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Abstract

This paper discusses the importance and need for predicting battery degradation in an all-electric battery powered
aircraft. This type of aircraft is expected to represent an emission-free alternative to the conventional light aircraft
used for pilot training and leisure flying. The drawbacks of limited life-span of batteries, important parameters like
total charge capacity and internal resistance which indicate battery health, and the need to define end-of-life (EOL)
parameter values are addressed. The importance of analysing the particularities of the mission flown by light planes and
the different approaches to model battery cells for battery management system (BMS) algorithms are presented. Further

avenues to continue the work are also presented.

1. INTRODUCTION

The aviation industry is responsible for nearly 2% of the
global CO2 and 3% of the global NOyx emissions. This
will increase in the foreseeable future together with the
demand for air travel [1]. Electric propulsion technology
has the potential to curb aircraft emissions and achieve the
climate goals set by the commercial aviation industry and
different political agendas of the governments and agen-
cies [2]. All-electric propulsion architectures powered solely
by batteries produce zero emissions during flight opera-
tions. In [3], Pattanyak et al. conducted a comprehensive
study reviewing different battery technologies for aviation
and concluded that for the foreseeable future lithium-ion
(Li-ion) cell chemistries will dominate the battery tech-
nology required for electric aviation considering their high
gravimetric and volumetric energy and power densities, low
self-discharge rate, lower degradation rate, etc. However,
the gravimetric and volumetric energy and power density
of state-of-the-art Li-ion chemistry is still relatively low
compared to conventional fuels or hydrogen. This makes
them unpractical for long distance transport aircraft [4].
Electric power trains with Li-ion battery pack are never-
theless suitable for light aircraft used for leisure flying and
pilot training such as one shown in Fig. 1.

Such light battery-powered aircraft can reduce the envi-
ronmental footprint and operating cost of flight school, es-
pecially when the electricity used to charge the batteries is
generated from renewable energy sources [6].

One of the main challenges in designing battery-powered
aircraft is to predict how long the battery pack will last.
The knowledge of useful battery life is particularly impor-
tant from the perspective of certification. With time, the
energy and power capacity of a battery pack degrades due
to calendar and cycle aging [7]. This prompts the need
to accurately monitor battery health, predict degradation,
and optimize operation over the whole life cycle to increase
the useful life and reliability of the battery pack without
compromising the flight safety. The task is not trivial as
the aging and degradation of Li-ion batteries is a complex
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non-linear process and predicting degradation dynamics is
challenging [8]. This can be accomplished by intelligent
battery management system (BMS) algorithms similar to
those used in the automotive sector.

This work explores some important considerations in this
regard and proposes an approach on how to address this
issue.

2. BATTERY AS A LIFE-LIMITED COMPO-
NENT

Several components and systems in aviation have a limited
life span including batteries. As battery cells undergo age-
ing and degradation, their total charge capacity decreases
and internal resistance increases. This happens because
of the unwanted side reactions that consume lithium ions
and structural deterioration of the electrodes. Thus, they
last a limited number of cycles or operational hours before
having to be replaced. Batteries are expensive: in mobility
applications like electric vehicles (EVs), the battery sys-
tem is one of the major contributors to the overall cost of
an EV, reaching about 40-60% of the total cost price of
the vehicle [9]. Study of battery degradation is also very
important from the perspective of aircraft operation eco-

= . e - X .‘,...-\

FIG 1. Diamond eDA40 aircraft [5]
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FIG 2. Flight trajectories of a light aircraft [11]

nomics. Thus, there is a need to determine its initial use
end-of-life point in a better way.

The common practice followed in the automotive industry
is to replace the battery pack once its energy storage capac-
ity degrades to 70-80% of the value at the beginning-of-life
(BOL). This degradation to 80% of the BOL energy storage
capacity is called the end-of-life (EOL) point for a battery
pack. Saxena et al. [10] showed that batteries in electrical
vehicles continue to meet the performance requirements of
the daily user even when energy storage capacity has de-
graded to a value well below 80% and the power delivering
capacity has been degraded down to 30%. They conclude
that accepted practice of retiring batteries when energy
storage capacity has degraded to 80% is inaccurate, and
should be done when the battery pack no longer meets the
user requirement. This retired battery might then be used
for a second-life stationary application.

