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Growing interest in design and optimization of electrified aircraft propulsion concepts
prompts the need for accurate, flexible, and efficient methods to model battery systems.
Presented in this paper are three battery modeling methods that have been used at NASA’s
Glenn Research Center, each representing different mathematical or electrical approaches.
Thévenin equivalent circuit, normalization, and curve-fitting methods are compared against
battery cell test data for the X-57 Maxwell electric aircraft technology demonstrator. The
methods are then applied in a simple multidisciplinary optimization context using NASA’s
Six-Passenger Electric Quadrotor concept to determine their applicability and performance.
The normalization method achieves the highest accuracy for steady and unsteady discharge
rates with a voltage mean error percentage of 0.423% and 1.186%o, respectively. Optimal
guadrotor mission range between the models varies up to 0.5 nmi, identifying current battery
modeling methods as a potentially significant contributor to mission analysis error. A set of
relevant tools and techniques for conceptual battery modeling are identified in this paper, with
conclusions made on the utility of each modeling approach for various design challenges.

I. Nomenclature

A = exponential zone amplitude, Shepherd’s equations (V)

As = surface area (m?)

B = exponential zone time constant inverse, Shepherd’s equations (A-h™)
C = capacitance (F)

Co = heat capacity (J-deg C?)

Eo = constant battery voltage, Shepherd’s equations (V)

Fv = cell normalized voltage

h = convective heat transfer coefficient (W-m2-.deg C1)

I = current (A)

K = polarization constant, Shepherd’s equations (V-A*-h'1)

kd = cell normalized discharge capacity

Kai = current parameter, Normalized discharge model (AY)

Kar = temperature parameter, Normalized discharge model (deg C*?)
kvt = temperature parameter, Normalized discharge model (V-deg C1)
MPE = mean percent error

Q = charge or discharge capacity (A-h)

R = internal resistance (Ohm)

SOC = state-of-charge

t = time (s)

T = temperature (deg C)

! Aerospace Engineer, Propulsion Systems Analysis Branch, jeshurun.p.horton@nasa.gov, AIAA Member.
2 Aerospace Engineer, Propulsion Systems Analysis Branch, jeffryes.w.chapman@nasa.gov.
3 Aerospace Engineer, Propulsion Systems Analysis Branch, mark.leader@nasa.gov, AIAA Member.



vV = voltage (V)

v = cell efficiency

T = RC-circuit time constant (s)
Subscripts

cell = battery cell

pack = battery pack

Line = battery circuit line

max = maximum (peak)

exp = exponential discharge zone
nom = nominal

oc, 0 = open-circuit

Th, 1 = Thévenin equivalent

amb = ambient

I1. Introduction

Designing a battery system for an electric aircraft introduces a distinct set of challenges compared to an electric
ground vehicle. Power and energy capacity requirements will influence the battery cell selection, cell count, electrical
layout, cable sizing, thermal protections, and electrical safety protections, all of which affect the fixed empty weight,
endurance, and maneuverability of the aircraft [1]. Stringent weight, thermal, and safety requirements for the aircraft
push the battery design solution to be as minimal as possible while still meeting operational needs. This compels the
use of multidisciplinary design analysis and optimization (MDAQO) methods to capture the interactions between the
battery system and other design disciplines. Accurate and quickly iterable battery modeling is required for such an
MDAO process to be successful. While several battery modeling methods have been used at NASA’s Glenn Research
Center for these applications, there has been recent interest in selecting and enhancing one or more of these battery
models to use for future electric aircraft concept designs.

Most battery models can be categorized as having electrochemical, mathematical, or electrical approaches [2].
Electrochemical models are generally the most complex and use knowledge of the chemical reactions occurring within
the battery cell to estimate the overall performance [3]. These models, while very accurate, can be time-consuming to
operate and require information that is not available for commercial batteries without extensive physical testing.
Mathematical models are equation-based, and often use empirical or stochastic methods to capture battery trends [4].
These models are less complex to set up and can offer improved computational speeds, but are often designed for
specific applications and can be less accurate if empirical relationships are used. Electrical models use an “equivalent
circuit” to model battery behavior using a combination of voltage sources, resistors, inductors, and capacitors [5].
Electrical models can be further categorized into impedance models, Thévenin models, and runtime-based models.
Electrical models tend to fall between electrochemical and mathematical models in terms of speed and accuracy. They
can also be more effective at modeling non-linear changes in voltage due to current. A potential downside is that
electrical models may require physical battery test data or assumptions to be made about the battery. This paper is not
a comprehensive review of all battery modeling approaches, but rather focused on specific types of models in the
mathematical and electrical categories.

