of the
RC pair, equal to the product of its resistance and capacitance, both dependent on SoC and T, (equation (2.8)). To
facilitate numerical simulation, equation 2.4 can be rewritten as a discretized ordinary differential equation (ODE), as
shown in equation (2.9), where At denotes the timestep and j the time instance [22].

V() = Ve (SOC(L T() = 1(8) - Ro(S0C(D), To(®)) = ) Un(S0C(0), Te(t), 1(2)) (26)

U, =1-R,(1—e) 2.7)
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T = Ry(S0C(0), To (D)) - Ca(S0C (), T.()) (2.8)
—At —At (2.9)
Un,j+1 = eRnCn . Un,j + Rn [1 - eRnCn] . I]

O

Figure 6: Schematic of n-RC EECM
2.1.1 Heat generation

The heat generation within a lithium-ion battery cell can be attributed to two primary heat sources, as described by
equation (2.10): irreversible heat and reversible heat. The irreversible heating, also known as Joule heating, is the
dominant heat generation mechanism within the battery cell [40]. This irreversible heating is the heat dissipated
through an electric resistor when an electric current flows through it. The heat generation rate caused by this term can
be calculated by multiplying the internal resistance of the battery cell by the square of the current as expressed in
equation (2.11)or by Voc-V(t) when using equation (2.6). Notably, the internal resistance of the battery cell is a function
of both the state of charge (SoC) and temperature (T¢), and can be determined by calculating the equivalent electric
resistance of all circuit components in the EECM.

Q = Qirr + Qrev (210)
Qirr =1 Rinternal (211)

The reversible heating term arises from the change in entropy of the battery due to the redox reaction, resulting in
entropic heat generation. This phenomenon occurs when the lithium content of the electrodes changes, inducing a
change in entropy within the materials. As this process is reversible, it is referred to as reversible heating, which can
manifest as both positive and negative heat generation, in contrast to irreversible heating, which is always positive
[17]. The equation for reversible heat can be derived by rearranging the Gibbs Free Energy equation to Equation 2.12,
where n represents the number of electrons participating in the redox reaction (equal to 1 for lithium-ion) and F denotes

the Faraday constant. The entropy change AS can be calculated using equation (2.13), allowing equation (2.12) to be
simplified to equation (2.14). In Equation (2.14), the factor% is referred to as the entropic coefficient. Accurate

determination of this coefficient is crucial for precise calculation of reversible heat generation. The entropic coefficient
indicates the rate of change of the OCV of the battery cell with respect to temperature at a given SoC. This coefficient
can be determined experimentally by measuring the change in OCV with respect to temperature at different SoC levels.

. I 2.12

Qrev = _FTAS ( )
5V, .

AS = nF 5? (2.13)

. sV, 2.14

Qrev = —IT - @19

2.1.1 Deriving the number of cells in the battery pack

When modelling an entire battery pack, as opposed to a single lithium-ion battery cell, it is essential to determine the
number of cells required in series and parallel configurations. Once the cell arrangement is established, the battery
pack can be modelled by applying an EECM to each individual cell. The number of cells in series is dictated by the
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required output voltage of the battery pack and can be calculated using equation (2.15)However, series connections
between cells also introduce resistance, leading to potential voltage drops. In this study, the assumption is made that
the resistance of these connections is negligible compared to the internal resistance of the battery, as it is an order of
magnitude smaller. The number of cells connected in parallel depends on either the maximum discharge current of a
single cell or the total required capacity of the battery pack, and can be calculated using equation (2.16).

_ Yvack (2.15)

Nseries - Vnom
cell

Ipack Qpack

max "’
[cell chll

Nparallel = max (216)

2.2 Electric Circuit Parameter Estimation

To utilize an EECM, it is necessary to estimate the electric circuit parameters at various SoC and cell temperatures
(Te). This estimation yields a look-up table for each circuit parameter, enabling linear interpolation of values based on
the internal state (SoC, T¢) of the battery cell during simulation. The parameter estimation procedure typically
commences with the acquisition of experimental data through a hybrid pulse power characterization (HPPC) test. A
standard HPPC test involves current pulses of fixed duration and C-rate, as described in [23], [24]. The fixed duration
and C-rate allow for the measurement of voltage response at a specific SoC. The pulse duration is determined by the
required SoC percentage to be discharged, enabling shorter pulses in highly non-linear regions to achieve improved
modelling accuracy. The C-rate of the pulse is selected to approximate typical operating conditions of the battery cell.
During the test, the SoC is determined using Coulomb counting, which allows for SoC calculation using equation
(2.17).

