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Abstract

Local inhomogeneous electrode utilization in recent lithium-ion batteries
tends to increase due to larger sizes and /or higher densification, which poses
a challenge for accurate, model-based monitoring. Pseudo-two dimensional
(p2D) physicochemical models (PCM) can offer such locality via calculating
local potentials and concentrations through the thickness of the electrode
stack and are numerically reduced for implementation in a microcontroller in
this work. Finite difference method combined with solid-diffusion approxima-
tions and orthogonal collocation reformulation are applied to generate three
MATLAB- and three microcontroller-suitable C-code p2D-PCMSs, which are
experimentally validated towards constant current charge/discharge and driv-
ing cycle loads on a high-energy NMC-811/SiC-18650 lithium-ion battery.
Benchmarking to an equivalent circuit model reveals similar mean cell volt-
age errors below 20 mV for the driving cycle. Reducing spatial elements

reveals errors below 1 % for local (i.e. concentrations/potentials) and global
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states (i.e. cell voltage/temperature) and is applied to speed-up the C-code
p2D-PCMs in the microcontroller (max. 168 MHz with 192 kB RAM) to
calculate at least 37 % faster than real-time. Real-time computability is in-
vestigated via varying processor frequencies and using hardware acceleration
schemes. The memory allocation to solve and store the p2D-PCMs on the
microcontroller require 115 kB and 213 kB at a maximum, respectively.

Keywords: Lithium-ion battery, Model reduction, Pseudo-two dimensional

model, Microcontroller, Nickel-rich, Graphite-silicon composite

1. Introduction

Recent achievements in higher energy density of lithium-ion batteries
(LIBs) promote inhomogeneous usage [1] either along the electrodes or through
the thickness of the cell stack [2]. Therefore, monitoring and controlling of
the battery’s states on local scale are necessary to guarantee efficient uti-
lization and safety during both dynamic (i.e. driving cycle) or rather static
loads (i.e. fast charging).

Beside larger electrodes, thicker composite coatings, higher densification (i.e.
porosity < 20 %) and high capacitive active materials such as nickel-rich cath-
odes (e.g. NMC-811) and graphite-silicon composite anodes (SiC) are applied
to increase the energy density. The resulting increase of capacity can lead to
local current densities along the electrodes exemplarily up to 4.91 mA cm—2
at 1C for a 3.35 Ah 18560 LIB (INR18650-MJ1, LGChem) incorporating low
electrode porosities of 21.6 % and 17.1 % for the SiC anode and NMC-811
cathode [2]. As a result, inhomogeneous utilization through the cell stack

and along the electrodes appears [1].



Beside the global states such as cell voltage, applied current and surface tem-
perature, proper LIB monitoring should estimate also the local states such
as potentials and concentrations in the electrolyte and the active material to
ease harmful side-reactions such as lithium plating |3, 4] or solid-electrolyte-
interphase (SEI) growth and cracking [5] or to avoid critical hot spots [1].
State-of-the-art model-based monitoring incorporate equivalent circuit mod-
els (ECMs) as it offers fast calculation and easy parameterization. However,
only global states can be simulated. Physicochemical models (PCMs) such
as the newman-type [6] pseudo-two dimensional (p2D) model offer simu-
lated local states based on porous electrode, concentrated solution theory
and electrode kinetics through the thickness of the cell stack. However, this
model comes with computational complexity due to solving its differential
algebraic equation (DAE) system, which significantly slows down the calcu-
lation. Together with the complex parameterization, application in battery
management system (BMS) outside the research field is hindered.

In this matter, we want to investigate the suitability of the p2D model in
embedded systems (i.e. microcontroller) via evaluating the computational
perfomance and simulation accuracy of p2D-PCMs using different spatial
and time discretizations, approximation schemes for the particle domain and
solvers. Three different p2D-PCMs are parameterized for a 18650 NMC-
811/SiC LIB (INR18650-MJ1 [2]) and implemented first in MATLAB® and
second transferred into a stand-alone C-code for microcontroller implemen-
tation. Errors of parameterization, model reduction, transfer into the micro-
controller and validation via measurements are outlined for constant current

(CC) charge and discharge and a driving cycle scenario to evaluate the suit-



ability of the p2D-PCMs for real-time simulation in embedded systems.

2. Model reduction of the p2D physicochemical model

To ease the computational inefficiency, model reduction can be applied
to the p2D-PCM [6], which is summarized in fundamental reviews [7, 8.
In this work, its actual implementation in the STM32F407VGT6 microcon-
troller (STM32, STMicroelectronics [9]) is evaluated towards computation
speed and simulation accuracy, coming with crucial limitations in computa-
tion power (max. 168 MHz in a 32-bit ARM® Cortex®-M4 core) and memory
ressources offering only a maximum of 1024 kB flash memory to store and
a maximum of 192 kB static random accessible memory (RAM) to solve the
model. These limitations are often not considered in research as reductions
are investigated on desktop computers.
In this matter, low spatial discretizations with sufficient accuracy are fa-
vored as the total number of spatial elements defines the size of the DAE,
the related memory requirements and thus the computational effort. Spatial
discretization of the particle domain (i.e. 'pseudo’-domain, r-coordinate) can
cause a large DAE system via discretizing the solid-diffusion partial differen-
tial equation (PDE). At every node in the electrolyte domain (x-coordinate),
this PDE is solved for the concentration ¢, of lithium-ions, which tremen-
dously raises the allocated memory. As only the particle-surface concentra-
tion ¢ s is needed for the kinetics, its numerical reduction is feasible. Ap-
proximation methods for the concentration profile in the particle were imple-
mented in literature via volume averaging together with a parabolic profile

(PP) [10, 11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21] or diffusion length ap-



proaches [22, 23, 24|, which suggests linearity between surface- and average-
concentration c; 4. Sufficient accuracy and computation efficiency appeared
via using an eigenfunction method (EM) [25, 26, 27, 28|, where the solution
is derived from a truncated, analytical solution of an infinite series of eigen-
functions. Maintaining a spatial discretization of the PDE, reformulations to
an ordinary differential equation (ODE) in time via spectral methods (e.g.
orthogonal collocation (OC)) [29, 30, 31, 32, 33, 34, 35| showed an enormous
calculation acceleration while guaranteeing sufficient accuracy. Also stan-
dard discretization schemes such as finite volume methods (FVM) (e.g finite
difference method (FDM) or finite element method (FEM)) [36, 30, 37, 3§]
were investgated next to integral methods such as the duhamel superposition
integral (DSI) (6, 39, 40, 41, 42]. Reducing the entire solid phase to a single
particle (SPM, [43, 16, 44, 45]) revealed promising computational efficicency,
but is not regarded in the following as the original p2D-PCM |[6] is focussed
in this work.

Referring to real-time computability and sufficient simulation accuracy as
seen in our previous work [46], we focus on a FDM discretization for the
electrolyte domain accompanied with two different approximation schemes
(i.e. PP- [11] and EM [25]) for the particle domain. For comparison, the
third p2D-PCM uses orthogonal collocation and thus maintains a spatial
discretization of the particle domain.

As the PP- [47] and EM-approximation are adopted from the corresponding
original work, which have already shown its validity, accuracy and computa-
tional efficiency, the reader is referred to these works [13, 14, 48, 15, 17, 26, 27|

for more information. The OC-method was used as well in literature be-



fore [49, 31] and a single work [34] investigated the performance on a micro-
controller (ATMEL 32UC3A1512 at 16MHz and 512 kB RAM [34]) including
21 DAE which could be solved in at least 190 ms under 1C CC discharge.
Unfortunately, no description of the actual implementation on this microcon-
troller is shown |34] and the work misses implementation recommendations,
detailed computational performance analysis and application-near load sce-
narios.

According to literature, the PP-, EM- and OC-PCM offer significant compu-
tation speed, reduction of DAE size and maintain sufficient accuracy to be
implemented in the STM32 [9] used in this work. Far to little work [34] had
focussed on an actual microcontroller implementation of the p2D-PCM in the
past, which is one of the main objectives of this work together with evaluat-
ing the most suitable discretization/approximation scheme to gain real-time

computation and low simulation error in embedded systems.