Multiple factors must be considered when selecting a battery model for general conceptual MDAO applications.
Ideally, the battery model should run fast enough to be included in a large-scale vehicle design without adding
significant computational expense. The model should calculate cell-level performance with enough accuracy to
produce the correct aircraft-level power requirements for a simulated mission. If desired, the model should contain
external outputs such as heat loss and peak current that are necessary to design the aircraft’s electrical, cooling, and
safety systems. For notional conceptual designs, the model may be expected to work with easily obtainable or
estimated battery cell data rather than depending on physical battery testing. The ideal model should ideally be
adaptable to different cell types (e.g.: power cells and energy cells), and different cathode compositions (e.g.: NCA,
NMC, LFP cells for lithium-ion). While lithium-ion batteries are the focus of this paper, it may be desired to extend
the model’s capability to other battery types, such as Lead-Acid and Ni-Mh. In some cases, battery charging speeds
may be an early design consideration which would require a model that can simulate both charging and discharging
sequences. The battery models examined in this study are each evaluated based on the above criteria.

Other considerations not included in this study, but important for specific modeling situations, are the effects of
aging, capacity fade [6], over-discharge [7], cell faults [7], and overheating/thermal runaway [8]. In some cases, it



may be desirable to extend the model from design to operational applications, such as representation of an aircraft
using a “digital twin” system [9], or fault prediction using an onboard battery management system (BMS) [10], which
would require additional modeling considerations.

Each of the models examined in this study have been used previously by NASA for multidisciplinary design [4,
5, 11]. The Equivalent Circuit model was used by Jeffrey Chin to model a nominal flight for the X-57 Maxwell
demonstrator [5]. The Normalized model was developed by Wayne Johnson for the NASA Design and Analysis of
Rotorcraft (NDARC) package [11], which is used by NASA’s Revolutionary Vertical Lift Technology (RVLT) project
for conceptual rotorcraft design. The Curve Fit model was developed by Edmond Wong, George Thomas, Mark Bell,
and Jonathan Litt at NASA’s Glenn Research Center for the Electrical Modeling and Thermal Analysis Toolbox
(EMTAT) [12], a software toolkit for modeling electrified aircraft propulsion (EAP) systems.

Recent investment in the use of MDAO tools such as OpenMDAO [13] and Dymos [14] for conceptual design
work has prompted the need for existing battery models to be built up in an integrated environment compatible with
these new tools and optimization techniques. To accurately compare the battery models in terms of both accuracy and
compatibility with a modern MDAO framework, the battery models are first assessed against available test data for a
Samsung INR18650-30Q battery cell using MATLAB Simulink [15] to provide time-based input parameters. Next,
the models are examined in a simple MDAO context using OpenMDAO and Dymaos to model a dynamic mission for
a fixed electric vertical takeoff and landing (eVTOL) vehicle design. NASA’s Six-Passenger Quadrotor concept [16,
17] developed by the Revolutionary Vertical Lift Technology (RVLT) project is examined as a readily available
example of an urban air mobility (UAM) concept for which battery performance modeling is a crucial element.

I11. Battery Modeling Methods

A. Equivalent Circuit Model

The Equivalent Circuit model represents a battery cell as a Thévenin equivalent resistance-capacitance (RC) circuit
shown in Fig. 1. This allows the performance states of the battery to be represented in terms of circuit resistance and
capacitance. The model has been used for multiple concept studies, including past work on NASA’s X-57 Maxwell
electric aircraft [5].
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Fig. 1 Thévenin equivalent Single RC circuit model. [5] Fig. 2 Pulse discharge test setup. [5]

The states in this model are open-circuit source voltage (V,.), Thévenin equivalent voltage (Vry), internal
resistance (R,), and the Thévenin equivalent resistance and capacitance (R, Crp). To represent a specific cell using
this model, these parameters must be extracted from the battery across the full range of state-of-charge (SOC) and
temperature the cell will be subject to. This is accomplished through a series of pulse discharge tests, where battery
cells are placed in a temperature-controlled chamber and discharged over a given interval before being returned to
equilibrium. The setup of one of these tests, conducted on 18650-30Q battery cells, is shown in Fig. 2. Displayed in
Fig. 3 are the resulting pulse intervals (left), along with how each parameter is extracted from the pulse intervals for a
measured SOC (right). Least-squares optimization is used to match values into a set of interpolation tables.
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Fig. 3 Parameter extraction from pulse discharge test. [5]

