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Abstract

Battery design, management, and control uses coupled electrical and thermal models to predict
cell performance. Computational constraints mean lumped models are used, where temperature and
charge are assumed to be spatially uniform. Accuracy is not guaranteed, as electrochemical systems
generate heat which drives temperature gradients. These change the cell behaviour, but are not
described by lumped models. Accuracy is further limited by the difficulties in finding good thermal
parameters. To address these challenges, we first demonstrate a simple experimental method for ob-
taining thermal parameters. Our thermal parameterisation method works by maximising the voltage
accuracy of an electrothermal model. This allows thermal parameters to be found quickly and easily,
using only voltage-based cell cycling data. We then show that lumped models can perform accurately
on cells with temperature gradients. We first define the correct lumped-model temperature for a cell
with a thermal gradient, then show that our thermal parameters lead to this temperature. To do
so, an explicit distributed cell model is derived and analysed, which consists of parallel connected
Thevenin circuits. This is used to construct a formula for effective temperature — the temperature a
uniform cell must be at, to show the same impedance, and hence, electrical behaviours, as a heteroge-
neous cell. Our thermal parameters are shown to produce effective temperature predictions, meaning
the lumped model will match the impedance of a heterogeneous cell. Our results demonstrate that
lumped models can be used with confidence, even on large-scale, heterogeneous systems, provided
the thermal parameters are calibrated using voltage data.

1 Background

Temperature is an immensely important variable in battery systems. Electrochemical kinetics vary with
temperature, which drives changes in performance characteristics such as accessible capacity and rate
capability. Temperature extremes can damage cells, by accelerating unwanted side reactions [1] or causing
thermal runaway [2]. A detailed understanding of cell heating, cooling, and temperature dependency is
therefore essential for the design, control, and safe operation of battery packs. While thermal modelling
is very well understood, two key challenges emerge when combining it with electrochemical systems.

The first challenge covers heterogeneous effects [3, 4], whereby cell performance changes due to
the impacts of spatially varying, non-uniform temperature distributions. Heat is generated within a
cell during operation [5]. Thermal management systems are used to remove this heat, to ensure cell
temperature remains within a safe range. The combination of heat generation and removal causes
temperature gradients to form. Since cell impedance varies with temperature and state of charge [6, 7],
temperature gradients lead to non-uniform current densities, which in turn produces spatial variations
in the amount of charge stored across a cell or battery [8, 9]. Notably, these effects cannot be volume-
averaged away — a heterogeneous cell will behave differently to an equivalent idealised cell at a uniform,
volume-averaged temperature [10].

The second key challenge is that while thermal models are well understood, accurate thermal pa-
rameters are often difficult and expensive to obtain. Typically, heat capacities would be found using
calorimetry experiments [11, 12]. This is easily achievable for single cells, however it become impractical
for larger systems such as modules and packs. Thermal testing at module and pack scale is required, due



to the impacts of thermal pathways such as bus-bars and module casings. Heat transfer coefficients are
difficult to measure, and instead estimates are typically made from known correlations. Consequently,
the resulting parameters are unlikely to be truly representative of the battery system of interest, which
impairs model-based temperature estimation. Even if perfect thermal parameters were available, their
usage in a lumped model would yield predictions of volume-averaged cell temperature, which, as noted,
is not the correct measurement for use in electrical models [10].

Cell behaviours can be studied using detailed models which capture coupled, spatially varying thermal
and electrical behaviours. These so-called distributed models are regularly used for investigating hetero-
geneous battery systems, and represent full cells or packs as multiple electrically and thermally connected
units, to capture the full range of heterogeneous effects inside the system [13]. Previous studies use this
modelling approach to investigate topics such as tab and cell design [14, 15] and thermal management
strategies [16, 17]. Distributed models are useful for cell design, however they are impractical for online
estimation and control due to their large computational requirements; likewise, pack-scale design opti-
misation becomes challenging due to the computational demands involved. More often, lumped models
are used, which provide a significant computational speed-up by discounting heterogeneous effects. The
accuracy of this approach is limited by the inability to capture heterogeneity effects, and the difficulty
in obtaining good thermal parameters.