3. Modeling of a 18650 NMC-811/SiC lithium-ion battery

As shown in Table 1, three different p2D-PCMs are investigated incorpo-
rating different spatial discretizations/approximations and two benchmark
models (COMSOL-PCM and ECM) are used to simulate a 18650 NMC-
811/SiC LIB [2]. The three p2D-PCMs are used as stand-alone MATLAB®-
and C-code to simulate on a desktop computer and the STM32 microcon-
troller, respectively. The MATLAB®-codes are used for model parameteri-
zation and validation, determining the simulation error via reducing spatial
discretization and evaluate the implementation error for the C-code equiva-

lents in the microcontroller. As benchmarks, the COMSOL-PCM uses COM-



Table 1: Model overview

Spatial discretization

Model Framework Thermal
z—domain r—domain model
PP-PCM FDM Parabolic ! v
MATLAB I &
EM-PCM FDM Eigenfunction ! N vV
C-code

OoC-PCM Orthogonal collocation vV
COMSOL-PCM FDM comsoL v vV
ECM n.a. MATLAB/Simulink 1T vV

T Ref.[11] ™ Ref[25] I Ref.[50] !V for STM32 microcontroller V Ref. [51]

SOL Multiphysics® and the ECM is implemented in MATLAB /Simulink to
simulate on a desktop computer. The PP- and EM-PCM revealed different
suitability in terms of constant and dynamic loads [46] and are chosen in this
work for evaluating a standard, equidistant spatial FDM discretization paired
with different solid-approximations on a microcontroller instead of hardware
and software oversized desktop PCs, which are not suitable to evaluate em-
bedded system applicability. The OC-PCM uses no solid-approximation and
no standard FDM-dicsretization, but a reformulation of the p2D-PCM equa-
tions to exclusively ODEs in time via Chebyshev orthogonal collocation,
which revealed distinct speed-up on desktop PCs compared to models like
the PP- and EM-PCM. However, this reformulation must be evaluated in
a microcontroller to evaluate its suitability for embedded systems, which is
investigated here.

The DAE system of the p2D-PCM is shown in Table A.14 and the parame-
terization [2| is shown in Table A.12 and A.13.



3.1. Equivalent circuit model

The ECM consists of a single capacitor /resistor network Ry and C; ("RC’),
an ohmic resistance R; and an open-circuit voltage Vocy. As the tempera-
ture has significant influence on the cell behavior [52], the parameterization
tests of the ECM were proceeded at 25 and 40 °C beside the state of charge
(SoC) dependency. This first-order model [26] offers the best compromise of

accuracy and compexity [53] incorporating the fundamental equations as

]cellzol'%—i_g_ll
Veetr = Voov + Vi + Lee - Ri

dT.eny d Vi 2
mcpT” - (VOCV - ‘/cell - dozgv : T) : [cell - [cell Rz - awAsurf<Tcell - Too)

with I..; > 0 for charge and [..; < 0 for discharge

The resistance R; represents the ohmic resistance on the current collector
foils, the RC network accounts for any transient dynamics referring to elec-
trochemical processes [54| and the voltage source Vpoy represents the equi-
librium state. To parameterize the ECM variables (i.e. Voov, Ri, Ry, C,
d‘go%), three different INR18650-MJ1 cells were tested and the generated
data was averaged and interpolated in 1 % SoC steps. The tests included CC,
constant voltage (CV), pulse current (PC) and electrochemical impedance
spectroscopy (EIS) periods as summarized in Table 2. In terms of Voo, the
charge and discharge measurement were averaged to compensate cell polar-
ization effects. The entropic coefficient d‘fio% was derived from accelerated
rate calorimetry (ARC) |2] and validated via the potentiometric method ac-
cording to Zilberman et al. [55]. The passive components R;, R; and C
were parameterized by pulse fitting as depicted in Table 2. 88 pulses for

each temperature were used and a graphical illustration of the ECM and its



Table 2: Measurements for parameterizing the ECM

Parameter Measurement Voltage Current Temperature
CC charge/discharge 2.5-4.2V 0.033C
Vocv 25°C
cv 2.5 /42V +0.01C/-0.01C!
CC charge/discharge 2.5-4.2V 0.2C ARCHRef. [55)
d‘;ojgv
Potentiometric method according to Zilberman et al. [55]
+0.5/1C 25°C
Ry, C4 PC 25-42V
for 10/20s ! 40°C
+0.5/1C 25°C
R; PC/EIS 1! 25-42V
for 10/20s ! 40°C

I Measurement equipement (BaSyTec CTS) defines charge > 0 and discharge < 0 ™ 1h rest before
PC, applied in 10% SoC steps from 2.5 to 4.2V and vice versa I EIS at 0.042C before PC and

zero-crossing at Re{Z} = 0 as initial point for the fitting algorithm of R;

parameters is shown in our supplementary part. The input variable is the
applied current I..; from which the SoC variable is integrated over time. The
ECM is implemented in MATLAB® /Simulink and solved via the odel4x [56]
solver at a step-size of 1s.

The solving process and the necessary parameterization files are expected
neither to overload the RAM and flash memory nor to exceed the computa-
tion power of the STM32 and other works [57, 58, 59| have already shown
the actual implementation in microcontrollers. As this work focusses on the
implementation and solving of the p2D-PCM, the ECM is not transferred
into the microcontroller but used as a benchmark for state-of-the-art model-
based monitoring of LIBs in real-time operating systems and is referenced for

computation speed and simulation accuracy of the MATLAB®-code PCMs.



3.2. PP- and EM-PCM using FDM and solid-diffusion approrimation

The PP- and EM-PCM were already presented in our previous work [46] in
terms of steady-state representation together with a non-linear Kalman Fil-
ter [60, 61, 62] for state estimation of a LiCoO,/TiCg LIB. In this work, the
MATLAB®-code PP- and EM-PCM are parameterized for a NMC-811/SiC
LIB and transferred into stand-alone C-codes for the microcontroller.
Figure 1 shows the flow chart of the PP- and EM-PCM, which differ in
the approximation of the solid-diffusion PDE (Mass Balance (solid)’). The
MATLAB® codes start with the parameterization (see Table A.12 and A.13)
and calculate the initial states by assuming an equilibrium state [42]. In the
main part, a new time period At is added until a stop condition as t,,42, Vmin
or V.. is met. The initial state vector for the iterative time step k is set
to the previous, consistent solution k£ — 1 and the model is run to compute a
new consistent solution of the state variables x;. The iterative approxima-
tion ¢ of the model equations refers to every node j in the electrolyte domain
and calculates the model equations g (see Table A.14) and the corresponding
jacobian J [46]. The Crank-Nicolson method [40] is used for first order time
derivatives [46] and the time step is set to 1 s. Next, the matrix inversion [63]
(A/b, MATLAB®) is used to generate the state update dz. Note, that the
temperature is calculated afterwards [46] according to heat generation ¢ and
heat loss to the ambience ¢,,. The heat calculation proposed from COM-
SOL Multiphysics® and other works [49] revealed similar results with small
deviations up to 0.2 /0.7 % on average for 1C CC charge/discharge as the
computational less expensive calculation |52, 64, 65| used in this work (see

Table A.14).

10
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Initialization
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Initial states

ew time period At

tr =tp_1 + At

T = Tj_1 Approximation of PCM Jacobian matrix (J)
Model equations

Mass Balance (liquid)

Newton iterative solving Mass Balance (solid)
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State update Charge balance

Temperature

Ty =Tr-1+ f(q,400) T =)+ de Electrode kinetics
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Vk € [Vmin,vmax] dx < {6absy 67‘el}

Figure 1: Simplified flow chart of the stand-alone-codes of PP- and EM-PCM imple-
mented in MATLAB®2017b. The approximation of the solid-diffusion PDE ("Mass bal-
ance (solid)’) is either implemented via the polynomial profile (PP) [11] or an eigenfunction

method (EM) [25] for the PP- and EM-PCM, respectively.

To conclude, the PP- and EM-PCM use FDM together with solid-diffusion
approximation and in this work we want to evaluate, if such standard tech-
niques are sufficient to gain real-time computability of the p2D-PCM in the
STM32 microcontroller.