When running the model, a given SOC and temperature are used to determine the value of V., Ry, Rrp, and Crp,
from the interpolation table. V,, is determined by Eq. 1:

dVTh — ILine _ VTh

)
dt Crn RrnCra
The line voltage (cell voltage) is then computed by Eq. 2:
VLine = V;)c - VTh - ILineRO (2)

The model assumes there is no aging or capacity fade on the cell from prior use or from high discharge rates,
meaning a battery lifecycle analysis would require further development. Due to the available range of the pulse
discharge test, the model assumes the battery will not operate below 20% SOC. This is acceptable for most concept
modeling cases, but additional testing would be needed to model scenarios such as emergency low-SOC battery usage.

As an electrical modeling approach, this method can be desirable for both speed and accuracy. The simplified
circuit model paired with interpolation tables allows for fast computational speeds while capturing transient behavior,
such as the inverse exponential gain to open-circuit voltage shown in Fig. 3 when current returns to zero. While the
RC circuit is a simplified representation of an actual cell, the Equivalent Circuit model allows more RC “blocks” to
be added modularly, resulting in higher precision at the cost of potentially reduced computational speed.

A limitation of the model is that pulse discharge test data is required to populate the interpolation tables, which is
often not available for commercial batteries. While it is possible to approximate a new battery by discerningly scaling
an existing battery’s pulse discharge data, chemical differences will not be accurately captured which could lead to
poor results. Another limitation is that accurately modeling battery charging using this approach requires a separate
test, which was not performed for the battery cell examined in this study.

B. Normalized Model

The approach taken for the NDARC software [11] battery model is to calibrate a set of parameterized equations
based on available battery discharge data. Egs. 3 and 4 for cell discharge contain the four parameters k,;, k47, R, and
kyr relating to the current and temperature response of the battery. These parameters are calibrated such that the
normalized discharge curves overlap to form a single function known as F,(kd), where kd corresponds to the cell
discharge and F;, corresponds to the cell voltage. Similar equations are applied to model battery charging.

Q
kd = I+ kar! = kar(Teeu — Tamp)) @)
Qmax
Fp=W+IR— kVT(Tcell - Tamb)3)/Vmax (4)



The voltage for a given current, temperature, and discharge capacity can then be calculated with Eq. 5 by
interpolating the table for F, and solving Eq. 4 for voltage:

V= VmaxFV + kVT(Tcell - Tamb)3 — IR (5)

The capacity used to compute kd is determined from an adaptation of Peukert’s capacity equation [18]. Fig. 4
shows a set of user input curves for a range of discharge rates (left), and the parameter-adjusted normalized curve
from which points for the F,(kd) table are derived (right). Previously, the normalized function was generated by
manually adjusting the four function parameters until the provided discharge dataset aligned closely. As part of this
study, we developed an OpenMDAQO tool to automatically generate the function by minimizing the cumulative RMSE
value of the dataset using a sequential least squares programming (SLSQP) optimizer. This allows the model to be
parameterized automatically, requiring only discharge data as an input.
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Fig. 4 Cell discharge curves (left), and normalized curves (right).
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Like the Equivalent Circuit model, this model does not take aging or capacity fade into account. It also assumes
constant internal resistance (R) as one of the model parameters, rather than solving for resistance dynamically.

There are some noteworthy advantages to using this type of model. The pre-configured interpolation table
enables fast computational speeds with good accuracy. The model requires commonly available data such as an
original equipment manufacturer (OEM) battery discharge chart, which can be reasonably guessed for notional
batteries. In addition, generalized trends for the normalized data based on measurements from multiple lithium-ion
batteries are available in the NDARC documentation [11].

A disadvantage of this model is that its accuracy is dependent on the amount of data provided by the user.
Because parameters such as R are assumed to be constant, high C-rates would not be modeled accurately if only low
C-rates were provided to the model, and vice versa. Additionally, this model does not capture transient behavior of
the battery, leading to larger inaccuracies immediately following changes in current.