Given these challenges, it is desirable to build cell models that are computationally lightweight,
capture heterogeneous dynamics, and provide high accuracy without requiring difficult and expensive
thermal parameterisation. Here, we address these two important and closely linked challenges. In
section 2 we provide a simple method for identifying thermal parameters from electrical data, without
the need for any specialised thermal testing equipment. Our method extracts parameters from voltage
measurements, by exploiting the links between thermal parameters, cell temperature, and electrical
responses. Laboratory experiments demonstrate that this method is feasible and produces useful results.
Our second contribution, in section 3, defines the correct temperature measure for lumped modelling of
heterogeneous cells, and shows that our thermal modelling methods produce this temperature. Previous
work [18, 19, 20, 21] defines the effective temperature of a cell as the temperature a uniform cell needs to
be at, to show the same impedance — and therefore, electrical behaviours — as a heterogeneous cell. We
develop this idea as a modelling tool, by showing how the effective temperature of a cell can be calculated.
Modelling work shows that a thermal model produced using our parameterisation technique will predict
the effective temperature of a cell, and outperform conventional methods when used in electrical models.
To perform this analysis, an explicit distributed cell model is derived, which is the first closed-form
model of an electrothermally coupled, heterogeneous cell in the literature. Our work demonstrates the
value of these explicit models, both for more efficient simulations, and for formal mathematical analysis.
More generally, our findings allow lumped models to be used with confidence — cell heterogeneity can
be rigorously accounted for using effective temperature, and models for predicting effective temperature
can be easily constructed using our validated parameterisation protocols.

2 Developing a thermal model parameterisation pipeline

It is commonly accepted that the most effective model for battery management will have the lowest volt-
age prediction error. Thermal models impact voltage predictions, because of the influence of temperature
on cell impedance. Consequently, thermal parameters should also be tuned to minimise voltage predic-
tion error. This differs from commonly employed methods in the literature, where voltage predictions
are ignored and models are tested on surface temperature measurements [22, 23, 24], which will offer
sub-par predictions of cell impedance [10]. We now show how thermal parameters can be identified by
minimising the voltage prediction errors of a coupled electrothermal model, and develop a novel thermal
parameterisation method based only on electrical data.

First, a cell model is created and validated with standard laboratory experiments, to predict the
electrical behaviours of a cell at some known, uniform temperature. Next, the same cell is tested under
conditions where its temperature is allowed to vary. The electrical model is now coupled to a thermal
model, which is used to predict the varying cell temperature. Voltage accuracy will be maximised when
the temperature estimates of the thermal model are correct, as the impedance of the model will then
match that of the real cell. Thermal parameters are therefore identified, by tuning them to maximising
the voltage accuracy of the model.

Experimental results are reported which illustrate how this method is applied in practice, and demon-
strate the viability of the approach. The parameters identified using our method are validated against
literature data, and shown to compare favourably. Testing with our approach removes the costs and



Temperature [°C] 5 10 15 25 40

Model RMSE [mV] 12.0 10.2 950 104 16.2

Table 1: Model validation results. Electrical model root-mean-square errors are calculated on a WLTP
drive-cycle at each tested temperature, showing good model performance at all temperatures. RMSE
values are notably increased by the larger prediction errors at low states-of-charge, as illustrated in Fig. 1.

difficulties of traditional thermal tests, and ensures that the modelled cell temperatures are as accurate
as possible for use in an electrical model. Section 3 will then demonstrate that the resulting temperature
predictions are the correct choice for lumped modelling of heterogeneous cells, and develops a theory of
effective temperature to explain the success of this parameterisation strategy.

2.1 Part 1: building an electrical model

Initially, a constant-temperature electrical model is fitted to voltage data; section 2.2 then employs a
thermal sub-model, and tunes its parameters to maximise voltage prediction accuracy. A standard n-RC
Thevenin equivalent-circuit model [25] is chosen. Thevenin models are used extensively throughout the
literature due to their ease of parameterisation, and potential for high accuracy. Furthermore, the model
structure is simple enough for analytical study, which can become challenging with physics-based models.

The model has terminal voltage vnat [V], nominal cell capacity Qnom [A s], series resistance R%)ummd
[€2], polarisation resistances Ry"™°! [Q] and capacitances C;"™ ¢ [F]. Each RC branch has a polarisation
overpotential vy, [V], for i € {1,...,n.c}. The cell has a state-of-charge SOC, and open-circuit voltage
Voc [V]. Current I(¢t) [A] is taken as positive during charge. The electrical problem will be coupled to a
lumped thermal model, with thermal mass ¢ [J K], heat transfer coefficient h [W K~!], temperature
T [°C], and far-field temperature T,, [°C]. Heat generation ¢(t) [W] comes from Joule heating and,

optionally, entropic heating [5]. Dynamics are governed by
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for time ¢ [s]. The thermal sub-model (Egs. (4)—(5)) is initially ignored during the electrical parameter-
isation experiments, and cell temperature is taken from the experimental conditions.

