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Abstract 
Lithium ion batteries undergo complex electrochemical and mechanical degradation. This complexity is 
pronounced in applications such as electric vehicles where highly demanding cycles of operation and 
varying environmental conditions lead to non-trivial interactions of ageing stress factors. This work 
presents the framework for an ageing diagnostic tool based on identifying the physical parameters of a 
fundamental electrochemistry-based battery model from non-invasive voltage/current cycling tests. 
Exploiting the embedded symbolic manipulation tool and global optimiser in MapleSim,    computational 
cost is reduced, significantly facilitating rapid optimisation. The diagnostic tool is used to study the 
degradation of a 3Ah LiC6/LiNiCoAlO2 battery stored at 45℃ at 50% State of Charge for 202 days; the 
results agree with expected battery degradation.  

Keywords: Li-ion battery; ageing; EV; modelling; parameterisation  

1 Introduction  
Since the commercialisation of Lithium-ion 
batteries, significant improvements in energy 
density and power capability has made lithium 
ion batteries a preferred solution for low carbon 
mobility [1]. The change in behaviour of Li-ion 
batteries over a vehicle lifetime can have a 
significant effect on vehicle performance and 
lifetime [2, 3]. Exploring the causes of battery 
ageing and developing mitigation strategies to 
avoid premature ageing is, therefore of 
paramount importance to vehicle manufacturers. 
 
The study of battery ageing is complicated as 
many factors from environmental conditions to 
vehicle utilization interact to generate different 
ageing effects [4]. Battery degradation is 
accelerated with frequency of cycling, large state 
of charge swings (ΔSOC), large current 

magnitudes, elevated temperatures, and elevated 
voltage exposure, among other factors [2]. The 
resulting physical degradation [4] can broadly 
manifest itself in three ways that a systems 
engineer is interested in: capacity fade which can 
affect the range of the vehicle; increases in the 
internal resistance or impedance of the cell known 
as power fade which can limit the power or 
decrease the efficiency of the vehicle; and 
ultimately may even lead to failure. 
 
In this work we apply sustainable, non-destructive 
techniques to quantify the degradation associated 
with ageing accelerants. Although the data 
provides a valuation for capacity fade and power 
fade, detailed interpretation, diagnosis and 
prognosis of degradation and failure requires 
mathematical models to be developed. To this end, 
we develop an electrochemistry based battery 
ageing model which extends the work of Doyle 
Fuller and Newman [5], that combines 
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concentrated solution kinetics, mass 
conservation, charge conservation, and transport 
and conduction in porous media. To investigate 
battery degradation perturbative terms are 
introduced into the model parameters. Using a 
non-linear fitting algorithm, the evolution of 
these perturbations are then derived by 
minimising square error with aged, non-invasive 
voltage/current cycling tests and matched with 
phenomenological degradation models identified 
and reported in the literature. 
 
Offline parameter identification of battery 
models using cycling data is widely employed 
for equivalent circuit battery models where a set 
of n parallel resistor–capacitor pairs are 
connected to each other in series [3, 6]. 
Parameters of higher fidelity models such as the 
Single Particle (SP) model with various dynamic 
and thermal extensions have also been identified 
using various identification methods [7]. 
Santhanagopalan et. al. [8] for example used the 
Levenberg–Marquardt optimization algorithm to 
identify a subset of five parameters for both the 
Pseudo 2D Porous electrode model (P2D)  and 
SP models using constant charge and discharge 
cycles. An important contribution to parameter 
identification was made by Forman et. al. [9] 
who identified the full set of parameters (88 
scalars and function control points) of the P2D 
model using a genetic algorithm using PHEV 
vehicle drive cycle data. To the best of the 
authors’ knowledge such identification methods, 
however, have not been employed within the 
context of studying battery degradation, in 
particular, diagnostics.    
 
A key achievement in this work was minimising 
the computational resources required for 
optimising a large parameter set. The Symbolic 
Manipulator embedded within Maple is used to 
simplify the system of equations generated for 
the model during compilation leading to an 
improvement in computational effort required to 
solve the system of equations. 
 