11



3.8. OC-PCM using orthogonal collocation on Chebyshev nodes

The OC-PCM uses a spectral method to reformulate the spatial dis-
cretization on Chebyshev collocation nodes [49] of the DAEs in both the
x and r domain. The resulting ODEs in time and algebraic equations (AEs)

form a DAE system as
Max' = f(ty, x)

which is solved via the odel5s [66, 67, 68| solver of MATLAB®. In terms
of the reformulation, an unknown continuous function is approximated by
a polynomial, which is determined by its values at the so called Chebyshev
nodes (i.e. z; = cos (7:75)) for a given number of nodes j after rescaling

each domain into [—1,1] [49]. In contrast to other work [49], the electrolyte

potential ®; accounts for activity formulation fi |6] as

O(et) _ _ilwt) Q}F%‘Tu —19)- [1 X d%g{xi,t)} _ 8ln§ir(x,t)

and the temperature calculation is identical to the PP- and EM-PCM [52,
64, 65|. Figure 2 shows the flow chart of the OC-PCM. It starts with the
calculation of the required Chebyshev differentiation matrix D, which is cal-
culated once together with the mass matrix M and the Clenshaw quadrature
weights w to evaluate the sum of finite integrals to determine the jacobian
matrix J. Next, the initialization of the ODE solver (odel5s [66, 67, 68])
is defined via calculating an initial jacobian (daeic12 [69]) and a first time
step is estimated. The following Newton iterative solving uses the same
thresholds for the tolerances €, and €., within the cell voltage range and
the time span as given for the PP- and EM-PCM. If four iterations offer no

convergence, the solver updates the jacobian and respectively the iteration

12
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Figure 2: Simplified flow chart of the stand-alone-code of the OC-PCM implemented in

Converge in i < 4

Reduce
AN

MATLAB®2017b. The spatial discretization is reformulated using Chebyshev orthogonal
collocation [49] and the resulting DAE system is solved using an ODE solver (odel5s [66,
67, 68]) of MATLAB®.

matrix M; and the process starts again. If the jacobian is current and no
convergence is expected, the step-size is decreased [66|. The solver itself uses
a linearly implicit, one-step method based on numerical differentiation for-

mulas (NDFs) implemented in backward differences [66, 67, 70|, which uses
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an iteration matrix M; as

_oap A
My =M -7

to generate the state update dx. The term -~y represents the coefficients of
the NDFs [66], k the order of the NDF and & is a scalar factor [70]. At this
point, the reader is referred to the original work |66, 67| for more informa-
tion about the solver itself and the iterative state update is outlined in more
detail in our supplementary part.

Note, the jacobian is calculated analytically at every spatial node j for every
derivative % and passed directly to the solver instead of using the incor-
porated odel5s FDM. Thus, a discretization of 10-10-10-30 (i.e. ’anode-
separator-cathode-particle’ domain) reveals approximately a 20 times faster
calculation as seen in this work. Further improvement was achieved by using
sparse structure (sparse [69]) of the jacobian and the mass matrix. Even if
the used spectral method leads to full differentiation matrices while the ja-
cobian for the DAE system is still sparse (=4 % are non-zero), using sparse
linear algebra reduces the computational cost by a factor of 4 (referring to
10-10-10-30), which tends to increase for finer discretizations.

In sum, the OC-PCM uses reformulation, which shows significant compu-
tational acceleration of the solving process on a desktop computer. In this
work we evaluate the transfer of the OC-PCM into a stand-alone C-code

including the ODE solver and the real-time ability of simulating a LIB on a

microcontroller.
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3.4. Rigorous COMSOL-PCM

As a benchmark, the liion-model [51] of COMSOL Multiphysics® is used
and run via the LiveLink [44] application using MATLAB®2017b. The ap-
proximation functions are set to linear and a total 53, 8 and 40 of spatial
nodes in the anode, separator and cathode domain are used with 20 nodes in
the particle domain. The temperature is calculated with a single ODE (see
Table A.14). The DAE system is solved with the 'Multifrontal massively
parallel sparse direct solver’ (MUMPS) [71] at a fixed step-size of 1 s.

3.5. Spatial configuration and DAFE size of the PCMs
The spatial discretization for the PP- and EM-PCM is denoted as 1y -
Ngep - Npos, Which corresponds to the respective number of nodes in the anode,

separator and cathode domain. The total number of DAEs calculates as
NpAEs — (nneg + Npos + 2) -6+ (nsep — 1) -3

referring to the boundary interfaces (*+2’) and electrode domains ("nyes +
Npos’ ) With six (¢, s, U, Jn, D1, P5) and three DAEs (¢, 4, ®;) at the internal
nodes of the separator ("ngep — 1), respectively. In terms of the OC-PCM,
the spatially discretized particle domain ('np’) must be included as well as

the calculation of the temperature ("+1°):
NDAEs — (nneg + Nsep + Npos — 2) -2+ (nP + 3) : (npos + npos) +1

Again, the term '—2’ is referring to the boundary interfaces of the electrodes
and the separator, which are implemented in a common node for the defini-
tion of ¢; and 7;. The term 'np + 3’ refers to the solid-concentration ¢, and

the molar flux j, /ionic current density i; as well as the solid-potential ®.

15



Table 3 summarizes the spatial discretizations used in this work for the p2D-

PCMs with the corresponding number of DAEs.

Table 3: Spatial discretizations of the PCMs

. Number of spatial nodes Number of
Model Indices Anode Separator Cathode Particle DAEs
1-1-1 1 1 1 24
PO 2-1-2 2 1 2 pp 1 36
5-3-5 5 3 5 78
10-5-10 10 5 10 144
1-1-1 1 1 1 24
EM-PCM >l ! EM I 50
5-3-5 5 3 5 78
10-5-10 10 5 10 144
5-3-5-2 5 3 5 2 73
5-3-5-3 5 3 5 3 83
Oc-PeM 5.3-5-5 5 3 5 5 103
20-10-20-25 20 10 20 25 1217
COMSOL-PCM  53-8-40-20 53 8 40 20 2338 1M1

T Ref. [11] ™ Ref. [25] T referring to linear element order

4. Microcontroller implementation

Primarily the small-sized RAM of microcontrollers and low processor fre-
quencies imply challenges for solving the p2D-PCM, which poses no challenge
for a standard desktop computer equipped exemplarily with 16 GB RAM at
3.2 GHz as used in this work for the MATLAB®-code PCMs. 192 kB of
RAM and a maximum of 168 MHz are offered by the chosen microcontroller
to solve the C-code p2D-PCMs in this work.

Beside working without an operating system and with hardware modules like
universal asynchronous reciever transmitter (UART) for data transmission,

the transfer from the scripting language MATLAB® to the programming

16



language C' is a significant step as some framework related options such as
matrix inversion (A /b [63]), linear algebra operations (sparse [69]) or solvers
(odelbs |66, 67, 68]) are not available and must be transferred without over-
loading the memory. Note, that most of these specific functions cannot be
exported via the MATLAB® to C export option [72] and even if, they would
not be necessarily runnable on a microcontroller.

Basically, the hardware abstraction layer (HAL) library (Cortex microcon-
troller software interface standard (CMSIS), ARM [73]) and the STM32
CubeMX software [74] were used to configure the system clock, peripher-
als and an initial code structure. The flow chart of both stand-alone C-codes
(PP-/EM-PCM and OC-PCM) are shown in Figure 3. Via running the C-
code PCMs on the STM32 and sending the simulation results (UART-to-USB
converter) to a desktop computer, computation efficiency and simulation ac-
curacy can be analyzed and compared to the correponding MATLAB®-code
PCMs. The analysis using the MATLAB®-code PCMs on a desktop com-
puter is not useful to evaluate the performance in low-hardware/software
environment, as multi-threading calculation, oversized memory capacities,
the comprehensive operating system and the framework MATLAB® itself

would distort the results.
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Figure 3: Flow chart of the stand-alone C-codes of the PP-/EM-PCM (left) and the OC-PCM (right)
implemented in the microcontroller (STM32F407VGT6, STMicroelectronics [9]). The PP-/EM-PCM and

OC-PCM routines refer to the p2D-PCM models shown in Figure 1 and 2. The generated simulation results

are sent per converged time step via an UART-to-USB converter to a desktop computer and evaluated in

terms of computation performance and simulation accuracy.