Experiments are conducted on pouch cells manufactured by LiFun, with a graphite anode and NMC
622 cathode. Cell dimensions are 62 mm (L) x 48 mm (W) x 6 mm (T), with both tabs at the top of
the cell. Nominal capacity is stated as 1.8 Ah, but taken here as 2.2 Ah based on estimates from cycling
data. Careful thermal control is required for producing a lumped, isothermal electrical model. To achieve
this, cell surfaces are maintained at a constant temperature using a custom-built thermal control system,
using thermistors for temperature measurements, Peltier elements to heat and cool the cell surfaces,
and a PID feedback loop for control. Peliter elements reject heat into a liquid cooling block, which is
connected to an external chiller loop. Active thermal control is deemed superior to climate chamber
testing, as the cell surface temperature is kept constant; temperature variations would be expected in a
climate chamber, due to the limitations of convective cooling.

Parameterisation of the electrical model involves finding values for the open-circuit voltage v, resis-
tances Ry and R;, and capacitances C; as a function of state-of-charge and temperature. Pulse-discharge
tests are used to extract these parameters. This has reached a high state of maturity in the litera-
ture [26, 27, 28, 29, 30, 31], and pre-built software tools are available [32, 33]. Pulses involve discharging
the cell at 0.4 C for 6 minutes, then allowing it to rest for 2 h to return to open-circuit voltage. Open-
circuit voltage curves vo.(SOC) are found from the relaxation voltages reached at the end of each rest.
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Figure 1: Validation of the fitted electrical model at 25 °C. Model predictions are seen to match with
experimental data to a high degree of accuracy, except at low states of charge.

The electrical sub-model given in Egs. (1)—(3) is fitted to each pulse individually, by using a nonlinear
least squares solver to identify parameters Ry, Ry, Ro, C1, and Cy. Parameters are fitted to data from the
pulse, and not during the relaxation when current is zero, so that they are representative of operational
cell behaviour. Parameterisation is repeated across the full state-of-charge range, and at various tem-
peratures. Functional parameters Ro(7T, SOC) etc. are then constructed by interpolating the parameters
over temperature and state-of-charge. Cells are recharged with a C/3 constant-current charge, followed
by a constant voltage hold at 4.2 V until current drops below 0.09 C; this is always performed at 25 °C
to ensure consistency between tests.

Electrical modelling is completed by validating at each tested temperature. Electrical predictions are
compared against experimentally measured voltages, for a power-based WLTP drive cycle experiment,
recorded under careful thermal control. Root-mean-square model errors are given in Table 1. An example
validation procedure is shown in Fig. 1, which demonstrates that the model achieves a good prediction
accuracy across most of the data range. Model errors are increased by a reduction in prediction accuracy
at low states of charge, which is caused by parameterisation challenges from the rapid parameter changes
in this region.

2.2 Part 2: fitting a thermal model

An electrical model has now been built and validated, which provides an accurate description of cell
voltage at some known, uniform temperature. Next, the thermal sub-model (Egs. (4)-(5)) is included,
and thermal parameters are tuned to maximise voltage prediction accuracy. Thermal parameters are
identifiable from electrical data because a minimal voltage error requires a correct impedance estimate
from the electrical model, and the impedance estimate will only be correct when the cell temperature is



correct. This requires a suitable thermal testing experiment, developed here. Section 3 then justifies the
results by explaining what the ‘correct’ lumped temperature measurement is, for a heterogeneous cell
operating with a temperature distribution.

The same cell is now cycled under realistic operating conditions, which in general should be designed
to represent the cell’s usage environment. This may include pack-design choices such as stacks of cells or
modules, and forced convection or cold-plate cooling. Here, cold-plate cooling is used; cells are operated
without Peltier-based thermal control, but the water cooling loop remains switched on to allow heat
rejection. The lack of precise temperature control means the cell will exhibit significant heterogeneity
and temperature changes, and as a result, the voltage responses vVpetero(t) will differ to those predicted
by the parameterised electrical model. To account for this, the electrical model is coupled to a thermal
model, whose parameters are identified from cycling data.