This prompts the need to investigate and define the EOL
parameters for the battery pack in a light electric aircraft
as the dynamics of load profile and operating conditions are
very different compared to automotive and it is a manda-
tory requirement for certification.

3. EFFECTS OF THE MISSION PROFILE

To investigate its degradation, it is important to identify
the operating conditions which the battery pack will be
subjected to during its life cycle. As mentioned in 1, such
light electric aircraft can be used for leisure flying and pilot
training, and their mission profile can vary a lot. This is
unlike commercial aircraft, which usually fly similar pro-
files during their whole operational life. During flight train-
ing missions, aircraft usually remain in the vicinity of the
airfield doing traffic pattern training. This leads to very
frequent cycles between idle and full power. While flying, it
can encounter stochastic conditions like turbulence, emer-
gency maneuvers, etc. Several flights can be flown during a
day which might require repeated charging of batteries. All
these factors can affect battery performance and health.

Obtaining load profiles for a light electric aircraft is chal-
lenging because operational data of such aircraft is not
publicly available. Some information about mission tra-
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jectories of light conventional aircraft can be extracted
from data used for aircraft surveillance, like Automatic
Dependent Surveillance Broadcast (ADS-B) or Mode S. In
such surveillance technique, aircraft automatically trans-
mit their identity, position, speed, etc., derived from on-
board systems to other aircraft in the vicinity and ground
air traffic control stations to avoid mid-air collision, and
for air traffic monitoring and management [12].

Many datasets are publicly available and can be used for
generating and analyzing flight trajectory patterns. One
such trajectory dataset for light general aviation (GA) was
collected and made available by Patrikar, et al. using an
on-site ADS-B receiver at Pittsburgh-Butler Regional Air-
port (ICAO location indicator KBTP), near the city of
Pittsburgh in Pennsylvania, USA [11|. Few mission tra-
jectories flown by light conventional aircraft are shown in
Fig. 2. It can be seen that even though the aircraft take off
and land on the same airfield, their mission trajectories can
be very different. For example, trajectories 1 and 2 have
steps in the flying pattern indicating that multiple climb,
cruise and descent maneuvers with steep pitch angles were
performed during the flight. Such maneuvers have an im-
pact on the power drawn from the battery pack and this
needs to be taken into consideration when defining the con-

straints to optimize battery pack design, performance, and
life.

4. BATTERY CELL MODELS FOR BMS ALGO-
RITHMS

As described in section 1, the task of predicting battery
degradation is not trivial and it is accomplished by in-
telligent BMS algorithms. Values of voltage, tempera-
ture, and current from each cell are measured in real-
time using appropriate sensors and communicated to the
BMS. These values are used to estimate the state-of-charge
(SOCQ), state-of-health (SOH), perform cell balancing, and
compute energy and power limits. The workflow of BMS is
shown in Fig. 3. Battery management algorithms perform
these estimations using observers which are mathematical
models of the battery cells. SOC and SOH estimations are
performed for each cell in the pack. Based on the number of
cells connected in series and parallel, cell balancing is per-
formed, and then energy and power limits of the pack are
computed. The cell models used for such estimations can
be physics-based, data-driven, or a combination of both.
SOH is indicated by analyzing two parameters: total
charge capacity and internal resistance of the cells. They
provide an estimate of the total energy storage and power
delivering capacities. As the battery pack undergoes
aging and degradation, the total charge capacity and
the internal resistance of the cells change. Obtaining a
good estimate of these values is crucial [14]. BMS SOH
algorithms accomplish this with the help of observers.
This makes an accurate cell model necessary.
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FIG 4. ECM

Physics-based models are developed using the partial dif-
ferential equations that govern various electrochemical re-
actions occurring in the electrodes and electrolytes of the
cell. Such models have higher fidelity, as they aim to cap-
ture all key behaviours of the cell to provide high accuracy,
but they are very expensive computationally [15]. This
renders them unsuitable for real-time applications.