C. Curve Fit Model

The method applied in the EMTAT software package [12] is based on Shepherd’s voltage-current model [4, 19].
The model is parameterized for a particular battery by defining a discharge curve function with exponential and
nominal regions as shown in Fig. 5.

The parameters A, B, K, R, and E, shown in Eq. 6 - 10 are adjusted to best fit the provided user data, and then
used to solve Shepherd’s model for voltage. The parameter equations coincide with the voltage and capacity of the
maximum, exponential, and nominal points, which are also adjusted to fit the provided data. The scalar values 1.4
and 0.185 in the equations for B and K respectively are used to improve the fit to the particular battery being
modeled and can be adjusted manually by the user [19].
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The EMTAT software contains a MATLAB user interface that allows the user to visually adjust the exponential
and nominal regions as well as the parameters. The position of the regions can easily be derived from manufacturer
battery specifications, allowing rough estimation of the battery’s discharge curve data even when such data is not
available. The MATLAB interface contains options to use RMSE or R? regression to fit the parameters to the user’s
data automatically if desired.

Like the other models, this model does not take aging or capacity fade into account. The model contains a few
numerical assumptions not exposed to the user directly, such as the scalar values in Egs. 7 and 8.

This approach can be beneficial in several ways. The automatic curve-fitting methods available in the EMTAT
software can be used to make the setup nearly automatic for the user, requiring only discharge curve data to be
provided. The model is also apt for visual representation, allowing the user to easily adjust the parameters and
region locations in real time. This makes the approach well suited to sizing a notional cell for a specific operation. In
addition, this model is analytic, meaning no interpolation is required. This may be desired for certain applications.

Limitations of the approach include the trial and error required from the user to accurately tune the model. The
automatic curve-fitting methods are sensitive, and do not completely replicate the parameters found from fitting the
curves manually. The model is somewhat limited when modeling high-capacity cells. The fitted curve shape
assumes a high voltage decrease at low SOC that cannot be completely overcome by adjusting parameters, making
the model somewhat inaccurate for the battery examined in this study. This could likely be overcome by altering the
underlying equations of the model or by applying a correction factor.

IVV. Battery Model Comparison

A. Experimental Validation

The Samsung INR18650-30Q battery cell is selected for model comparison, due to its commercial availability and
use on existing NASA concept models [20, 21]. Previous work for the X-57 Maxwell involved testing these cells
using the methods described in Section 111 for steady discharge currents, as well as the notional cell power load of a



nominal mission [5]. Each of the examined battery models are first tuned to this test data, then compared with tested
discharge curves at 0.8C, 1.0C, 1.2C, and 3C rates to determine their constant discharge performance. Next, the models
are compared with the tested notional power load using time-based power inputs in MATLAB Simulink [14] to
determine their variable discharge performance.

The constant discharge performance of each of the battery models is shown in Fig. 6. For clarity, only the standard
(1C) and high (3C) discharge rates are shown. It should be noted that the Equivalent Circuit and Normalization models
are both subject to measurement error from the cell tests. While a smoothing function can be applied to mitigate this
effect in actual use, no smoothing was applied for a more direct comparison with the Curve Fit model. The variance
seen in the plots is due primarily to this measurement error.
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Fig. 6 Constant discharge model cell voltages (top) and percent errors (bottom).

The Equivalent Circuit model slightly overestimates voltage loss at a standard discharge rate, with an amplified
effect at higher rates. The transient effects of the initial voltage drop are captured most accurately with this model.
The Normalized model closely matches the data after the initial voltage drop. Due to challenges tuning the Curve Fit
model to this type of battery cell, the model overestimates the voltage loss at low SOC.



The nominal mission power load consists of taxi, flight check, climb, cruise-climb, cruise, approach, rollout, and
reserve segments for the X-57 Maxwell. The mission discharge performance for each of the battery models is shown
in Fig. 7, along with a keyed guide for the duration of each flight segment.
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Similar results to the steady discharge data can be seen, with the models overestimating voltage loss at lower SOC.
Transient effects of changes in current are best captured with the Equivalent Circuit model. The Normalized model
most closely matches the experimental data, but does not accurately model the initial and final low-power segments.
The Curve Fit model accurately reflects the test data at high SOC, but fails to converge at low SOC due to near-zero
or negative voltage values. The mean percent error (MPE) for both the steady discharge and mission validation cases
are shown in Table 2 at the end of this section.