Cycling data can be carefully designed to provide as much information as possible for the fitting
process. Eq. (4) with a constant heat generation rate ¢(t) would reach a steady-state temperature
of g/h °C above ambient temperature T.,. The time taken to reach this steady-state temperature
is governed by thermalisation timescale, ¢/h s. As such, thermal mass ¢ only influences temperature
transients, so the drive cycle should induce regular changes to the cell temperature to allow accurate
identification of ¢. This is readily achievable by varying current draw. Owur thermal-test drive cycle
alternates periodically between a higher and lower discharge current to induce regular transients in the
cell temperature. Cells are discharged with a current that alternates between 0.5 C and 0.8 C every 500
s in this work, however current draws and switching time can be varied according to the parameters and
thermalisation timescales of the tested cells.

To fit the thermal parameters, the lumped electrothermal model of Egs. (1)—(5) is simulated, yielding
predictions Viumped(t) and prediction error ||[Vumped(t) — Vnetero (t)||?. A numerical optimiser is used to
update the parameter estimates for ¢ and h, thus parameterising the thermal model by solving

0 [[omped (t) = etero (£)]* (6)

A gradient-free Nelder-Mead optimisation algorithm is found to perform well here. The use of a
minimisation-based approach is necessarily robust against voltage prediction errors in the electrical
model, as an error-minimum will always exist. Optimisation algorithms require an initial solution guess;
this could be obtained from literature estimates of the thermal mass and heat transfer coefficient, how-
ever we instead choose initial conditions from a grid search method, to ensure the fitted parameters are
free from input and bias from the experimenters. The grid search is performed over a broad range of
c and h to find sensible initial conditions, which are then used as a starting point for the Nelder-Mead
algorithm.

Literature data from cylindrical cells give jellyroll density p as 2682 kg m 2, and specific heat capacity
cp as 887 J kg=! K~!. Using these data for the cell tested here gives ¢ = pc,V = 42.5 J K1, where
V is cell volume. A wide range of convection coefficients are stated in the literature, ranging from
10 W m~2 K~! for air cooling, to 2000 W m~—2 K~! for single-phase immersion cooling [34]. Our indirect
liquid cooling setup is expected to have a reasonably high heat transfer coefficient; taking a mid-range
estimate of 500 W m~2 K~! gives a heat transfer coefficient of h = 2.97 W K~! for two-sided cooling of
a cell with our given dimensions. To cover a realistic range of possible parameter values, a grid search is
conducted over a 20x20 equispaced grid, with ¢ € [1,200] and h € [0.1,4]. Optimisation using the grid-
search and Nelder-Mead procedures give thermal parameters of ¢ = 42.9 J K=! and h = 3.59 W K1,
comparing very favourably to literature estimates. This demonstrates that our experimental method
is practically achievable, and capable of finding meaningful and useful thermal parameters. The wider
value and benefits of this method shall be explored in the next section.

3 Effective temperature of heterogeneous cells

We now introduce the second major contribution of this work, whereby we show that the performance of a
heterogeneous cell can be described accurately using lumped models. A methodology has been introduced
for extracting the parameters of a lumped thermal model. As noted, real cells are heterogeneous and
will operate under temperature gradients, and volume-averaged temperatures are not the correct way of
representing this [10]. A sensible lumped-model temperature is known to exist [18, 19], referred to here as
effective cell temperature, however the literature has not studied how this temperature can be calculated.
We therefore introduce a method for calculating effective temperature, which in turn rigorously shows
that a lumped model can be used for describing heterogeneous cells. The analysis requires a heterogeneous
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Figure 2: Diagram of the heterogeneous model developed here. Pouch cells consist of stacked layers of
current collectors, active material, and separators. Each layer of a pouch cell, and of the model, acts as
its own cell, and is connected in parallel to every other layer. The electrical problem is coupled to a 1d
thermal model.

cell model. Existing heterogeneous cell models are pitched as software simulators, which are not suitable
for formal analysis. Therefore, in section 3.1 we derive an explicit model of a heterogeneous cell, which
in itself is an important contribution to the literature. Once an appropriate model has been established,
section 3.2 then show how the effective temperature of a cell can be calculated from its temperature and
state-of-charge gradients. This gives the correct temperature measurement to use when applying lumped
models to heterogeneous cells. Section 3.3 demonstrates that the thermal parameterisation procedures
developed in section 2 result in a thermal model that predicts effective temperature. This justifies the
use of our thermal parameterisation methods, explains how and why lumped models can be applied when
faced with heterogeneity, and confirms that our methods produce lumped models which are appropriate
for heterogeneous cells.