18



4.1. PP- and EM-PCM stand-alone C-code

After power up (see Figure 3, left), global variables with fixed memory
allocation are set, which are accessible in any case whilst the remaining vari-
ables are allocated and freed with every function call. Next, the processor
calls the main function to configure the system clock, initialize the peripher-
als, load the parameterization including analytical functions, look-up tables
and single parameters, set the stop conditions and call the initialization. Via
UART the messages to be transmitted are intialized and the initial states
are sent to the desktop computer using the UART-to-USB converter. The
main loop is entered next and the time simulation is started. It ends as soon
as a stop condition is met (see Figure 1). Note, that only the current state
k and the previous state k — 1 are stored on the STM32 - otherwise the
microcontroller’s memory would be exceeded after a short time period. The
main loop runs the PCM as depicted in Figure 1 and transmits the current
states to the desktop computer at every converged time step.
In detail, the interpolation of the look-up tables F., and af—;q are defined
on the STM32 via spline interpolation at the junction nodes, which offers
differentiability compared to piece-wise linear approximation. Based on a
MATLAB® structure (spline [75]), the implementation includes the coeffi-

cients ¢, number of pieces s, order of polynomials [, range of the measured

data and a pointer to the array of single intervals to define a spline as |50, 76]:

f([[‘) = CO,S(ZE - xs)lil + Cl,s(x - xs)li2 + -+ Cl—l,s(x - CL’;) + Cls
where the coefficients differ in each knot interval of

T € [xs, Tsi1]
Not only the value of two adjacent intervals are matched but also their deriva-
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tives, which is a crucial point when calculating the jacobian. To reduce
memory allocation, the coefficients are stored in an array and evaluated via
pointer function. Using double precision [77], a total of 751 and 41 knots are

0 Beq allocating 6008 and 328 Byte, respectively.

E
used for E, and =%

The matrix inversion to calculate the inverse of the jacobian J~! uses a
MATLAB® function (A4/b [63]) in the MATLAB®-code PCMs. As standard
C-algorithms (e.g. CMSIS) failed, the Gauss-Jordan (GJ) algorithm |[78]
was implemented, which is not a matrix-type specified algorithm like ex-
isting, tridiagonal-block-type algorithms (e.g. BAND(j), [79]). As floating
point numbers are used in the processor, the highest accuracy is gained at low
absolute values. In order to minimize the error caused by performing floating
point operations during the matrix inversion, the concept of pivoting [80] is
applied, which leads to lower absolute values and thus higher accuracy. In
addition, the STM32 provides a floating point unit (FPU) of single preci-
sion [77]. Before the inversion starts, the matrix-entries are converted into
single precision, next the inversion takes place on the FPU and the results
are converted into double precision in the end. The related loss of accuracy
and computation speed up is discussed in this work.

The "Transmit states’ action (see Figure 3) uses a virtual COM port be-
tween the STM32 and the desktop computer and a UART-to-USB converter
(115200 bits~!), where the COM port is evaluated via a MATLAB® script.
In terms of RAM, the size of n, (= 6) state variables @, both the jaco-

1

bian J and its inverse J ' as well as the calculation of the solid-diffusion

approximation xs determine the total size in Byte:
size(J,J 1) = 2+ (n; - n,)? - 8 Byte
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size(x) = (n;-n,)-2-8Byte
size(xs) = (n; - n,) - 2-8Byte
with a total number of nodes:

Nj = Nneg + Nsep + Mpos +1

The multiplication with 2’ for & and x is necessary for the current and
previous state. The additional states ng are two [11] for the PP- and six [25]
for the EM-PCM. Table 4 shows exemplarily the possible discretizations and
RAM /flash memory usage in the STM32 for the PP- and the EM-PCM. The

Table 4: Memory usage of the stand-alone C-code PP- and EM-PCM

Model PP-PCM EM-PCM
Discretization 1-1-1 2-1-2 5-3-5 1-1-1 2-1-2 9-3-5
size(J,J 1) in Byte 9216 20736 112896 9216 20736 112896
size(x) in Byte 384 276 1344 384 076 1344
size(xs) in Byte 128 192 448 384 076 1344
RAM

Total size in Byte 9728 21504 114688 9984 21888 115584

Memory allocation in % ! 0.1 11.2 08.8 0.2 11.4 60.2

Flash memory
Total size in kB 173.66 173.95 174.58 177.61 177.88 178.55
Memory allocation in % ! ~ 17 % ~ 174 %

I Referring to the STM32 with 192kB of RAM ! Referring to the STM32 with 1024 kB flash memory

maximum runnable spatial configuration included 14 nodes in total as enough
memory space for the variables and the solving process must be reserved. The
minimum converging setup was found to be 2-1-2. The increase in memory by
using the EM-approximation is negligible regarding x in reference to the PP-
approach. The major influence is seen in the increase of spatial discretization

as the jacobian size increases as well and the overall RAM usage increases
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quadratically.

In sum, the PP- /EM-PCM on the microcontroller need at least ~ 10 kB up
to a maximum of 115 kB during calculation and the maximum flash memory
allocation consumed around 174 /178 kB of the maximum 1024 kB flash
memory (=~ 17 /17.4 %).

4.2. OC-PCM stand-alone C-code

The structure of parameters, interpolation schemes and communication
to the desktop computer of the C-code OC-PCM is similar to the C-code PP-
/EM-PCM. A specified version of the ode15s solver |66, 67, 68] is developed

in C' offering main functionalities as

Calculation of initial jacobian (daeic12 |68])

Initial step estimation £ = 0

Calculation of iteration matrix M,

Iteration with simplified Newton method using GJ-inversion for M;

Calculating new jacobian J
e Adjusting step-size At

For calculating an initial jacobian, daeic12 [68] was extracted from the odel5s
solver and transferred into C' right after setting the initial values (see Fig-

ure 3). The sparse function [69] was adopted to gain a sparse jacobian via

neglection of any zeros and the non-zero entries are stored in an array %

together with the respective index coordinate pair fl—f index TO Save memory.

€r |

The estimation of the initial step-size is performed according to Curtis et
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al. [81]. The iteration matrix M; is obtained at every iteration and uses the
previously calculated jacobian (see Figure 2). The main loop integrates from
the previous state £k — 1 to the current state k and uses simplified Newton
method [67, 82| incorporating the GJ-inversion [78] for inversing M; to gen-
erate the state update dx. Step-size reduction and new jacobian calculation
are implemented as described in section 3.3.

Regarding the memory allocation, the iteration matrix M; contributes as
size(M;) = {(Nneg + Npos) (M + 5) + 2ng., — 3} - 8 Byte

Similar to the jacobian of the PP-/EM-PCM, the memory usage of the M;

increases quadratically and the spatial discretization in the particle domain

m is here the main driver. The analytical calculation of the jacobian % is

stored as array of the non-zero entries as
size(%) = {Nneg(5Nneg+3m+6)+nsep(3nsep—2) +1pos (5Npos+3m~+6) —5} -8 Byte

Therefore, the indices af index Of the position in the jacobian (i.e. row and

da:|

column) are stored as integers with 4 Byte each
size(%hndm) = 2-{Nneg(5Nneg+3m—+6)+nsep(3nsep—2) +Mpos (51pos+3m~+6)—5}-4 Byte

Improvement using unsigned 16 bit integer is optional but not considered in

this work. The mass matrix M is stored as integer to
size(M) = {(Npeg + Npos) (M + 5) + 2n4e, — 3} - 4 Byte

and the backward differences for the NDFs [66, 70| are crucial to find a

consistent solution and their memory usage amounts to
size(V™) = T {(Nneg + Npos) (M + 5) + 2n4e, — 3} - 8 Byte
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The factor "7’ is required by the integration order and two additional states

are saved for following iterations [66, 70]. The variable @ stores the states
size(x) = 2 {(Nneg + Npos) (M + 5) + 2ng., — 3} - 8 Byte

and the factor ’2’ accounts for the previous stored iteration. The maximum
runnable spatial configuration 5-3-5-5 is in the same memory range as for
the PP-/EM-PCM, whereas the most coarse configuration 5-3-5-2 offering
sufficient accuracy needs at least five resp. three nodes in the electrode
resp. separator domain for the NMC-811/SiC parameterization. Note, that
the minimum converging configuration appears to 3-2-3-2, but was neglected
due to insufficient simulation accuracy. Table 5 shows the range of runnable
C-code OC-PCMs on the STM32.