The remainder of this article is organised as 
follows. Section 2 describes the mathematical 
formulation of the P2D model. In section 3 the 
model partners are discussed. The optimisation 
scheme is presented in section 4. In section 5 we 
present some diagnostic results of aged cells. 
Section 6 summarizes and concludes the paper. 

2 Model formulation 
 
The 1D lithium ion cell depicted in Figure 1 
consists of three domains: negative electrode (in 
this work LiC6), separator (in this work 
polyethylene) and positive electrode (in this work 
LiNiCoAlO2) sandwiched between current 
collectors and immersed in an electrolyte solution. 
During discharge, lithium ions that occupy 
interstitial sites in the LiC6 electrode diffuse to the 
surface where they react (de-intercalate) and 
transfer from a solid into a liquid phase. The ions 
then diffuse and migrate through the electrolyte 
solution via the separator to the positive electrode 
where they react (intercalate) and occupy an 
interstitial site at the metal oxide material. 
 

 
Figure 1: Schematic of the Pseudo 2D electrochemical 
cell model comprising of 1D (x-directional) liquid phase 
dynamics and 1D (r-direction) solid diffusional 
dynamics.  

 

The rate of intercalation and de-intercalation 
reactions that occur at the electrode and electrolyte 
interface is assumed to follow a Butler-Volmer 
relation: 
 
𝑗
= 𝐹𝑘(𝑐!)!!(𝑐!!"#

− 𝑐!,!)!!(𝑐!,!)!! 𝑒𝑥𝑝
𝛼!𝐹
𝑅𝑇

𝜂 −
𝑅!"#$
𝑎!

𝑗

− 𝑒𝑥𝑝
−𝛼!𝐹
𝑅𝑇

𝜂 −
𝑅!"#$
𝑎!

𝑗  

 
 
 
(1) 

 
where 𝑗 is the current density across the 
electrode/electrolyte interface,  𝐹 is Faraday’s 
constant, 𝑘    is a rate constant of lithium 
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interaction/de-interaction, 𝑐 stands for the volume-
averaged lithium concentration, with subscripts  𝑒,  
𝑠  and 𝑠, 𝑒 referring to the concentration in the 
electrolyte, solid and solid/electrolyte interface, 
respectively. The anodic and cathodic transfer 
coefficients of electrode reactions are denoted by 
𝛼! and  𝛼!, 𝑅  is the universal gas constant and 𝑇 the 
absolute temperature. The local surface over-
potential 𝜂 is defined as 
 

𝜂 = 𝜙! − 𝜙! − 𝑈 (2) 
  
where  𝜙 is the volume-averaged potential in a 
phase and  𝑈 is the open circuit potential. The term 
𝑅!"#$ represents a finite film resistance on the 
electrode surface. The specific interfacial area of 
the porous electrode 𝑎! is given by 
 

𝑎! =
3
𝑟
𝜀! =

3
𝑟
(1 − 𝜀! − 𝜀!). 

(3) 

  
where 𝜀!, 𝜀! and 𝜀! represent the porosity (volume 
fraction) of the solid active material, electrolyte and 
current conductive fillers respectively, in the 
electrode regions. The diffusion of Lithium ions 
within the electrolyte is governed by Fick’s law of 
linear diffusion combined with the intercalation 
current density (𝑗) transferring Li-ions between the 
solution and solid [10]: 
 

𝜕(𝜀!𝑐!)
𝜕𝑡

= ∇ ∙ 𝐷!
!""∇𝑐! −

𝑖!∇𝑡!!

𝐹

+
1 − 𝑡!!

𝐹
𝑎!𝑗 

 
 
(4) 

 
where 𝑖! is current density in the electrolyte, 𝑡! is 
the transference number – which in reference to the 
velocity of the solvent is assumed to be constant 
due to the lack of data in literature – and 𝐷!

!"" is the 
effective diffusivity coefficient inside the porous 
electrode corrected via the Bruggeman relation  
 

𝐷!
!"" = 𝐷!𝜀!!/!. 