3.1 An explicit model of a heterogeneous cell

While the dynamics of parallel-connected cells is known [35], a full mathematical description of a dis-
tributed cell model is missing in the literature. We now address this gap by deriving an explicit dis-
tributed cell model, capturing the coupling between temperature distributions and electrical dynamics.
We describe a one-dimensional temperature gradient, as it represents the simplest possible description
of a spatially heterogeneous cell, however results can easily be extended to higher dimensions. Our
distributed model generalises the lumped model of Egs. (1)—(5), to include spatial variations of cell
states. Spatial effects are captured using a collection of parallel-connected equivalent circuit branches,
as sketched in Fig. 2. Each individual circuit-branch is interpreted as a single layer (or collection of
adjacent layers) within a pouch cell'. Heat generation in each cell-layer is found from the ohmic losses
of an electrical model. FEach electrical model branch tracks the state-of-charge, current density, and
polarisation overpotentials of the respective cell layer. Thermal effects are described with a discretised
heat equation, coupled to the electrical problem. Together, these provide all the necessary information
to understand how the heterogeneous cell behaves.

We first introduce the electrical problem. Consider the jth layer of the model, with state-of-charge
SOC;, temperature Tj, and layer-current I;. Each layer has a capacity of Qnom/Mayer, and hence,
layerwise state-of-charge evolves as

I;(t)

= Nayer .
Qnom

The resistances and capacitances of each layer will differ to those of the overall cell. A components-in-

d
3°0C5() (7)

1The model and results can also be taken to represent parallel-connected cells in a battery module.



parallel argument gives each layer’s resistance and capacitance as

R%)ayer _ Rgumped(T’ SOC) Nlayer » (8)
Riayer _ RiumPEd(T, SOO) Nlayer » (9)
Cllayer _ Cgumped (T, SOC) / Niayer (10)
for i € {1,...,n.c}. Such scalings are used as standard in distributed models [36, 16]. This scaling is

explicitly included in the following derivation, so that functional parameters Ry etc. are identical to those
used in the lumped model; an alternative would be to define new functional parameters Ry = Roniayer
etc., representing the component values of each individual layer.
Kirchoff’s voltage law dictates that the overall cell terminal voltage vpatt is related to layer current
Ij by
Nrc

Ubate(£) = voc (SOC; (1)) + Ij(t)nayes Ro (T (), SOC; (1) + Y vre, , (1) (11)
i=1

for each layer j. (For ease of notation, we now drop explicit dependencies ¢, Tj (t), etc..) Rearranging
Eq. (11), the current through layer j is

1 Nrc
Ii=—— (v — Voe: — Ures 5 | - 12
i nlayerROJ ( batt oc; l:ZI rcz,1> ( )

By Kirchoff’s current law, the current I(t) through the full cell is related to the layer currents I; by

Nlayer

I=> 1. (13)

Substituting the layer currents from Eq. (12) into Eq. (13), and rearranging the result for terminal
voltage Upats, yields the output equation for a heterogeneous system as

ayer Uoc; Nlayer Z?:rcl VUre;
vbae(t) = S 1= T L0 | S | T e (14)
Zj:l Ro,; Zj:l Ro,; Zj:l Ro,;
where Ry ; := Ry (T} (t),SOC; (1)) and vee; := voc (SOCY (1)).
As with the homogeneous model, v, ; — the overpotential across the ith RC pair of layer j —
evolves according to
d nlaycr Ure; 5
— e, , ()= —— | [[ — ——L— 15
it 0= T (L= o) (15)

following the usual notation, whereby R;; = R; (T;(t),SOC; (t)) and C;; = C;(Tj(t),SOC; (t)).
Eq. (12) can be substituted into Eq. (15) to give the dynamics of each RC overpotential in terms of
known quantities. The overpotential of the ith RC pair of the jth layer is thus given by

n
d 1 <Ubatt — Voc; — Ei:rcl Vij UTCm‘)
b

—VUr¢, ; —
dt ™ G Ro,; Ri

(16)

with vpatt as per Eq. (14). This gives the full system dynamics of the electrical problem as

Mre
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1 Vo, Do Urey
Vhatt(t) = S | D p + Mayer () + Y S
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The thermal problem is now introduced. Consider a cell of thickness L [m], with line density p [kg
m~!] and constant, isotropic specific heat capacity ¢, [ J K~! kg™!] and thermal diffusivity D [m? s~1].