In sum, the OC-PCM on the microcontroller needs at least 54 kB RAM
during calculation and the maximum allocates around 100 kB. The overall
model size uses around 212 kB of the maximum 1024 kB flash memory (~

20.7 %).
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Table 5: Memory usage of the stand-alone C-code OC-PCM

OC-PCM

Discretization 5-3-5-2 5-3-3-3  5-3-5-5
size(M;) in Byte 42632 55112 84872
size(22) in Byte 3088 3328 3808
size( %L |inger) in Byte 3088 3328 3808
size(M) in Byte 292 332 412
size(V™) in Byte 4088 4648 5768
size(x) in Byte 1168 1328 1648
RAM

Total size in Byte 54356 68076 100316

Memory allocation in %' 28.3 35.5 52.2
Flash memory

Total size in kB 212.08 212.27 212.95
Memory allocation in % ~ 20.7 %

I Referring to the STM32 with 192kB RAM I Referring to the

STM32 with 1024 kB flash memory

5. Results and discussion

5.1. Validation and computational efficiency under constant load scenarios
The experimental validation of the three PCMs and the benchmark mod-
els is shown via thermographic measurements of the INR18650-MJ1 LIB at
different CC charge (0.2/0.5/1C) and discharge (0.2/0.5/1/1.5/2C) rates at
25 °C ambient temperature under convective cooling as presented in previous
work [2]. A desktop computer equipped with a Intel(R) Core(TM) i5-6500
CPU at 3.20 GHz processor and 16 GB of RAM was used for calculation.
The mean cell voltage error (a, b), temperature error (¢, d), overall simula-

tion time (e, f) and averaged calculation time per step (g, h) are shown in
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Figure 4. Regarding CC charging in Figure 4 a and c, the mean cell voltage
error ranges from 10 mV for the ECM up to 20 mV for the OC-PCM until
0.5C and increases for the ECM at 1C up to 29 mV while a decreasing trend
can be seen for all PCMs. The mean temperature error appears below 0.6 K
for all models. Regarding discharge, the ECM matches quite well the mea-
surements with errors on average below 21 mV and 0.1 K until 2C while all
PCMs show increasing errors for higher C-rates (e.g. max. 68 mV for the
PP-/EM-PCM and max. 1.5 K for the OC-PCM at 2C CC). The ECM shows
increased modeling errors at 1C charging, which may be linked to limitations
in the pore of the porous electrodes [2| and improvements can be achieved
via using physically more meaningfull, distributed-parameter ECMs [83| or
adaptive, online-paramater estimation [84].

In general, all PCMs show increasing errors with higher applied C-rates (>
1C) as inhomogeneities along the electrodes (61.5x5.8 cm, widthxheight)
increase as shown in our previous work [2], which cannot be modeled with
a single-PCM as the electrode utilization is assumed to be homogeneous.
Nevertheless, certain differences appear between the MATLAB®-code PCMs
compared to the COMSOL-PCM. The temperature calculation is included
in the jacobian of the OC-PCM, which is not implemented for the remaining
PCMs and may have a significant influence on the cell voltage and tempera-
ture calculation beside the different spatial discretization and approximation

schemes.
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Figure 4: Experimental validation with the INR18650-MJ1 NMC-811/SiC LIB of the simulation results
including the ECM, the MATLAB®-code PCMs ("PP-PCM 10-5-10°, ’OC-PCM 20-10-20-25’ and ’EM-
PCM 10-5-10°) and the rigorous benchmark PCM ("COMSOL-PCM 53-8-40-20’). The mean cell voltage
error (a, b) and temperature error (c, d) are shown together with the overall computation time (e, f) and
averaged calculation time per converged time step (g, h) for the different CC charge (a, c, e and g) and

discharge (b, d, f and h) tests at 25 °C ambient temperature and convective cooling conditions [2].
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The reformulation and solving of the solid-diffusion PDE in the OC-PCM
instead of using approximations contributes to the different cell voltages com-
pared to the PP- and EM-PCM. The error for the OC-PCM remains at ~ 22
mV for all scenarios, whereas the used approximations (PP [11] and EM [25])
lead to increased errors for 1.5 and 2C discharge (~ 68 mV at 2C). As the
liton-module [51] for the COMSOL-PCM offers only the particle concentra-
tion at the center, the surface and on average, an approximation may be used
here as well, which may explain the appearing deviations.

In sum, all MATLAB®-code PCMs reveal sufficient accurate simulation of
the electrochemical-thermal behaviour throughout the thickness of the NMC-
811/SiC electrode stack under CC charge and discharge scenarios compared
to the measured electrical-thermal behaviour of the INR18650-MJ1 LIB. In-
creasing errors appear, when inhomogeneities of the current density [2] along
the electrodes are expected to increase for high applied C-rates (> 1C).

The computation times in Figure 4 e and f of the COMSOL-PCM appear to
be the slowest and the fastest appear for the ECM, as expected. The same
trend can be seen for the averaged calculation time per step (see Figure 4 g
and h). Approximately 6.3 ms per step are needed at 1C CC discharge for
the OC-PCM, while the ECM needs only 0.2 ms. This results in an ap-
proximately 32, 470, 865 and 1085 times faster computation for the ECM
compared to the OC-, EM-, PP- and COMSOL-PCM, respectively. The
benefit of using explicit functions of state and input variables to solve the
ECM [83] instead of solving the DAE system of the PCM is not questioned
here. Even if large frameworks are used, lean computational costs confirm

that implementation in the microcontroller would lead to similar results.
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Therefore, the ECM is used as benchmark only and not implemented in the
microcontroller.

Around 16, 67 and 26 % of the desktop computer’s CPU and approximatly
660, 670 and 793 MB RAM for the PP- /EM-, OC- and COMSOL-PCM
are used at a full 1C CC discharge. Considering also the computation time,
the OC-PCM may be most suitable for fast computation but preferring low
memory usage and CPU load, the PP- or the even faster calculating EM-
PCM seem more suitable. The ECM allocates ~ 1400 MB at ~ 10 % CPU,
which is mainly caused by using the MATLAB/Simulink framework.

The simulation results are run on a desktop computer offering sufficient com-
putation ressources of 3.20 GHz and 16 GB RAM. The STM32 offers maxi-
mum 168 MHz and 192 kB RAM and evaluating the most suitable PCM for
embedded systems must be based on adequate conditions as proposed in con-
trol devices for a BMS, which are similar to the microcontroller of this work
and offer similary no commercial framework tool or a sophisticated operating

system.

5.2. Reducing memory allocation via coarser spatial discretizations

For implementation in the microcontroller, the number of spatial elements
in the PP-/EM-PCM and the OC-PCM is gradually reduced to save RAM
and decrease computation time. The related increase of modeling error for
the cell voltage V.., temperature T,.;, surface concentration ¢, and the
potential drop ®, — ®; both at the anode-separator interface is analyzed in
reference to the validated MATLAB®-code PCM configurations shown in
Figure 4. Figure 5 shows the increase of error exemplarily for the 1C CC

charge and discharge scenario.
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Spatial discretization
anode-separator interface * = Lneg is shown for gradually reducing the total number of spatial nodes in

the MATLAB®_code PCMs (PP-, EM- and OC-PCM) in reference to the experimentally validated PCMs

(c, d), the surface concentration (e, f) and the potential drop ®s — ®; (g and h) both located at the
shown in Figure 4(’PP-PCM 10-5-10’, '/EM-PCM 10-5-10’ and ’OC-PCM 20-10-20-25").

Figure 5: The relative (%) increase of modeling error for the cell voltage (a, b), the cell temperature



Regarding the global cell variables V,..; and T,.;, similar error increase
appears for charge and discharge for all PCMs. The PP- and EM-PCM show
mean cell voltage error increase of &~ 0.6 % for the minimum configuration
(1-1-1), whereas the OC-PCM shows errors below 0.1 % in all cases. The
deviance for the cell temperature is around 1.2 % for the PP- and EM-PCM,
whereas nearly no deviance could be seen for the reduced configurations of
the OC-PCM. Note, a minimum of 5 and 3 nodes for the electrodes and
separator domain in the OC-PCM appeared for guaranteeing convergence.
Regarding the internal variables ¢, s and ®; — ®;, higher deviances for the
charge than for the discharge scenario appear with the chosen parameteri-
zation, which differs between charge and discharge to account for hysteresis
effects of the open-circuit potentials [2]. Regarding the most coarse discretiza-
tion, errors up to 7.3 /3 % compared to 2.7 /1.2 % for charge/discharge of the
PP-/EM-PCM and the OC-PCM respectively appeared for ¢, 5. In terms of
®,— d,, the errors increase up to 16 % for charging regarding PP-/EM-PCM,
whereas lower errors appear for the OC-PCM (=~ 1.4 %).

The results indicate no distinct difference between the PP- and EM-PCM,
when lean spatial discretization is chosen even at the lowest configuraiton of
1-1-1. The OC-PCM shows less error with decreasing number of nodes when
mainly the spatial discretization in the particle is reduced - which reduces
the overall size of the DAE enormously. In general, the error on global vari-
bles such as cell voltage and temperature seems acceptable but when internal
variables are used such as the potential drop at the anode-separator inter-
face to indicate the onset of lithium plating [4, 85], disctinct errors due to

a lean spatial discretization must be considered for interpreting the results
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correctly.

In terms of the microcontroller, spatial configurations of 2-1-2 and 5-3-5 are
used for the PP- and EM-PCM as similar mean errors regarding 2-1-2 of 4
mV (0.12 %), 7E-2 K (0.25 %), 84 molm~ (0.94 %) and 0.8 mV (0.3 %) are
expected due to modeling error at 1C CC charge and discharge, which offer
still sufficient accuracy to describe accurately the NMC-811/SiC INR18650-
MJ1 LIB. In terms of the OC-PCM, the 5-3-5-3 and 5-3-5-5 are used which
show maximum averaged errors regarding 5-3-5-3 of 0.25 mV (5E-3 %), 2E-3
K (2E-3 %), 6.7 molm—3 (8E-2 %) and 6E-2 mV (2E-2 %).