IGLE (2.17)
SoC(t) = SoC(ty) — OQ—
0

The constant Qo represents the charge of the cell at time to. With the HPPC data available, parameter estimation can be
performed by simulating the battery cell using the HPPC current profile and applying a linear regression technique,
where the circuit parameters serve as variables, to fit the model's voltage response to the measured HPPC voltage
response. In this study, this process was implemented using the Simulink Parameter Estimator application [41] in
MATLAB. The regression method employed was non-linear least squares regression, utilizing the gradient-based trust-
region reflective optimization algorithm. The bounds on the time constant t, was selected such that the RC-pairs would
model the dynamics from faster to slower based on the RC-pair number. However, it is essential to note that the
parameter estimation procedure described above does not capture temperature dependence. To incorporate this
dependency into the EECM circuit parameter tables, the procedure can be repeated at various temperature levels.

2.3 Experimental Setup

An experimental campaign was carried out to acquire the HPPC test data required for circuit parameter estimation of
the Samsung INR18650-33G battery cells. The experimental setup was capable of applying a current profile to the
battery cell and logging its voltage response while controlling the cell temperature. The experimental setup used in this
work to collect this data is illustrated in Figure 7 and Figure 8. A CADEX battery analyser was utilized as a current
source and temperature logger, enabling current pulses of up to 2C to be drawn from the battery cell, with temperature
measurements logged at a resolution of 1 K using a surface temperature sensor. The voltage response of the battery
cells was measured using a Fluke multi-meter. Both the CADEX battery analyser and multi-meter were connected to
a laptop, facilitating data logging and storage. To maintain a consistent ambient and cell temperature, the entire setup
was housed within a thermal chamber.
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Figure 7: The experimental setup used to test the . i .
battery cells Figure 8: Diagram of the experimental setup

Three different types of tests were performed. Initially, each new battery cell underwent a break-in procedure consisting
of 5 full charge-discharge cycles to ensure proper operation and stabilize its behaviour. Then, a constant-current-
charge-and-discharge test (CCDT) was conducted at a rate of 1C to extract the constant current charge and discharge
characteristics of the battery cell. Next, four HPPC tests were performed at temperatures of 0, 10, 25, and 45 degrees
Celsius. Additionally, an attempt was made to obtain the necessary data for determining the entropic coefficients
through an entropic coefficient test (ECT). To minimize variability and ensure consistency across tests, a new battery
cell was used for each test type, thereby eliminating the influence of battery age (SoH) between tests.

2.4 Lumped Parameter Thermal Network Model

In this work, the thermal interaction between the battery cells, coolant, and ambient conditions has been modelled
using a LPTN model. A LPTN consists of nodes with lumped thermal capacitance, where one or multiple battery cells
are aggregated into a single node with a uniform (average) temperature. Increasing the number of nodes in the network
enhances model accuracy but also increases complexity. Each node has a thermal mass, which can be calculated by
summing the thermal capacities of the elements lumped together, as expressed in equation (2.18) where C is the total
thermal mass (in J/K), c,,iis the specific heat capacity of each component (in J/kgK), and m; is the mass of each
component. The battery cells analysed in this work employed a Nickel-Manganese-Cobalt (NMC) chemistry.
According to [8], [42], the specific heat capacity of a NMC battery cell was determined using the rule of mixtures to
be 1040+43 J/kgK. Although the specific heat of the battery cell was found to vary with the SoC by 2-5%, this variation
was deemed negligible, and the specific heat capacity was assumed to remain constant at 1040 J/kgK to reduce model
complexity. The assumption of lumping a battery cell into a single thermal node with thermal mass and average
temperature is valid only when the Biot number is significantly less than 0.1. If the Biot number exceeds this threshold,
it is likely that a strong thermal gradient is present within the battery cell, which would need to be considered in the

model.
n
C = Z Cp,,: -m;
i=1

The interaction between nodes, coolant, and ambient conditions can be modelled by connecting nodes with thermal
resistances, whose values depend on the heat transfer mode and geometric arrangement between nodes. This work
considers two primary modes of heat transfer: conduction and convection. Although radiation is another means of heat
transfer, its effect is deemed negligible compared to conduction and convection due to the relatively low battery cell
temperature (<60°C).