 
(5) 

 
The latter is a correction for tortuosity that arises 
from porous electrode theory where the solid 
porous active material and a liquid electrolyte are 
treated as superimposed continua without regard to 
microstructure.  
 
After the free lithium become intercalated lithium 
on the surface of the particles, the interacted lithium 
diffuse into the bulk of the active material solid 
electrolyte particles. This diffusion occurs at every 
point in the anode and cathode and can be modelled 
using Fick’s second law – a spherical, radially 
symmetric diffusion law – as follows: 

 
𝜕(𝜀!𝑐!)
𝜕𝑡

=
𝐷!
𝑟!

𝜕
𝜕𝑟

𝑟!
𝜕𝑐!
𝜕𝑟

. 

 
(6) 

 
where 𝐷! is the diffusivity coefficient of the solid 
phase and 𝑟 is the radius of an electrode. Using 
Duhamel superposition to re-write the right hand side 
of Eq. (6) as a Volterra integral and subsequently 
solving the right hand side, Doyle et. al. [5] showed 
that this term is proportional to current density 𝑗 in 
the electrode. Gu and Wang [11] in their work  
replaced the right hand side of Eq. (6) by a first-order 
differential equation describing the conservation of 
lithium in the solid phase, 
 

𝜕(𝜀!𝑐!)
𝜕𝑡

=
−𝑎!𝑗!"#
𝐹

. 

 
(7) 

 
 
Conservation of charge in the solid phase is given by 
Ohm’s law 
  

∇. 𝜎!
!""∇𝜙! = 𝑎!𝑗 

 
(8) 

 
where the effective conductivity of the solid phase is 
related to the conductivity of the active material 
through the porosity of the solid: 
 

𝜎!
!"" = 𝜎!𝜀!!/!. 

 
(9) 

 
The conservation of charge in the electrolyte phase is 
given by  
 

∇ ∙ 𝜅!
!""𝜙! + ∇ ∙

2𝑅𝜅!
!""

𝐹
𝑡!! − 1 1

+
𝑑 ln 𝑓±
𝑑 ln 𝑐!

  ∇𝜙! = −𝑎!𝑗, 

 
(10) 

 
where the effective ionic conductivity is given by  the 
Bruggeman correction for the tortuosity 𝜅!

!"" =
𝜅!𝜀!!/! and the mean molar activity coefficient of the 
electrolyte is taken to be a constant [10].  
 
The open circuit potential 𝑈 in Eq. (2) is a function of 
the lithium concentration of the solid phase at the 
solid electrode/electrolyte interface  𝑐!,!, i.e., 
𝑈! = 𝑈! 𝜃! 𝑐!,!,!  and  𝑈! = 𝑈! 𝜃! 𝑐!,!,!  
where 
 

𝜃! =
𝑐!,!,!
𝑐!,!!"#

        and    𝜃! =
𝑐!,!,!
𝑐!,!!"#

       

 
 
(11) 

 
and the battery state of charge is defined by the ratio  
𝜃!/𝜃!. 
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The system described above has two independent 
variables, i.e., 𝑥 and  𝑡, and five unknown variables, 
namely 𝜙! ,𝜙!, 𝑐! , 𝑐! and  𝑐!,!, which are calculated 
by simultaneously solving equations (1), (4), (6), 
(8) and (10) with initial and boundary conditions 
listed below. The cell terminal voltage is defined by  
 

𝑉!"## =   𝜙! 𝑡, 0 − 𝜙! 𝑡, 𝐿 −
𝑅! + 𝑅!"#$

𝐴
𝐼 

 
 
(12) 

 
where 𝐴 the electrode plate surface area and 𝐼 is the 
cell current. 
 
The initial conditions are: 
 

𝑐! = 𝑐!,! = 𝑐!!,                𝑐! = 𝑐!! 
 
(13) 

 
The boundary conditions associated with the 
concentration of electrolyte are: 
 

𝜕𝑐!
𝜕𝑥 !!!