5.3. Stand-alone C-code models on the microcontroller under constant load

SCEenario

The CC charge and discharge loads as shown in section 5.1 are simulated
on the STM32 using the stand-alone C-codes of the PP-, EM- and OC-
PCM. The simulations incorporate the coarse 2-1-2, 2-1-2 and 5-3-5-3 and
the maximum 5-3-5, 5-3-5 and 5-3-5-5 spatial discretizations, respectively.
Figure 6 shows the mean cell voltage and temperature error in reference
to the corresponding MATLAB®-code. The computational performance is
analyzed via the mean iteration time and total number of iterations per 1
s time step on the STM32 processor at 168 MHz. Table 6 summarizes the
analysis at 1C CC charge and discharge. The lowest mean cell voltage error
for charge and discharge appears for the PP-PCM (< 0.4 mV) and the highest
appears up to 3.8 mV for the EM-PCM. Reducing the number of spatial nodes
(see "Coarse configurations’ in Figure 6), leads to higher deviations regarding
the PP-PCM whereas the EM- and OC-PCM reveal less deviations. In terms

of the cell temperature for charge and discharge, similar trends can be seen
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except for the lowest temperature error, which is seen for the OC-PCM.

Table 6: Performance of C-code PCMs on the microcontroller at 1C CC
Model PP-PCM EM-PCM oC-PrCM

Discretization 2-1-2 535 212 535 5353 5355
1C CC charging

Mean A Ve / mV ! 0.255 0.019 0.3956 1.665 0.053 0.262
Mean A Tpeyy / K1 0.103 0.003 0.003 0.117 <1E-3 <1E-3
Mean number of

: - 4.02 4.31 2.17 2.23 1.22 1.26
iterations per step / -

Mean iteration

. 219 1052 124 560 550 932
time per step / ms
1C CC discharging
Mean A Ve / mV ! 0.388 0.069 2.126 3.603 0.032 0.195
Mean AT, / K1 0.08 0.08 0.10 0.17 <1E-3 <I1E-3

Mean number of

: . 3.72 4.17 1.56 2.14 1.25 1.18
iterations per step / -

Mean iteration

. 205 1021 90 540 563 887
time per step / ms

Tin reference to the corresponding MATLAB®-code PCM with the same discretization

In sum, all C'-code PCMs on the STM32 show sufficient accuracy below 4 mV
of cell voltage and 0.4 K of cell temperature error, which is mainly caused
by approximations and rounding errors. The analysis of the internal states
such as concentrations and potentials is neglected here as similar low error

ranges appear.
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Figure 6: Evaluation of the simulation accuracy (a, b, ¢ and d) and computational efficiency (e, f, g,
and h) of the stand-alone C-code PP-, EM- and OC-PCM under constant current charge (0.2, 0.5, and
1C) and discharge (0.2, 0.5, 1, 1.5 and 2C) scenarios. The mean cell voltage (a, b) and temperature error
(¢, d) is shown in reference to the corresponding MATLAB®-code PCM for the coarse (2-1-2, 2-1-2 and
5-3-5-3 for PP-, EM- and OC-PCM, ’Coarse configurations’) and maximum spatial configuration. The
computational efficiency is shown similary in form of the iteration time (e, f) and the mean number of

iteration per 1 s step (g, h). 34



Regarding the computational performance in Figure 6 e and f, the fastest

computation appears for the EM-PCM (max. 560 ms per step with min. 2
iterations) whereas the slowest is seen for the PP-PCM (max. 1052 ms per
step with min. 4 iterations). When the coarse discretization is used, the
OC-PCM reveals the slowest calculation (max. 563 ms per 1 s step). For
the OC-PCM, the 1 s time step is set as a maximum as the solver routine
is implemented with the option, to reduce the step-size if no convergence
appears (see Figure 2) and the OC-PCM is thus more susceptible to pro-
long the overall computation time. Thus, the minimal number of iterations
appears for the OC-PCM and the PP-PCM needs the most iterations. The
spatial discretization has less significant influence and only slightly reduces
the number of iterations.
In sum, the EM-PCM is the fastest calculating model with 90 respectively
540 ms per 1 s time step for an entire 1C CC discharge using coarse respec-
tively maximum spatial discretization in the STM32. The OC-PCM offers
still calculation times below the real-time threshold even if the solver routine
reduces the stepsize during runtime. The PP-PCM is most likely to require
the longest calculation time and number of iterations. Under CC load sce-
narios, the most appropriate choice for simulating the INR18650-MJ1 LIB in
real-time on the microcontroller would be the EM-PCM.

5.8.1. Influence of the processor frequency

In application, lower processor frequency results in lower energy consump-
tion and reducing the computation power can thus pose a challenge for the
C-code p2D-PCMs to hold real-time computability. The 32-bit ARM Cortex
M4 processor [9] of the STM32 offers a frequency range up to 168 MHz and
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three different configurations at 50, 109 and 168 MHz are used to simulate 1C
CC charge and discharge with all C-code PCMs to evaluate the influence on
the computation speed. The UART transfer time reveals negligible influence
herein.

Figure 7 a and b show the total computation time versus the simulated time
and for all frequencies, the EM-PCM shows the fastest computation, whereas
the PP-PCM the slowest. A more detailed analysis of the computation per-
formance is shown in Table 7. As the simulation accuracy and iteration
number (see Table 6) are not influenced by the processor frequency, only
the mean iteration and total calculation time versus the simulated time (see
'Time reduction’) are shown in Table 7. Similarly to Figure 7 a and b, Fig-
ure 7 ¢ and d illustrate the average iteration time per 1 s step. The blue
horizontals in Figure 7 mark the real-time suitability, when the calculation
time equals the simulated time (see "Time factor’ in Table 7). At 168 MHz,
the PP-PCM is slightly atop the threshold with +8 % /46 %, whereas the
OC- and the fastest calculating EM-PCM show time reductions of 6 % /10
% and 41 % /43 % during 1C CC charge /discharge. Only the EM-PCM
reveals sufficient computation speed (max. 872 ms for 1C CC charge) at 109
MHz, whereas at 50 MHz none of the PCMs can simulate in real-time. A
minimum increase of 89 % (1890 ms for 1 s at 1C CC discharge) is seen for
the EM-PCM and over 3 times longer computation times than the actual

simulated time appar for the PP- and OC-PCM.
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Table 7: Computational performance of C-code PCMs at different processor frequencies
Model PP-PCM 5-3-5 EM-PCM 5-3-5 OC-PCM 5-3-5-5
Load ! CH DCH CH DCH CH DCH
Frequency of 168 MHz

Mean iteration

. tep / 1052 1021 560 540 932 887
ime per step / ms

Time factor 11 1.08 1.06 0.59 0.57 0.94 0.90
Frequency of 109 MHz

Mean iteration

. tep / o 1639 1592 872 841 1436 1394
ime per step / ms

Time factor I 1.68 1.63 0.91 0.88 1.46 1.45
Frequency of 50 MHz

Mean iteration

. tep / 3555 3452 1889 1823 3132 3031
ime per step / ms

Time factor 1! 3.63 3.55 1.95 1.89 3.16 3.05

I'at 1C constant current charge (CH) and discharge (DCH)

III Total calculation time
Simulated time

Il yeferring to a 1 s step-size = Time factor

In sum, real-time suitability poses a challenge for the C'-code PCMs on the
microcontroller and under CC loads, the necessary speed-up can be achieved
via using coarser spatial discretizations (e.g. 2-1-2 resp. 5-3-5-3 for the
PP-/EM-PCM and OC-PCM). As seen in Table 6, reducing the spatial con-
figuration reveals the EM-PCM as fastest-calculating C-code PCM. As the
accuracy is not distorted by the frequency, the most appropriate choice at

low frequencies is the EM-PCM.

5.3.2. Influence of the microcontroller’s accuracy

To reduce computation time, the jacobian/iteration matrix inversion is
calculated using the FPU of single precision. The transfer needs two extra
arrays of single precision for a current copy of the matrix and for storing the
inverse. The coarse configurations 2-1-2 and 5-3-5-3 for the PP-/EM- and
OC-PCM are used to avoid RAM overloads. 1C CC charge and discharge at
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168 MHz are simulated and the results are shown in Table 8.