Thermal conduction refers to the diffusion of thermal energy within a material or between materials in contact. The
heat transfer equation for conduction is given by equation (2.19) where k represents the thermal conductivity of the
material [43], A is the heat transfer area [m?], and L is the length of heat transfer [m]. From equation (2.19), the thermal
resistance, which opposes heat transfer, can be expressed as in equation (2.20). In a similar manner the heat transfer
due to movement of a fluid; convection can be modelled. The convective heat transfer equation, also known as
Newton's law of cooling, is given by Equation (2.21) [43]. In this equation, h represents the heat transfer coefficient,
which is typically determined using empirical relationships that depend on the type of flow and flow regime. These
relationships often involve non-dimensional characterization numbers, such as the Reynolds, Prandtl, and Grasshof
numbers. The thermal resistance due to convection can be calculated using Equation (2.22), which provides a
quantitative measure of the opposition to heat transfer.

(2.18)

. kA 2.19
Qcona = T AT ( )
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2.20

Reona = m ( )
Qconv = hAAT (221)
1 2.22

Reony = H ( )

Upon determining the thermal resistances between nodes, a thermal network can be constructed. By representing
thermal interactions as resistances, an analogy can be drawn with electric circuits, thereby enabling the application of
Kirchhoff's laws to solve the network model. Utilizing this electrical system analogy, the thermal network is established
by connecting each thermal node to its neighbouring nodes, as well as to the coolant and ambient conditions. An
exemplary four-node LPTN is depicted in Figure 9, demonstrating the application of this methodology.

Figure 9: An example of a LPTN for four (cell) nodes

The thermal resistances between nodes are significantly influenced by the geometric arrangement of the cells and the
type of thermal management system employed. Ribbon cooling [44] of the cells was assumed in this study (see Figure
10 and Figure 11). To calculate the thermal resistances between the nodes, a geometric parameterization is necessary.
The results of this parameterization are illustrated in Figure 10 and Figure 11. The thermal resistance of the cooling
ribbon is subsequently calculated using an approach similar to that described in [45], as expressed in equation (2.23).
Where tribon 1S the thickness of the ribbon [m], dcen is the battery cell diameter [m], heen the battery cell height [m] and
friobon [-] the fraction of the battery cell covered by the ribbon. However, this calculation excludes the thermal resistance
associated with convection within the cooling duct. The convective heat transfer resistance - following equation (2.22)
- to the coolant was calculated separately, utilizing the Nusselt number and the Gnielinski correlation [46].

tribbon (2.23)
2m
k¢ 3gg" deet " heetw * frivvon

5

Ryipbon,cona =

=

g

g
uogay,

7

Figure 10: Ribbon cooling parameterization top view Figure 11: Ribbon cooling parameterization side view

The ambient thermal path (i.e., the thermal interaction between the cell and the ambient environment, apart from the
ribbon-cooling) is determined using a method similar to that presented in [45]. The process involves conduction of
heat away from the cell walls into the stagnant air within the battery pack, followed by convection of heat from this air
to the enclosure walls. The heat is then conducted through these walls by convection (Figure 12). The thermal
resistances associated with the thermal paths can be calculated using the general equations for conduction and
convection.
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Figure 12: Ambient thermal path

The thermal resistances between the cells can be determined by examining the possible heat transfer pathways between
the cells. In a hexagonal cell stacking arrangement with a cooling ribbon between cells, direct conduction between
cells is not feasible. As a result, heat transfer between cells can only occur through free convection. However, the heat
flux associated with free convection is significantly lower than that of conduction and forced convection. Therefore, it
is assumed that the thermal resistance between cells is effectively infinite, and that heat transport occurs primarily via
two pathways: the coolant and the ambient.

3 Results & Discussion

This chapter describes the main results that were found in our study. The battery cell experiment and the estimated
EECM parameters are presented in section 3.1. After that the voltages predicted by the EECM are compared to
additional battery cell test data and to the measured voltages on the Pipistrel aircraft, in section 3.2. Finally, the coupled
EECM and thermal model are compared to measured battery cell temperatures, also in section 3.2. This resulted in a
validated EECM and LPTN model of the Pipistrel Velis Electro battery.