=     
  𝜕𝑐!
𝜕𝑥 !!!

= 0 

 
(14) 

 
To ensure continuity at the boundaries of the 
separator:  
 

𝐷!,!
!"" 𝜕𝑐!

𝜕𝑥 !!!!"!
= 𝐷!,!"!

!"" 𝜕𝑐!
𝜕𝑥 !!!!"!

 

 
 
(15) 

 

𝐷!,!"!
!"" 𝜕𝑐!

𝜕𝑥 !!!!"!
= 𝐷!,!

!"" 𝜕𝑐!
𝜕𝑥 !!!!"!

 

 
 
(16) 

 
where the subscript 𝑚𝑒𝑚 refers to the membrane 
separator.  
 
The boundary conditions for the potential of the 
solid phase are: 
 

𝜕𝜙!
𝜕𝑥 !!!!"!

=     
  𝜕𝜙!
𝜕𝑥 !!!!"!

= 0 

 
 
(17) 

 

−𝜎!,!
!"" 𝜕𝜙!

𝜕𝑥 !!!
=
−𝐼
𝑆!

= 𝜎!,!
!"" 𝜕𝜙!

𝜕𝑥 !!!
=

𝐼
𝑆!

= 𝑖 𝑡 . 

 
 
(18) 

 
The boundary conditions for the potential of the 
electrolyte phase are: 
 
 

𝜅!,!
!"" 𝜕𝜙!

𝜕𝑥 !!!
= 𝜅!,!

!"" 𝜕𝜙!
𝜕𝑥 !!!

= 0 

 
 
(19) 

 

𝜅!,!
!"" 𝜕𝜙!

𝜕𝑥 !!!!"!
= 𝜅!,!"!

!"" 𝜕𝜙!
𝜕𝑥 !!!!"!

 

 
 
(20) 

  

𝜅!,!"!
!"" 𝜕𝜙!

𝜕𝑥 !!!!"!
= 𝜅!,!

!"" 𝜕𝜙!
𝜕𝑥 !!!!"!

 
 
(21) 

 

3 Model parameters 
 
There are a total of 57 scalar parameters listed in 
Table 1 of which 21 belong to the open circuit 
potentials 𝑈! and  𝑈!. The positive electrode 
equilibrium potential function 𝑈!  is identified from 
cell open circuit voltage measurements, assuming 
a known negative electrode (LixC6) equilibrium 
potential function  𝑈! from the literature. This 
leaves a remaining 36 parameters that require 
identification.  
Table 1: Initial values that are taken from Refs. [8] (†), 
[12] (*) and [13] (‡) are indicated by corresponding 
symbols. 

Parameter Symbol Initial 
value 

Thickness of negative 
electrode 

𝐿!  
(10!!  𝑐𝑚) 

149.9 

Thickness of positive 
electrode 

𝐿!  
(10!!  𝑐𝑚) 

134.0 

Thickness of separator 𝐿!"#   
(10!!  𝑐𝑚) 

25.0 

Surface area of negative 
electrode, 

𝐴!   
(𝑐𝑚!) 

428.4 

Surface area of positive 
electrode 

𝐴!   
(𝑐𝑚!) 

389.61 

Surface area of separator  𝐴!"#   
(𝑐𝑚!) 

448.35 

Modal radius of negative 
electrode particle 

  𝑅!,! 
 (10!!  𝑐𝑚) 

10.7 

Modal radius of positive 
electrode particle  

  𝑅!,! 
(10!!  𝑐𝑚) 

5.7 

Active material volume 
fraction of negative 
electrode  

𝜀!,! 0.3 

Active material volume 
fraction of positive 
electrode  

𝜀!,! 0.3 

Electrolyte phase volume 
fraction of negative 
electrode  

𝜀!,! 0.595 

Electrolyte phase volume 
fraction of positive 
electrode 

𝜀!,! 0.63 

Volume fraction of 
separator in liquid phase  

𝜀!,!"# 0.5 

Volume fraction of 
inactive material in 
negative electrode  

𝜀!,! 0.105 

Volume fraction of 
inactive material in 
positive electrode  

𝜀!,! 0.07 

Maximum li- 𝑐!,!!"#   †30.6 
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concentration in negative 
electrode  

(10!!𝑚𝑜𝑙  𝑐𝑚!!) 