The maximum mean cell voltage error accounts to 1.862 mV for 1C CC
discharge using the EM-PCM in reference to the corresponding MATLAB®-
code PCM. The lowest error is seen for the OC-PCM below 0.12 mV. Negli-
gible errors for the cell temperature (see Table 8) appear.

Comparing the results between single- (see Table 8) and double-precision
(see Table 6), a trend of decreasing iterations appears (= 19 % less) for the
EM-PCM at 1C CC charge.

The benefit can be seen in the average iteration times per step in Table 8.

Table 8: Computational performance of C-code PCMs using FPU for 1C CC charge and

discharge

Model PP-PCM 2-1-2 EM-PCM 2-1-2 OC-PCM 5-3-5-3
Load! CH DCH CH DCH CH DCH
Mean AV, /mVT  1.343 0416  1.683 1.862 0.055 0.115
Mean AT, / K <1E-2  0.08 0.12 0.09 <1E-3  <I1E-3
Mean number of

_ . 3.90 3.33 1.75 1.59 1.17 1.30
iterations per step / -

Mean iteration

. 156 134 75 69 76 80
time per step / ms

Time reduction ' 29% 35% 40% 23% 86% 86%

T'at 1C constant current charge (CH) and discharge (DCH)

IL i reference to the corresponding MATLAB®-code PCM with identical spatial discretization

I compared to the calculation time without using the FPU on the STM32

The EM- and OC-PCM show calculation times around 80 ms and the PP-
PCM up to 156 ms. For constant loads, minimum reduction of 29 %, 23 %
and 86 % for the PP-, EM- and OC-PCM appears when the FPU is used.
The mean error of the PCMs may slightly increase while using FPU, but still

sufficient accuracy is offered. Regarding the maximum calculation times, sin-
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gle time steps are simulated in ~ 600 ms for a 1 s time step at a total iteration
number up to 9 for the OC-PCM. This may be critical, when real-time com-
putation must be guaranteed. The PP- and EM-PCM show lower maximum
iteration numbers and computation times, where the PP-PCM appears as
the overall slowest converging model.

In sum, the most benefit in using the FPU is gained with the OC-PCM but
certain overshoots in calculation time and iteration number may be a prob-
lem for real-time suitablility. The EM- and PP-PCM show a more stable
calculation with slightly increased errors for the EM-PCM and slower com-
putation speed for the PP-PCM. Comparing the total calculation time to the
simulated times for 1C charge and discharge, a minimum reduction of 84 %,
92 % and 92 % appears at constant load simulations for the PP-, EM- and
OC-PCM, respectively.

5.4. Validation and computational efficiency under driving cycle scenario

Referring to application of LIBs in EVs, the ARTEMIS [86] drive cycle
was adapted to the INR18650-MJ1 LIB current range as seen in Figure 8 a.
For the experiments, a cycler (CTS, BaSyTec) paired with a climate chamber
(VT 4021, Vétsch Industrietechnik GmbH) at 25 °C was used at initial 100 %
SoC of the LIB. Figure 8 b illustrates the measured cell voltage together with
a magnified region (Figure 8 ¢) showing the simulation results. The temper-
ature profile (see Figure 8 f) and both voltage and temperature error (Fig-
ure 8 d, e and g) of the MATLAB®-code PP-, EM- and OC-PCM are shown.
Table 9 summarizes the related simulation accuracy for the MATLAB®-code
PCMs.
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Figure 8: Measurement results of the INR18650-MJ1 LIB ("Measurement MJ1’) for the applied current
(a), cell voltage {(b) and temperature (f) under the adapted ARTEMIS [86] driving cycle. The subplot (c)
shows a magnified part from 1200 to 1260 s for the measured and simulated (MATLAB®-code "PP-PCM
5-3-5’, 'EM-PCM 5-3-5’ and ’OC-PCM 5-3-5-5") cell voltages in (b). The resulting error profiles for the
PCMs are shown for the cell voltage (d) with a magnified part similar to (c). Subplot (g) shows the

temperature error.

41



In this case, averaged open-circuit potentials (E.,, see supplementary
part) of lithiation and delithiation [2] were used to ease the effect of measurement-
related polarization and improve the simulation of dynamic loads.

The mean cell voltage error for the PP- and EM-PCM appear to be around
18.7 mV on average with a root mean squared error (RMSE) of 23.1 mV.
Reducing the spatial nodes, the error slightly increases but remain below
20 mV. The OC-PCM shows no distinct difference between the coarse and
the maximum configuration and reveals the most accurate simulation with
a mean error of 12.4 mV at a RMSE of 16.6 mV. The temperature error for
all MATLAB®-code PCMs are below 0.15 K (RMSE < 0.2), which is in the
range of the measurement accuracy (i.e. Pt100 sensor with + 0.15 K at 0°C,
DIN/IEC Class A). For comparison, the ECM simulation results calculated
on the same desktop computer revealed a mean cell voltage error of 13.7 mV
at a RMSE of 17.5 mV and a mean temperature error of 0.22 K.

The PCMs are in the same range of accuracy as the ECM and choosing the
appropriate discretization or reformulation to gain real-time operability, a

competitive alternative appears for model-based monitoring of LIBs. The

Table 9: Validation of MATLAB®-code PCMs under the adapted ARTEMIS driving cycle

Model PP-PCM EM-PCM OC-PCM
Load ARTEMIS driving cycle (see Figure 8 a)
Discretization 2-1-2 5-3-5 2-1-2 5-3-5 5-3-5-3 5-3-5-5
Mean A Ve / mV I 19.3 18.7 19.3 18.7 12.4 124
RMSEAV,.y/mV' 238 231 238 231  16.6 16.6
Mean A Teep / K I 0.07 0.06 0.07 0.06 0.13 0.13
RMSE A Ty / K1 0.09 0.07 0.09 0.07 0.17 0.17

T in reference to the experimentally measured data of the INR18650-MJ1 cell

benefit of using a PCM lies in the simulated local concentrations and poten-
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tials, which can be used to develop sophisticated control algorithms such as
avoiding lithium plating during fast charging [85].

Finally, the performance of simulating the ARTEMIS profile with the C-code
PCMs on the STM32 is evaluated. Table 10 summarizes the simulation ac-
curacy in reference to the MATLAB®-code PCM (see Table 9) together with

the computation speed. The mean cell voltage deviation is below 0.4 mV for

Table 10: Computational performance of C-code PCMs simulating the adapted ARTEMIS

driving cycle

Model PP-PCM EM-PCM oC-PCM
Load ARTEMIS driving cycle (see Figure 8 a)
Discretization 2-1-2  5-3-5 2-1-2 5-3-5 5-3-5-3 5-3-5-5
Mean A Vieyy / mV ! 0.153 0.148 0.361 0.330  0.030 0.065
Mean A Tepp / KT 015 0.07 016 015 <1E-3 <I1E-3

Mean number of
. . 3.46 4.12 2.68 3.31 3.15 3.15
iterations per step / -

Mean iteration
. 190 1009 157 838 1250 2072
time per step / ms

Time reduction I 24% n.a. 37% n.a. n.a. n.a.

L in reference to the corresponding MATLAB®-code PCM with the identical discretization

II for a step-size of 250 ms

all PCMs, where the OC-PCM shows the most accurate implementation and
the EM-PCM the maximum deviation to the corresponding MATLAB®-code
PCM. Again, the temperature deviances are in the range of measurement ac-
curacy. Regarding the computational performance, the OC-PCM is not able
to simulate in real-time due to the step-size reduction option in the solver.
The EM-PCM shows the fastest calculation and for a step-size of 250 ms,
only the coarse configuration is able to simulate with a time reduction of 37

% under real-time requirements. The PP-PCM required at least 190 ms on
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average, which corresponds to a time reduction of 24 %.
To conclude, the EM-PCM shows the most promising results for simulating

an application-near scenario with fulfilling real-time requirements.

6. Conclusion

Trending towards high-energy LIBs, physicochemical model based mon-

itoring can help to account for inhomogeneties on local scales and improve
the state-estimation process. Efficiently reduced p2D-PCMs are evaluated
on a microcontroller using either FDM together with solid-diffusion approx-
imations or Chebyshev orthogonal collocation to reformulate particle and
electrolyte domain. Experimental validation with CC charge and discharge,
ARTEMIS [86] driving cycle and benchmarking to ECM and rigorous COM-
SOL p2D-PCM showed accurate simulation for a NMC-811/SiC LIB. In sum,
the average cell voltage error of the p2D-PCMs can be summarized as mod-
eling and parameter uncertainties, errors from spatial reduction and errors
from implementation in the STM32 as shown in Table 11.
At low processor frequencies down to 50 MHz, crucial limitations appear for
the p2D-PCMs to calculate in real-time. Using hardware acceleration such
as the FPU, computation acceleration up to 86 % appeared, which can be
recommended at low processor frequencies to gain real-time computability
again. Computation analysis under CC and driving cycle loads revealed the
EM-PCM as best choice for simulating a single LIB at least 37 % faster than
real-time, which consumes 21.9 kB RAM for solving and 175 kB flash mem-
ory for storing the model on the microcontroller.