3.1 Cell Parameterization

Using the experimental setup described in Section 2.3, the necessary data for the Samsung battery cell parameterization
was acquired. The resulting constant current charge and discharge curves are shown in Figure 13. As evident from
Figure 13, the non-linear behaviour of the cell is pronounced at low and high discharge capacities. Furthermore, it is

observed that increasing the temperature leads to an increase in battery capacity, as the cut-off voltage1 is reached at
higher discharge capacities.

Discharge Charge
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Figure 13: Continuous current charge- and discharge curves for the SAMSUNG INR-18650-33G Cell

The HPPC test yielded four datasets, each corresponding to a different temperature level. The results of the HPPC test
at 25°C are presented in Figure 14, which clearly illustrates the dynamic voltage response after each current pulse.
However, the cell temperature during the test deviated from the setpoint of 25°C. This can be attributed to the large
volume of the thermal chamber relative to the size of the tested battery cell, making it more difficult to control the
temperature. Although the cell temperature varied by up to 2°C, this deviation is not expected to have a substantial
impact on the estimated circuit parameters.

! This the minimal (feasible) voltage. When this value is reached the experiment is ended.
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Figure 14 The results of the HPPC from the Samsung INR18650-33G cell at 25°C

Using the HPPC data, the circuit parameters for the EECMs were estimated for 0-, 1-, 2-, and 3-RC pair configurations,
following the methods described in section 2.2. The resulting circuit parameters for a 2-RC pair EECM are presented
in Figure 15. As evident from Figure 15, there is a notable increase in the resistance values of the circuit components
at low states of charge (SoC) and temperatures, which is consistent with theoretical expectations that the internal
resistance of the battery cell increases with decreasing SoC and temperature. Furthermore, the time constants t1 and
12 reveal that 11 is smaller than 12, indicating that the faster battery dynamics are captured by RC-1, while the slower
dynamics are represented by RC-2.

The effect of the other estimated n-RC EECMs is summarized in the next subsection, in terms of model accuracy.

Resistance [Ohm)]
i
4

Temperature [K] Temperature (K]

Figure 15:The resulting circuit parameters for a 2-RC pair EECM

3.2 Model Validation

The developed coupled electro-thermal model was validated using both constant current discharge data from the
experimental campaign and actual in-flight data logged by the Battery Management System (BMS) aboard the Pipistrel
Aircraft. The validation, by comparing the 2-RC model prediction results to the data of constant current discharge test
at a cell temperature of 10°C, is presented in Figure 16. As shown in Figure 16, the model exhibits good agreement
with the data, particularly at low discharge capacities. However, at higher discharge capacities, an increase in modelling
error (residual) is observed, which can likely be attributed to the model's limited ability to capture the highly non-linear

behaviour of the battery cell at high discharge rates. Similar validation results were obtained for the other three
temperatures (0°C, 25°C and 45°C).

45
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Figure 16:Validation of the 2-RC EECM with 1C continuous discharge current data at 10°C
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In addition to the constant discharge current validation, a validation using flight data was performed to assess both the
electrical and thermal accuracy of the developed model. The flight profile used for validation is shown in Figure 17
and Figure 18. The test flight was conducted at Rotterdam The Hague Airport, which is located below sea level, thus
explaining the negative starting altitude. The flight consisted of a typical take-off, climb, cruise, and descent, followed
by four go-around procedures, resulting in the four peaks observed after the descent phase.

The electrical validation results for the 2-RC EECM are shown in Figure 19. For the electric validation the first 500
seconds of the flight profile have been removed as there was no current drawn from the battery until this point. It is
evident that, when properly parameterized, the model accurately simulates the battery voltage response, with a
maximum residual error of less than 2%. A comparative analysis was conducted among 0-, 1-, 2-, and 3-RC pair models
(see Table 3). This analysis involved simulating the same flight profile and recording the residual mean square error
(RMSE) and maximum error for each model. As shown in Table 3, the 2-RC EECM strikes a balance between RMSE
and maximum error, outperforming the other models in this regard. However, it is notable that the differences between
the models are relatively small, which raises questions about whether the increased complexity of the 2-RC model
justifies its marginal improvement in modelling accuracy over the simpler 1-RC model.
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Figure 17: The current profile of the test flight Figure 18:The altitude data of the test flight
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Figure 19: Simulated and measured voltage for flight test data using a 2RC EECM

Table 1: Comparison between xRC on RMSE and Max Error for flight profile simulation