For a localised heat generation rate §(x,t) [W m~!], the temperature profile T'(z,t) [°C] is governed by

oT 0°T 1
= =D+ —(at
8t 8.’1}2 + pCpq(I" ) I

or

9 lomg = 0 (T00) = Tc) (18)
or

% oL = —hL (T(L,t) - Too) 5

for far-field temperature T,, [°C], and coefficients hg and hy [m~!], where h = \/k for convection
coefficients A € {A\g, Az} [W m=2 K~1!], and cell thermal conductivity ¥ [W m~! K=!]. Consider the
discretisation of [0, L] into nodes z1,...,Zn, ... We choose to associate each node of the thermal
problem with a layer of the electrical problem, and hence, nnodes = Mayer- Applying a method-of-lines
discretisation [37] yields

dTy T — T3 T — T 1

—— =D h —qq(t
dt ( A T TAL + pCp ar(t) ;

de Tj_l — 2Tj + ,Tj+1 1

PtV . (t
2 T, Ly, (19)
ayer _ layer layer h layer — ¢

dt ( Ax? thr Az + pcpq e (1)

for T; = T(xzj,t), Ax = L/(niayer — 1), where

1 Tit1
g;(t) = E/ G(z,t) do

Tj

[W m~!] is the average heat generation rate within finite-volume (node) j. This is obtained from the
irreversible heat generation of the jth electrical layer, as

1 < UIQ‘Cij
4= 5o <I§R07j +y R) : (20)
=1

2,7

Reversible heating is omitted here as it is not relevant to our following analysis. Nevertheless, it could
trivially be included through the addition of an entropy term in Eq. (20) [5].

The heterogeneous cell model is fully defined by the combination of the electrical sub-model, Egs. (17);
the thermal sub-model, Egs. (19); the heat generation rate, Eq. (20); and a suitable set of initial condi-
tions.

3.2 Calculating the effective temperature of a heterogeneous cell

Eqgs. (17) offers a range of important insights into heterogeneous cell dynamics, which are exploited here to
derive an explicit formula for the effective temperature of a cell. The resulting formula produces a single
measure to describe heterogeneous cell temperatures, based on the overall impact of temperature and
state-of-charge distributions on cell behaviour. In turn, this allows the performance of a heterogeneous
cell to be accurately described using simple, lumped models. Effective temperature is required because
volume-averaged temperature is the incorrect temperature measure for a heterogeneous cell [10]; instead,
effective temperature may be interpreted as the resistance-weighted average temperature of a cell.
The various terms of the output equation in Eq. (17) can be interpreted as

Voc ; MNlayer Z:l=rc1 Vrc; j

ST n 2T T,

)= S+ (smet) 10+ Temte— @)
j=1 Ro,; J=1 R

i=1"Ro;
Heterogeneous OCV  Emergent series resistance Weighted transient overpotentials

We now focus on the emergent resistance of the heterogeneous cell; effective temperature is the tem-
perature a lumped model or homogeneous cell must be at, to show this resistance. Here, cell resistance
is taken to mean series resistance Ry, as it is the easiest of the resistances to identify accurately in
parameterisation experiments, and can be estimated during online cell operation. This approach also
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Figure 3: Drive cycle and associated synthetic data used to study effective temperature. Top: a model
cell is discharged with currents alternating between 0.5 C and 0.8 C every 500 s. Bottom: temperatures
of the hottest and coldest layers of the model-cell, and effective temperature as calculated with each
resistor.

complements online methods using electrochemical impedance spectroscopy, from which the cell series
resistance can be found [20, 38]. Nevertheless, it is possible to perform a similar derivation using polari-
sation resistances R;, instead of cell series resistance Ry; this would yield the same result, only with R;
in place of Ry. This is confirmed in Fig. 3, which shows the cell test studied in the following section.
Effective temperature is calculated using both series and polarisation resistances, which are seen to give
the same results. However, the polarisation resistance results show small random fluctuations, which are
thought to arise from challenges in accurately parameterising these components.

Battery cycling and parameterisation methods give the series resistance Ry (T, SOC) of a cell. This
resistance will decrease monotonically as temperature increases [6, 39, 40]. As a result, a one-to-one
mapping emerges between temperature and cell resistance, for a given state-of-charge. By running the
mapping in reverse, a cell temperature can be found if the resistance is known. More formally, for
temperature T, resistance Ry, and state-of-charge SOC, the inverse mapping is given as

T = Ry (Ry; SOC) (22)

which is illustrated in Fig. 4. This can be exploited to find the effective temperature of a cell, provided
its emergent series resistance can be found.

Eq. (21) shows that a heterogeneous cell with temperature profile T'(z;) and state-of-charge profile
SOC(x;) will have an effective series resistance Ry of

oo Nlayer
RO - anayer 1 : (23)
j=1  Ro(T;,SOC};)

The inverse mapping can then to find the effective cell temperature, by looking for the temperature
that gives the emergent resistance Rg. Mathematically, effective temperature Teg is found through the
combination of Eq. (22) and (23), as

Teg = Ry* (anayer”my“ T ;SOO> . (24)
j=1 Ro(T,‘,SOCj)

These results can be immediately generalised to a continuous case for njayer — 00.