The second category of models are data-driven models in
which experimental data is used to parameterize a pre-
defined model structure and validate behaviour. These
models depend on the design of the experiments and qual-
ity of the data available. In this category there are two
subtypes. The first one uses experimental data to fit empir-
ically derived equations to infer input-output relationships.
Such models are simple and easy to implement, but they
are of low fidelity and have high inaccuracies. It is also dif-
ficult to interpret their parameters physically. These are
also known as black-box models. This category also in-
cludes Artificial Intelligence based models which have be-
come very popular in the recent years because of their bet-
ter performance compared to conventional black-box mod-
els but they are not considered in this study because of the
limitations in certifying them according to stringent avia-
tion standards. The second category consists of lumped-
parameter equivalent circuit models (ECM). These mod-
els use different electrical circuit elements to mimic the
behaviour of an actual battery cell. The simplest model
consists of an ideal voltage source connected in series to
a resistance. Such models are static in nature and used
for preliminary sizing and design studies. Higher fidelity
ECMs take into account the dynamic effects by connect-
ing one or more parallel RC networks or some other cir-
cuit elements in series or parallel to the series resistance
and voltage source. These additional elements characterize
the dynamic behaviour of various electrochemical processes
happening inside a cell. Such ECMs have found traction
on BMS applications since they offer a good trade-off be-
tween accuracy and computational effort, while maintain-
ing a strong physical correlation between the model pa-
rameters and actual electrochemical processes within the
battery cell [16].

Many comprehensive studies have been conducted to com-
pare different ECMs. Hu, et al. did a comparative study
of 12 ECMs for Li-ion battery cells in [15]. In [16], Nejad,
et al. compared 7 different types of ECMs for real-time
estimation of Li-ion battery states. In [17] and [18] differ-
ent ECMs were investigated for their application to EV.
In [19], Tran et al. developed a comprehensive ECM to in-
corporate effects of SOH, SOC, and temperature on model
parameters.

Based on the literature review, a dual polarization ECM
with one hysteresis element was selected for further study.
The model structure is shown in Fig. 4. It is important
to include the hysteresis element in the model to avoid
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30

Temperature (°C) | OCV RMSE (V)
-10 0.2132
0 0.1980
20 0.1319
25 0.0638
30 0.1282
40 0.0614
50 0.2244

TAB 1. RMSE between charge and discharge OCV
curves at different temperatures [20]

SOC estimation errors. Hysteresis is a phenomenon which
causes the difference in the charge and discharge OCV
curves for same SOC. This phenomenon is shown in Fig. 5
using experimental data of A123 Li-ion cell collected by
by Xing, et al. which is publicly available. Table 1 sum-
marizes the root mean square error between charge and
discharge OCV-SOC data for different temperatures.

5. NEXT STEPS

The preliminary discussion presented in this paper will be
elaborated further in the future. The main avenues of de-
velopment are a more informed determination of the ex-
pected operational profiles of a light aircraft. This will
be done by detailed analysis of open-source ADS-B data
of light aircraft and consultation with the operators of
light aircraft (flight schools, flight clubs) and manufactur-
ers of some of the light electric airplanes already certified or
about to be. Once the operational profiles of light aircraft
are identified, they will be used to generate synthetic cell
cycling data to parameterize the ECM proposed in this pa-
per. The parameterized ECM will then be used to develop
BMS algorithms for predicting battery pack degradation
to optimize its operation with objective to increase bat-
tery life.

6. CONCLUDING REMARKS

This paper discussed the importance of predicting battery
degradation during the operational life of a batterypow-
ered light aircraft. It was discussed how the individual
characteristics of the different operational profiles of this
class of airplane represent a particular challenge in the safe
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and reliable operation of the batteries. The importance of
modeling battery cells to create BMS algorithms used for
estimating battery health and predicting degradation was
highlighted since this could maximize the useful life of the

battery.

This study also explored the different types of

cell models which could be used as observers in BMS algo-
rithms and selected a model relevant to the use application
presented in this study.
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