Future work can investigate more robust solver in terms of the OC-PCM to
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Table 11: Summary of average cell voltage error for MATLAB®- and C-code PCMs

Model PP-PCM EM-PCM OC-PCM Code
Error from modeling Compared to experimental data from
and parameters / mV ! 3.35 Ah NMC-811/SiC INR18650-MJ1 LIB
1C CC CH/DCH <1/9.7 <1/9.3 17/<1 Ay
Driving cycle 18.6 18.6 12.4
Error from spatial
4.1/4 4.1/4 <1l/<1
reduction / mV I
Error from STM32 with max. 168 MHz @32-bit ARM® Cortex®-M4
microcontroller / mV max. 1024 kB flash memory and max. 192kB RAM [9] .

1C CC CH/DCH

Driving cycle

<0.5/<0.5 <0.5/2.1 <0.5/<0.5
<0.5

I for PP-PCM 10-5-10, EM-PCM 10-5-10 and OC-PCM 20-10-20-25

I for PP-PCM 10-5-10 — 2-1-2, EM-PCM 10-5-10 — 2-1-2 and OC-PCM 20-10-20-25 — 5-3-5-3

improve the performance on a microcontroller and test the C'-code EM-PCM

model-based monitoring for estimating a LIB online and develope local-anode

potential based fast charging profiles to avoid lithium plating.
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Appendix A.

Table A.12: Properties of the electrolyte [2]

Electrolyte 1 M LiPFg in PC/EC/DMC

_ [ Y S,
Salt diffusivity D;! / m2s~? 10E-4.10" ** 7 T=220 =50, 7022

0.1¢; ( —10.5 + 0.668¢; + 0.494c? + 0.074T — 0.0178¢;T
Ionic conductivity x; 1 / S m™! 2
—8.8610"1cfT — 6.9610 7572 4 2.810°¢; T2

(0601 — 0.24¢0.5 + 0.983 (1 — 0.0052(T — 294) )} *)

Activity lezfcf L.
(A=t~ -1
Transference t. T / - 0.38
Ref. concentration crefl / molm~—3 1000
T Ref. [87]
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Table A.13: Parameterization of the p2D-PCM for a NMC-811/SiC LIB [2]

Silicon-graphite

Nickel-rich

Geometry Separator
(SiC) (NMC-811)

Thickness L 86.7pum ™ 12pm™ 66.2 um™
Particle radius R, 6.1 11m P50 3.8 pm ™P50
Active material fraction e, 69.4%° 74.5%°¢
Inactive fraction 5 4 9 %" 8.4%¢"
Porosity ¢; 21.6%™ 45%* 171%™
Bruggeman coefficient g V1" 1.5 1.5 1.85 ¢
Thermodynamics
Equilibrium potential E, Ref. [2] ™ Ref. [2] ™
Entropic coeflicient 857?‘7 Ref. [2] ™ Ref. [2] ™
Stoichiometry 100% SoC 0.852 0.222

0% SoC 0.002 0.942
Max. theorectical loading b, 415mAhg 1! 275.5mAhg=1 Il
Density p 2.24gem™3! 4.87gcm™3 1

Concentration cs mazx 34684 molm—3¢ 50060 molm—2

Transport

*E* 5Ex10~ 13 m2g—1 LV

1200K ©
0.17Sm1 &I

5x107 M m?st &V
1200K °
100Sm~* 1

Solid diffusivity Dj

EG‘DS *okok

Specific activation =%

Solid conductivity o

Kinetics

Reaction rate constant k& 3x10" " mg~t e 1x10~ " ms™1®

Specific activation E}%”‘“ - 3600K © 3600K ©
Transfer coefficient . 0.5 ¢ 0.5 ¢

m = measured e = estimated * PVDF-binder/Carbon black (Ref. [88, 89])

T Ref. [90] ™ Ref. [91] T Ref. [92] TV Ref. [93] V Ref. [94] VT Ref. [95]

** Bffective transport correction according to Bruggeman (Ref. [95]): W.pp = £ - Wg

**% Arrhenius law (Ref. [96]): k= A - exp (EEI %)
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Table A.14: Differential algebraic equations of the p2D-PCM

: _ 40
€ 8cl{§f7t) :a% <Dleff6cla(;7t) +u(z,t);1 t+))

c des(zt,r) 1 8 (D’T230s(17tﬂ°)>

Mass balance !

s ot — r2or s or
0L (zt) _ _ i(xst) 2RT 40 dinfy dlncy(z,t)
oz - Kfff + F (1 t+) L+ dinci(z,t) oz

Potentials !

0@ (@t) _ _fappO=0(®0)  iph G (4) = ig(2,8) + i (2, 1) Vot

ox Os
Charge balance ! W + % =0 with W = —‘;’%}f Fjn(x,t)
jn(x, t) _ io(;,t) [exp (oz,,, };zfcjzgr,t)) — exp (_ Q. FRTCIng,t)>j|
Electrode n(z,t) = @s(x,t) — P(x,t) — Eeq(z, t)

kinetics !
io(7,t) = F'k (Csymaz — Css (xvt»ac (CSS(Ivt))% (Cl(xat))%

LII mcp 0Ty _ _
Temperature ™ T Tt = —lapp - Veell + ¢ — Gext — 4o
cs(@,rp)
OF P
_ 3e.F . cs(®,rp) eq( cs,maz )
q= Rﬂp fa:*jn : (Eeq( Cs,max ) - oT T ) dx
Gewt =2, - R = o At (T — Tio)
ext app ext doo 00 Auor cell 0o

T Ref. [6] I Ref. [52, 64, 65] xx = z € [0, Lneg] A [Lneg + Lsep, Lneg + Lsep + Lpos)

ai, = 44.3Wm~2K~1, simplified for combining heat radiation, conduction and convection [2]
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Table A.15: Nomenclature I

Greek symbols

« Transfer coefficient
s  Wm 2K~ Ambient heat transfer coefficient

I6; Bruggeman coefficient
€ Volume fraction

€ Numerical tolerance

n A% Overpotential

K Sm~! lonic conductivity

p kgm™3 Mass density

o Sm~! Electrical conductivity
d A% Electrical potential

v Variable

w Clenshaw-Curtis weights
Indices

a Anodic reaction (oxidation)

act  Active area

app  Applied (i.e. current density)

c Cathodic reaction (reduction)

eff ~ Transport corrected (Bruggeman correlation [95])
ext  External heat (i.e. from grid resistance)

1 Liquid phase (i.e. electrolyte)

max Maximum

neg  Negative electrode (i.e. SiC)

pos  Positive electrode (i.e. NMC-811)

s Solid phase (i.e. active particle)
sep  Separator
8,8 Solid phase (i.e. active particle surface)

surf  Surface
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Table A.16: Nomenclature II

Latin symbols

a m! Specific surface

by mAhg~! Maximum theoretical loading

c mol m~3 Concentration of lithium cations (Li")

Cs maz mol m—3 Maximum theoretical concentration of Lit
Cp Jkg 1K=t Heat capacity

D m?s~! Diffusion coefficient

D Differentiation matrix

Eeq \Y% Equilibrium potential vs. Li/Li"

agj‘iq V/K Entropic coefficient

I+ Mean molar activity coefficient of electrolyte
F 96485 Asmol~!  Faraday’s constant

g Non-linear equations of p2D-PCM

i Am~2 Current density

Lapp Am™? Applied current density

in Am™2 Current density perpendicular to particle surface
10 Am~2 Exchange current density

In molm~2s~! Pore-wall flux

J Jacobian matrix

k ms—! Reaction rate constant

L m Thickness

m kg Mass of cell

M Mass matrix

M; Iteration matrix

r m r-coordinate particle domain of p2D-PCM
R 8.314Jmol ' K~! Gas constant

Ryt Qm? Grid resistance

R, m Particle radius

q Wm—?2 Heat generation rate per area

t S Time

T K Temperature

t9 Transport number of LiT

T m x-coordinate in electrolyte domain of p2D-PCM
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