B. Mission Definition

To determine the applicability of each battery model in a larger design context, each of the models are applied to
a simple MDAO problem for NASA’s Six-Passenger Quadrotor concept shown in Fig. 8. Previous studies [16, 17]
identified a regional sizing mission consisting of departure and return flights of 37.5 nmi each into a 10-knot headwind
with a cruise reserve of 20 minutes. The labeled sizing mission profile is shown in Fig. 9. Using the NDARC software,
the predicted power load and performance of the vehicle was determined. Given the previously sized specific energy
and weight of the vehicle’s battery pack and the power and duration requirements of the sizing mission profile, the
battery pack performance is equivalently compared between each of the battery modeling methods. Then, assuming a
variable-length cruise segment, the battery modeling methods are used to optimize the battery pack series and parallel
cell configuration for optimal mission range. The optimization problem is created using OpenMDAO, an open-source
Python environment designed to assess and optimize multidisciplinary problems. Dymos, an optimal control library
for OpenMDAO, is incorporated to allow parameterized modeling of the sizing mission using defined segments.

-

Fig. 8 Rendering of NASA Six-Passenger Quadrotor Concept [17].
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Fig. 9 UAM vehicle-sizing mission profile [16].

Several assumptions are made for the battery pack and powertrain for simplicity of the battery design. It is assumed
the DC motors have an operating voltage of 700V with a maximum allowable bus voltage of 1000V. A simplistic
battery management system (BMS) limits the SOC to a minimum of 20% and cuts off the system at minimum voltage.

A simple thermal model is applied to each of the battery models so that their performance can be measured equally.
It is assumed that heat is expelled only through air convection at a constant ambient temperature. No modifier is added
to the convection on the cell level to account for structure, insulation, or uneven heat flux. The cell heat is
approximated from cell current and internal resistance. The temperature change is calculated from Eq. 12:

d_T — IZRtotal - hcellAS,cellAT
dt Cp,cell

(12)

As part of the EMTAT package, the Curve Fit model contains a simple heat exchanger model that draws additional
power from the battery to maintain a lower temperature. This is disabled for the purpose of comparing with the other
models.

A weight penalty of 30% is added to the total cell weight to account for the BMS, structure, wiring, and other
weights associated with the battery pack assembly. While this is an adequate assumption for this comparison study, it
should be noted that the specific energy penalty for a battery pack assembly does not scale linearly with the specific
energy of the cell [22]. The 18650-30Q cells have a specific energy of about 225 Wh/kg, which is insufficient to model
the UAM sizing mission which assumes a pack specific energy of 400 Wh/kg. Accounting for the SOC limit and pack
weight penalty assumption, this results in a required cell specific energy of 650 Wh/kg. To model the Quadrotor in
accordance with the sizing mission, the cells are modeled after the 18650-30Q data but with a specific energy of 650
Wh/kg. This is done by artificially decreasing the weight of the cells.



As discussed in Section 11, it is also assumed that no effects of aging or capacity fade apply to the battery cells. A
list of the battery specifications and assumptions is shown in Table 1.

Table 1 Battery Design Specifications and Assumptions.

C. Fixed-Range Mission

To compare the battery models equally, a 27.5 nmi mission range is used. A more detailed analysis of the battery
using the three models indicated a mission range less than the 37.5 nmi expected in the original mission sizing study.
This is due to the voltage and current limits placed on the electrical system architecture, added heat and capacity
losses, and the tendency of the battery models to overestimate voltage loss (especially the Curve Fit model, which
returned a significantly decreased mission range of approximately 27.5 nmi). A battery pack configuration of 220
series and 165 parallel cells is chosen for an equal battery pack comparison. The resulting battery performance plots
are shown in Figs. 10 and 11.
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With the given fixed parameters, the models remain within roughly +/- 10V throughout the mission. The
Normalized and Curve Fit models do not capture the nonlinear effects from the Equivalent Circuit model, but this
does not significantly deviate the overall battery performance. The temperature models remain within roughly +/- 1C,
the difference being due to interpolated resistance values for the Equivalent Circuit model, and fixed resistance
assumptions for the Normalized and Curve Fit models.