Maximum li-
concentration in positive 
electrode  

𝑐!,!!"# 
(10!!𝑚𝑜𝑙  𝑐𝑚!!) 

†51.6 

Average electrolyte 
concentration,  

𝑐!,! 
(10!!𝑚𝑜𝑙  𝑐𝑚!!) 

*1.2 

Stoichiometry of negative 
electrode at 0% SoC,  

𝑥!,! *0.126 

Stoichiometry of positive 
electrode at 0% SoC  

𝑥!,! *0.936 

Stoichiometry of negative 
electrode at 100% SoC  

𝑥!,!"" *0.676 

Stoichiometry of positive 
electrode at 100% SoC 

𝑥!,!"" *0.442 

Diffusion coefficient of 
negative electrode in solid 
phase 

𝐷!,!  
(10!!"𝑐𝑚!𝑠!!) 

1.14 

Diffusion coefficient of 
positive electrode in solid 
phase 

𝐷!,!  
(10!!"𝑐𝑚!𝑠!!) 

*3.7 

Diffusion coefficient in 
liquid phase  

𝐷!  
(10!!𝑐𝑚!𝑠!!) 

*2.6 

Conductivity of negative 
electrode in solid phase 

𝜎!,!  
(𝑆  𝑐𝑚!!) 

*1.0 

Conductivity of positive 
electrode in solid phase 

𝜎!,!  
(𝑆  𝑐𝑚!!) 

†1.0 

Charge transfer 
coefficient in negative 
electrode 

𝑘!,! 
(10!!𝑐𝑚!.!𝑚𝑜𝑙!!.!𝑠!!) 

‡1.764 

Charge transfer 
coefficient in positive 
electrode 

𝑘!,! 
(10!!𝑐𝑚!.!𝑚𝑜𝑙!!.!𝑠!!) 

‡3.626 

Anodic charge transfer 
coefficient  

𝛼! 0.5 

Cathodic charge transfer 
coefficient 

𝛼! 0.5 

Li transference number 𝑡!!  0.36 
Electrolyte activity 
coefficient 

𝑓±, 1.0 

Bruggeman porosity 
exponent 

𝑝 1.5 

Resistance of film layers 
(including SEI)  

𝑅!"#$   
(Ω𝑐𝑚!) 

0.0 

Resistivity of the current 
collector 

𝑅!   
(Ω𝑐𝑚!) 

20.1 

Negative electrode 
potential, 𝑈! coefficients 

𝑏!! − 𝑏!!!   

Positive electrode 
potential, 𝑈!, coefficients 

𝑏!! − 𝑏!"!   

where the electrode potentials are defined in the form: 
 
  𝑈− = 𝑏!! + 𝑏!!𝑥! + 𝑏!!𝑥!!.! + 𝑏!!𝑥!!!

+ 𝑏!!𝑥!!.!
+ 𝑏!!𝑒𝑥𝑝 𝑏!! 𝑏!! − 𝑥!
+ 𝑏!!𝑒𝑥𝑝 𝑏!"! 𝑥! − 𝑏!!!  

 
(22) 

 

𝑈+ = 𝑏!! + 𝑏!!𝑥! + 𝑏!!𝑥!! + 𝑏!!𝑥!!
+ 𝑏!!𝑥!! + 𝑏!!𝑥!!
+ 𝑏!!𝑥!!

+ 𝑏!!𝑒𝑥𝑝 𝑏!!𝑥!!!"
!