When representing heterogeneous cells with lumped models, the temperature distribution should not
be averaged away, as that will lead to incorrect resistance estimates [10]. Nevertheless, Eq. (24) shows
that an alternative temperature-averaging method exists, whereby the parts of the cell with the lowest
resistance contribute the most weight to the effective cell temperature. Using this, a lumped model
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Figure 4: Experimentally obtained resistance, and its inverse function, for Ry as parameterised in sec-
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Parameter Value

Top heat transfer coefficient ho 500 W m~—2 K1
Bottom heat transfer coefficient Ay, OWm2K!
Thermal conductivity k 1.47 Wm~! K-!
Specific heat capacity Cp 880 J kg~ ! K1
Ambient temperature Too 20 °C

Line density p 72.414 kg m~!
Thickness L 11.6 mm
Nominal capacity Qnom 42.4 Ah
Number of layers Nayer 20

Number of RC pairs Nre 2

Table 2: Key parameters for the simulations presented here, derived from [41, 42, 43].

can be set up to show the same resistance as a heterogeneous cell, and therefore, lumped models can
be constructed which will show the same electrical performance as a heterogeneous cell, or distributed
model. Eq. (24) cannot be used for online estimation problems, as the internal state-of-charge and
temperature distributions would not be known; we now show that despite this, effective temperature can
still be used reliably for real-world and experimental applications.

3.3 Parameterising thermal models from electrical data recovers effective
temperature

So far, a thermal parameterisation method has been proposed and tested experimentally, and effective
temperature theory has been developed to infer the lumped operational temperature of a heterogeneous
cell. We now tie these two results together, by showing that thermal models parameterised using our
methods will predict the effective temperature of a cell. As a result, the temperature predicted by
our thermal modelling methods will be the correct and valid choice for real-world usage cases, where
heterogeneity will be prevalent. The validation requires knowledge of a cell’s internal temperature and
state-of-charge distribution, which is difficult to obtain experimentally. Simulations and synthetic data
are therefore used here, which enables a more thorough and in-depth analysis than experiments would
allow. Heterogeneous cells are simulated using the model in Eqgs. (17)—(19), giving heterogeneous-model
voltage data vpetero(t). The methods of section 2 are applied to these data, to parameterise a lumped
thermal model. Predictions of both models are then analysed using the effective temperature theory
developed in section 3.2.

Simulations are set up to describe commercially relevant cells used in electric vehicles, to highlight the
industrial relevance of our methods. Table 2 details the model setup; cell geometry is taken from [41], and
thermal parameters from [42, 43]. One side of the model-cell is insulated, and the other is cooled with a
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Figure 5: Comparison of calculated effective temperature of a heterogeneous cell, and temperature pre-
dictions of a lumped model parameterised entirely from electrical data. The lumped model recovers the
effective temperature. This confirms that effective temperature is the correct measure of heterogeneous
cell temperature, and demonstrates how it can be recovered from standard cell-cycling tests.

heat transfer coefficient of 500 W m~2 K~!, as per section 2.2. Electrical parameters are taken from the
previous parameterisation experiments. Cell capacity is scaled to conserve volumetric energy density,
and electrical parameters are rescaled accordingly, using resistors and capacitors in parallel arguments.
Rescaling and resizing cells and parameters is often performed in the literature [44, 16]. Simulations of
the thermal test method are performed, with the current profile and associated voltage trace previously
shown in Fig. 3.

As shown in Fig. 5, the thermal model reproduces the effective temperature calculated with Eq. (24).
Effective temperature thus emerges naturally from the thermal model calibration, and presents itself as
the intrinsic temperature of a heterogeneous cell. This is a notable result since the thermal model is
fitted only from current-voltage data, and motivates our claim that effective temperature is the most
natural and meaningful temperature measure to use.