D. Optimized Mission

Next, the OpenMDAO and Dymos model is used to optimize the battery pack for each of the battery models for
maximum mission range, with the goal of examining the impact of the different modeling approaches on an objective.
The series and parallel cell configuration of the battery packs are selected as design variables. An SLSQP optimizer
and Newton solver are used to model the flight trajectory such that cutoff voltage or minimum SOC is reached at the
very end of the mission. The resulting battery performance plots are shown in Fig. 12.

The battery pack configuration of the Equivalent Circuit and Normalized models are similar (approx. 220 series,
165 parallel). Due to large drops in voltage from the Curve Fit model, a higher number of series cells are needed
(approx. 240 series, 150 parallel) to prevent the voltage from dropping below the 700V BMS cutoff limit. This results
in similar but slightly decreased mission performance for this model, due to the lower battery capacity. The mission
durations match closely for each of the optimized models, with a cruise range of approximately 31.5 nmi for the
departure and return flights. The total cruise range variation between the models is approximately 0.5 nmi. This
variation would be increased by the Curve Fit model if the battery pack configuration was required to closely match
the other two models.
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A summary of the notable features and differences between the models is shown in Table 2. These conclusions are
based on the authors’ findings and may not reflect the applicability of these modeling approaches to other concept
vehicles, or similar modeling approaches not discussed in this paper. Instead, these conclusions should be taken as
guiding remarks on modeling approaches used by NASA’s Glenn Research Center and their role in future work.

Evaluation Metrics

Table 2 Battery Model Evaluation Metrics.

Equivalent Circuit Model

Normalized Model

Curve Fit Model

Optimization Computational 148% 100% 305%
Time (as % of fastest model):

Steady Discharge MPE (%): 1.534% 0.423% 2.693%
Mission Discharge MPE (%): | 1.389% 1.186% 2.301%

Compatible Battery Types:

Power cells, energy cells

Power cells, energy cells

Power cells (may be adaptable
for energy cells)

Data Required:

Cell specifications,
pulse discharge test data

Cell specifications,
OEM discharge data

Cell specifications, OEM
discharge data (optional)

Models Charging Cycle: No (could be added by creating | Yes Yes
a pulse charge test)
Captures State Transient Yes No No
Performance:
Ease of Use (not including Easiest Moderate Hardest

data gathering):

Technology Level:

Moderate Fidelity, Low
Complexity

Low Fidelity, Low
Complexity

Low Fidelity, Moderate
Complexity

Compatible Battery
Chemistries:

Lithium-lon (ideally compatible
with any chemistry)

Lithium-lon

Lithium-lon, Lead-Acid, Ni-
Mh

Recommended Conceptual
Design Situation:

Experimental Conceptual
Design. Supporting test data is
required.
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Experimental or Notional
Conceptual Design.
Supporting test data is useful
but not necessary.

Notional Conceptual Design.
No supporting test data is
required.




V. Conclusion

The results indicate that each of the examined models can approximate experimental battery data relatively
accurately, but can be subject to net performance inaccuracy in the case of the Equivalent Circuit model or increased
inaccuracy at low SOC in the case of the Curve Fit model. This has the potential to contribute significantly to mission
analysis error by over-stressing the design constraints or incorrectly estimating the required electrical system
architecture for the concept vehicle. This is especially true for fully electric concepts such as the examined eVTOL
Quadrotor vehicle. When using these models, proper precautions must be taken and validation must be conducted to
characterize model uncertainty.

Based on these findings, recommendations can be given for the best-use applications of each model in a conceptual
MDAO context:

- A Thévenin Equivalent Circuit model is recommended for experimental concept design applications where
cells can be physically obtained. It is also recommended for detailed cell performance analysis, such as
modeling polarization discrepancies, aging, or thermal runaway, due to a more detailed ability to model
transient state effects and modular precision of the circuit model.

- A Normalized model is recommended for concept design applications where OEM battery discharge data is
available. It is also recommended for large multidisciplinary design problems or quick-return applications due
to its accuracy and computational efficiency.

- A Curve Fit model is recommended for notional concept design applications where battery cell properties must
be sized for the design rather than chosen from a selection of existing cells, or where rapid examination of
different candidate cells is desired.

To meet the needs of NASA’s RVLT project, future work will involve developing a Normalized model for MDAO
applications outside of the NDARC software. This will help improve computational runtimes of large system models
and enable the ability to examine different battery cell types more easily. Future work may also include examination
of battery modeling approaches outside of those examined in this paper for additional added benefit to the project.
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