 

 
(23) 

 
and the stoichiometry is defined by:  
 

𝑥! = 𝑥!,! + (𝑥!,!"" − 𝑥!,!)
𝑆𝑜𝐶
100

 
 
(24) 

 

𝑥! = 𝑥!,! + (𝑥!,!"" − 𝑥!,!)
𝑆𝑜𝐶
100

 
 
(25) 

 

 
Of these 36 parameters, stoichiometry of both 
electrodes at 100% and 0% SoC, anodic and 
cathodic charge transfer coefficients, the 
electrolyte activity co-efficient and the Bruggemen 
coefficient are assumed to be constant with values 
compatible with those found in the literature. Only 
a subset of the remaining 28 parameters will 
change depending on the exact mode of ageing.  
 
A comprehensive summary of expected parameter 
modifications resulting from battery degradation is 
beyond the scope of this paper; readers are referred 
to a forthcoming publication by the authors on 
“Characterising Li-ion battery degradation 
through the identification of model parameters.” 
For general reviews of battery degradation the 
reviews by Vetter et. al. [4] and Barré [14] et. al. 
are recommended. 

4 Model parameterisation  
 
The electrochemical model equations given in 
Section 2 are solved using finite differences in 
MapleSim. To achieve fast simulation times which 
subsequently facilitate non-linear parameter 
fittings the symbolic manipulator embedded within 
MapleSim, during compilation, removes redundant 
equations and generates a highly optimised model 
code in C. Because the battery model is stiff, a 
robust numerical solver is required; in this work 
the Rosenbrock solver is employed.  
 
For a cell “aged” by one or more of the identified 
stress factors, a current cycling profile and 
corresponding voltage response at a given cell age 
is used to estimate the model parameters (or a 
subset of them). The trace of the optimised 
parameters with age allows cell degradation to be 
characterised and consequently the nature of the 
phenomenological degradation mechanism.  
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The optimum parameters for a given data set are 
obtained by minimising a quadratic error cost 
function (equation 26). In Eq. (26) 𝑣! is the 
experimentally measured voltage, 𝑣! is the 
model voltage and 𝛾 is the vector of parameters 
to be optimised.  
 

𝑀𝑖𝑛𝑖𝑚𝑖𝑠𝑒  𝐹 𝛾 =   
1
2

𝑣!(𝑡)

!!"#

!!!
− 𝑣! 𝑡, 𝛾 ! 

 
 
 
(26) 

𝑠𝑢𝑏𝑗𝑒𝑐𝑡  𝑡𝑜  𝛾! ≥ 0 
 
The bounded nonlinear optimisation problem Eq. 
(26) is iteratively minimised using a differential 
evolution algorithm (differvol) within 
MapleSim’s Global Optimisation package. In 
multi-objective, stochastic problems with non-
linear, non-differentiable objective functions and 
multiple possible local minima, such as the 
problem in this work,  this evolutionary 
algorithm is a well-established method for 
deriving approximate solutions [15]. As the 
minimisation routine is iterative the values listed 
in Table 1 are used as initial guesses to initiate 
the optimisation algorithm and terminates if the 
maximum number of iterations is reached or the 
variation over each successively optimised 
parameters is below a predefined tolerance.  
 

5 Results and discussion 
 
Let us consider the degradation of a Pansonic 
3.03Ah LiNiCoAlO2 18650 cell stored at 45℃ at 
50% SoC for 202 days. At such elevated 
temperatures the most notable cause of 
degradation is electrolyte decomposition 
reactions at the negative electrode/electrolyte 
boundary which consume lithium ions – resulting 
in capacity fade – subsequently forming a solid 
electrolyte interface (SEI) layer on the negative 
electrode surface. The SEI then acts as an 
impediment to ionic diffusion leading to power 
fade.   The parameters of interest therefore, are:  
maximum number of accessible lithium sites 
(𝑐!,!!"#) which will govern capacity fade; film 
resistance (𝑅!"#$) which will reflect power fade; 
and radius of negative electrode particle 
(  𝑅𝑠,−)  which will also contribute to power fade 
through the increased solid diffusion path length. 
The potential 𝑈!  of the graphite (LixC6) negative 
electrode is assumed to initially follow the 
empirical correlation from Ref. [16]. The positive 

electrode potential (𝑈!) is derived by subtracting 
𝑈! from the cell’s open circuit voltage and then 
fitting to equation (23) using non-linear least 
squares: 
 