EECM RMSE [%0] Max Error [%]
0-RC 2.04 9.01
1-RC 0.53 2.39
2-RC 0.58 1.86
3-RC 1.07 2.18

The coupled electro-thermal model was validated by comparing the simulated maximum battery pack 2temperature
with the measured maximum pack temperature during the test flight, as shown in Figure 20. The results indicate that,
using the configured EECM and LPTN, the model accurately simulates the battery pack temperature. Although the
BMS logged temperatures with a relatively coarse resolution of 1 K, the comparison reveals that the model captures
the minimum, maximum, and trend of the measured temperature. Figure 20 also illustrates that the battery cell

2 maximum battery cell temperature measured in the battery pack

11
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temperature increases most during periods of high current, corresponding to high power settings typically encountered
during take-off conditions and go-around attempts. Specifically, these events occurred at 500 s and 2250 s, and Figure
20 shows a clear rise in battery pack temperature at these time steps.

Temperature [K]

— Flight Data
—<%— Simulation
. | . . . I |
500 1000 1500 2000 2500 3000 3500
Time [s]

Figure 20:A comparison between the simulated maximum battery pack temperature and the corresponding data from
the BMS

2955 ¢
0

4  Conclusion

In this study, a coupled electro-thermal model to simulate the thermal behaviour of lithium-ion battery packs for electric
aircraft has been developed and validated with flight data of the Pipistrel Velis Electro. The model integrates an EECM
with a LPTN to simulate both voltage output and heat generation, as well as the resulting temperature distribution
within the battery pack.

A key contribution of this work lies in the accurate prediction of battery cell (and pack) temperatures under real-world
flight conditions. The LPTN model was developed using calculated thermal resistances between battery cells, coolant
ribbons, and ambient environment, based on the geometric configuration of the Velis Electro battery pack. The EECM
was developed using parameter estimations from dedicated cell level experiments.

By combining the LPTN with the heat generation predicted using the EECM—including both irreversible (Joule) and
reversible (entropic) heating—the model successfully predicted the voltage response and the thermal dynamics of the
battery system. Validation against flight test data showed that the model accurately captured both the maximum pack
temperatures and the transient temperature evolution, with deviations well within 1 K of the logged BMS data.

These results confirm the model capability to simulate not only electrical behaviour but also thermal performance
under varying load and environmental conditions. The work underscores the importance of integrated electro-thermal
modelling for ensuring the safety, efficiency, and longevity of battery systems in electric aviation. Future work may
include dynamic modelling of thermal runaway risk, long-term ageing effects, and adaptation to larger battery
configurations (for larger aircraft) or alternative chemistries. Additionally minimize temperature deviations in future
experiments, it is recommended to use either a smaller thermal chamber or a more direct thermal control solution.

List of symbols

Symbol Description Unit

\Y Terminal voltage of the battery cell \Y

| Current drawn from the battery (positive: charging, negative: A
discharging)

Ro, R, Internal resistances in EECM (n=1, 2, 3...) Q

G Capacitances in EECM F

T Time constant of RC pair, 1, = R.C, S

Voe Open-circuit voltage \Y

SoC State of Charge % or Fraction

SoH State of Health % or Fraction

Tc Cell temperature Kor°C

AS Change in entropy J/(mol-K)

Oirr Irreversible (Joule) heat generation W

Orev Reversible (entropic) heat generation W

n Number of electrons in redox reaction (for Li-ion, n = 1) -

F Faraday constant (96,485) C/mol

C Thermal capacitance (LPTN) JIK

Rin Thermal resistance K/W

12
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h Convective heat transfer coefficient W/(m2-K)

k Thermal conductivity W/(m-K)

A Heat transfer area m?

L Characteristic length for conduction m

Bi Biot number -
Abbreviations

Abbreviation Full Term

BE Battery Electric

BMS Battery Management System

EECM Electric Equivalent Circuit Model

LPTN Lumped Parameter Thermal Network

ocv Open-Circuit Voltage

HPPC Hybrid Pulse Power Characterization

CCDT Constant Current Charge and Discharge Test

NMC Nickel-Manganese-Cobalt (cathode chemistry)

RC Resistor-Capacitor

SoC State of Charge

SoH State of Health

DFN Doyle-Fuller-Newman (electrochemical model)

ECT Entropic Coefficient Test

RMSE Root Mean Square Error
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