To further-validate our methods and illustrate the commercial relevance of our results, we now study
the performance of our electrothermal model on an electric vehicle drive-cycle. As before, heterogeneous
data are generated using Eq. (17) to allow a full validation against a known effective temperature.
Fig. 6 shows that as expected, the lumped thermal model reproduces the effective temperature of the
distributed model, despite having not been fitted to any thermal data. Fig. 7 shows the prediction errors
of the calibrated model on the same test data. Errors in overpotential prediction are calculated? against
the heterogeneous data, and compared with a suite of lumped models designed to represent standard
modelling methods. For these, model temperature is defined by one of (i) the ambient temperature (set-
point of the thermal management system); (i) the temperature on the cooled surface of the heterogeneous
cell; and (74) the temperature on the insulated surface of the cell. Surface temperatures represent the
best-case temperature measurement for operational cells, and would require temperature measurements
to be available for each cell in a pack. Nevertheless, these temperature measurements do not represent
the cell’s effective temperature, and therefore our thermal modelling strategy outperforms the voltage
accuracy achieved using instrumented cells. In practice, manufacturers do not instrument each individual
cell, due to issues of cost, pack size, and computational burden; instead, temperatures are typically
measured on the thermal management system cooling loop. Again, this is not the correct temperature
measure for a heterogeneous cell, and as a result our modelling paradigm shows a higher predictive
accuracy.

Our lumped modelling method gives a root-mean-square voltage prediction error of 0.48 mV against
the heterogeneous simulations, compared to 2.74 mV when the insulated-surface temperature is used,
5.37 mV when the cooled-surface temperature is used, and 9.82 mV for ambient temperature. This
indicates that heterogeneous cell dynamics can be modelled accurately with simple and computationally
fast lumped models, when effective temperature and voltage-based thermal parameterisation methods

20verpotentials are calculated relative to the ‘true’ open-circuit voltage voc(SOC), not the heterogeneous generalisation
proposed in Eq. (21).
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Figure 6: Comparison of temperature predictions for a distributed model, and our calibrated lumped
model. Distributed models capture heterogeneity, and exhibit a temperature distribution (grey). Effec-
tive temperature can be used as a single temperature measure for this distribution (blue). Our thermal
model reproduces cell effective temperature (orange), despite only being fitted to electrical data, rein-
forcing the validity of both effective temperature and our model parameterisation method.

are used. The small prediction errors that exist between our model and the full heterogeneous data are
likely because effective temperature does not account for the small variations in heterogeneous open-
circuit voltage, given in Eq. (21).

4 Conclusion

Lumped models are regularly used in battery science, which assume uniformity in properties such as cell
temperature and state-of-charge. However, real cells operate with temperature gradients due to their
heat generation, which causes a range of knock-on heterogeneous effects. This work demonstrates that
despite ignoring temperature gradients, lumped models can generate accurate descriptions of cell electri-
cal behaviours, provided their temperatures are chosen correctly. Accordingly, the ‘correct’ temperature
is defined, and simple experimental methods for thermal parameterisation are developed and shown to
yield this temperature.

The effective temperature of a cell is the temperature which a hypothetical, spatially uniform cell
would need to be at, to exhibit the same impedance as a heterogeneous cell at the same overall state-
of-charge. We provide a formula to calculate effective temperature, which serves as a single, simple
temperature measurement that represents the impacts of thermal and state-of-charge gradients on an
electrochemical system. A lumped model will be maximally accurate when it operates at the effective
temperature of a heterogeneous cell. We develop experiments that enable lumped thermal models to be
parameterised from only electrical data. Such data can easily be obtained from a battery cycler, and
expensive testing of thermal diffusivity and heat capacity are not required using our methods. Validation
work demonstrates that our lumped thermal model is accurate when used with heterogeneous cells, as
it predicts the effective temperature of a distributed model. As the thermal predictions are designed to
maximise electrical model voltage accuracy, this in turn demonstrates that effective temperature really
does maximise electrical problem accuracy. Simulation-based tests show that lumped models using
effective temperature provide comparable accuracy to distributed models, and outperforms models using
explicit temperature measurements from cells, as these would not capture the effective temperature.

Two ideas for future work are presented. Firstly effective temperature could be investigated for im-
proving the parameterisation of large-format cells, to help correct for the heterogeneity caused by the
parameterisation tests. Secondly, the link between a cell’s surface and effective temperatures could be ex-
plored, with the view of designing advanced state estimation methods which combine surface temperature
measurements and effective temperature theory, for maximal estimation accuracy.
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Figure 7: Distributed model simulations using current-based drive-cycle (panel (a)) are used to model
voltage responses of a heterogeneous cell (panel (b)). Overpotential prediction errors are calculated
against this for a suite of lumped models, taken to represent conventional modelling approaches (panel
(c)). Our methods outperform standard modelling approaches, as the calibrated thermal model estimates
effective cell temperature, allowing an accurate description of heterogeneous cell behaviours.
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