𝑈!
= 7.3203 − 42.6905𝑥! + 211.1859𝑥!!
− 504.6774𝑥!! + 614.6070𝑥!!
− 367.1214𝑥!! + 84.1478𝑥!!
− 0.0016𝑒𝑥𝑝 −10.8867𝑥!!!".!"#"  

 
 
 
 
(27) 

 
Using 𝑈! from Ref. [16] and 𝑈! as defined in 
equation (27) the parameter values listed in Table 1 
are fine-tuned against the initial (age 0 days) 1C 
discharge curve. This new “fine-tuned” parameter 
set forms the base set of parameters from which 
ageing causes deviations.  
 
The aged cells are characterised approximately 
every 9 to10 weeks. The P2D model is fitted to the 
1C discharge curves optimising for  𝑐!,!!"#,  𝑅!"#$ 
and    𝑅!,!. The model fitting results are shown in 
Figure 2.  
 

 
Figure 2: Voltage profiles under 1C discharge of 
Panasonic 3.03Ah cells stored at 45℃ at 50% SoC. The 
solid lines show experiment results; the markers indicate 
fitted results.  

Variations of   𝑐!,!!"#,  𝑅!"#$  and  𝑅!,! as a function of 
age are depicted in Figure 3 to Figure 5, 
respectively. As expected, there is a rise in 
resistance and fall in capacity.  



EVS28 International Electric Vehicle Symposium and Exhibition  7 

Figure 3: Changes in maximum lithium concentration 
of negative electrode (  𝑐!,!!"#) as a function of calendar 
age.  
 

Figure 4: Changes in film resistance (𝑅!"#$) as a 
function of calendar age.  

 
Figure 5: Changes in negative electrode particle 
radius (  𝑅!,!)  as a function of calendar age. 

 

The rise of film resistance is consistent with results 
derived from Electrochemical Impedance 
Spectroscopy tests. Capacity fade predictions 
estimated from variations in  𝑐!,!!"# are also 
consistent with direct analysis of the experimental 
results shown in Figure 1. 
 

6 Conclusion 
 
The framework for a battery ageing diagnostics 
technique employing non-invasive voltage/current 
cycling tests was presented. The work employs a 
differential evolution optimisation algorithm to 
iteratively identify the parameters of the P2D 
battery model by minimising the sum of square 
errors between predicted voltage and experimental 
measurements for a 1C discharge curve. After 
identifying a set of “fine-tuned parameters” 
corresponding to a new cell, subsequent fittings are 
made on aged cells to track parameter changes. It 
shown that these parameter changes can highlight 
intrinsic battery degradation.   As an example, 
degradation of a 3.03Ah LiC6/LiNiCoAlO2 battery 
stored at 45℃ at 50% SoC for 202 days is studied. 
Given that under these conditions growth of the 
SEI layer is the dominant ageing mechanism, 
variations of   𝑐!,!!"#,  𝑅!"#$  and   𝑅!,!  as a function of 
calendar age was traced. These parameters were 
found to evolve, under these conditions, in 
agreement with trends identified in the literature.    
 
The procedure employed in this work allows for a 
set of parameter values for the P2D model to be 
identified quickly and noninvasively. Model 
compilation, initialisation and initial simulation 
take approximately ten minutes; subsequent runs 
for a single parameter set is considerably less than 
a second. Thus, to optimise a subset of three 
parameters can take less than 20 seconds – 
significantly quicker than the 63 seconds for a 
single run reported in Ref. [9].  
 
It is expected that unique identifiability of 
parameters for this model will be limited.  In an 
ensuing paper therefore, the authors will provide 
an analysis of parameter sensitivity and model 
validation. While the ability to accurately match 
voltage curves is expected not change, how the 
data is interpreted to insinuate intrinsic battery 
degradation mechanisms may be effected.  
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