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A B S T R A C T

With this paper a method to detect faults of lithium-ion cells during operation is first presented and later
validated by experiment. Since every cell fault will increase the cell temperature towards its process until
thermal runaway the method uses the temperature-dependent change of the cell impedance as fault feature.
Using a 46 Ah pouch cell the model was parameterised by electrochemical impedance spectroscopy and then
validated during dynamic load. For this purpose the Worldwide harmonised Light vehicles Test Procedure
(WLTP) was chosen. The presence of a fault was simulated by heating the cell once uniformly and once
locally and the progression of the chosen fault feature analysed. For both test cases the method proposed was
able to detect the present heat source before the thermal runaway was triggered and venting or voltage drop
were observed.
1. Introduction

Despite the rapidly increasing usage of lithium-ion cells [1] in
applications ranging from consumer electronics, power tools, electric
vehicles to stationary grid storage, safety concerning operation condi-
tions are still challenging both for manufacturers and system engineers.
Thus, this topic is not limited to research but also discussed by industry
task groups like the Electric Vehicle Safety Global Technical Regulation
(EVS-GTR). Here, one difficulty is caused by the rare and stochastic
fault appearance in practice [2] and limited possibility to recreate
field faults, especially internal short circuits, in repeatable manner [3].
In addition, once triggered the exothermic decomposition reactions
inside the cell can only marginally be influenced or controlled from
outside [4] due to its self-sustaining and can become out of control in
minutes [5]. This rapid self-accelerating combustion and pressurised
ejection of reaction products, called thermal runaway [6], poses a
high risk for bystanders as well as the environment [7]. If there are
further cells nearby the failure, these might also be triggered to thermal
runaway by the released energy [8]. This process is called thermal
propagation [9] and poses a significant more hazardous potential due
to the greater amount of stored chemical energy potentially released
during a thermal failure. Therefore, containment of first-fault events is
the main goal. Research efforts towards safer battery systems can be
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mainly classified in increasing the stability of cells as investigated by
Zaghib et al. [10] and Liu et al. [11], prevention of propagation after
an initial thermal runaway e.g. by Darcy et al. [12], Feng et al. [13] or
Zhong et al. [14] and detection of initial faults which is the focus of this
work. In the following a brief recap of already published approaches is
given.

In general, fault detection is based on comparing a measured or
derived state of the system with some kind of evaluation matrix. This
can be implemented by utilising a threshold measure e.g. the manufac-
turers operational limits and if the actual measure surpasses the value
a potential abnormal condition is declared. However, this method will
not consider dynamic effects like load situation and therefore the cho-
sen threshold has to capture all operational aspects. Thus, monitoring
systems based on hard thresholds detect faults often too late [15]. To
improve such methods, Nordmann et al. [16] proposed an unconven-
tional temperature measurement system by monitoring the impedance
reflection of the voltage sensor cables. Here, the goal is to reduce the
lag between cell heating and measurement by the sensor due to thermal
inertia and spare sensors. With similar goal Zhu et al. [17], Huang
et al. [18] and Nascimento et al. [19] investigate the feasibility of
restive and optical sensors directly inside a cell. Both techniques were
found by the authors to not influence the electrochemical performance
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and providing reliable readings. Also investigating internal temperature
measurement Srinivasan et al. [20] have investigate the feasibility
of temperature dependent impedance and phase shift detection using
electrochemical impedance spectroscopy (EIS). Phase shift was found to
be feasible for temperature monitoring however, the method requires
relative precise measurement equipment on the BMS.

Another approach is based on comparison with a reference measure.
If a deviation is identified this might indicate a present fault. Assuming
that cells of a module are approximately identical, Pan et al. [21]
identified internal short circuits (ISC) based on the balancing current of
parallel cells in case of a fault. For this purpose, the authors developed
a symmetrical circuit layout with two current sensors and utilised
the ratio of the balancing current to calculate the most likely faulty
cell. A comparable concept was introduced by Kim et al. [22] in
which the authors investigate the fault-induced unsymmetrical current
distribution of a circuit layout of two parallel strings. Here, the parallel
current, respectively, the ratio is taken as reference, too.

Another reference measure is utilised by Xia et al. [23] with the
voltage measurement of adjacent cells in the module, assuming that
they will behave in similar kind. For robust differentiation between
sensor and cell faults the authors had invented an overlapping voltage
measurement that was refined by Xia [24]. Based on the same sensor
topology Kang et al. [25] utilised the Inter-Class-Correlation coefficient
(ICC), a statistical measure, for detection of ISCs, connection faults and
sensor faults. The approach with ICC was also pursued by Li et al. [26]
but standard voltage measurement on cell level has been used.

A similar methodology was investigated by Xia et al. in [27] using
the correlation coefficient of cells as fault-feature. By Fill et al. [28] the
average cell voltage was chosen as reference for each block of parallel
cells. Using this monitoring, the authors detected the sudden contact
loss of one cell in such a unit.

Furthermore, the statistical theory of Shannon Entropy has been
widely utilised since it evaluates the similarity of patterns in between
time series. By approximation that healthy cells behave similar, Liu
et al. identified voltage misbehaviour [29], Shang et al. external short
circuits [30] and Hong et al. over-voltage faults [31] when the calcu-
lated Shannon entropy coefficient differs from 0 . It must be mentioned
that first and latter investigation is cloud-based, thus the size of the
reference data-set is significantly increased. Also based on a cloud data
set Chen et al. [32] applied the data science method of local outlier
detection for detecting abnormal behaving cells. As the compared
values were equivalent electrical parameters e.g. internal resistance a
model of the cell with online parameter estimation was developed. A
similar approach was also described by Kim et al. [33] for external short
circuit detection.

Such a parameter estimation model was also presented by Seo
et al. [34] approximating a potential ISC resistance. When this esti-
mated resistance surpasses a predefined threshold, the presence of a
failure is assumed. Similar to this, Chen et al. and Seo et al. [35,36] pro-
posed a methodology that fits a battery model online to the measured
data and estimates the current battery state like over-voltage based on
the gathered parameter set. The other way around, Sidhu et al. [37]
implemented multiple models in parallel, one for each cell fault like
over voltage, ISC etc. and had calculated the state estimation by each
model. Then, the model with the prediction closest to the measurement
is assumed to be representative for the cell state, indicating a potential
fault.

Although the above-mentioned approaches were all successfully
validated by the authors, it cannot be stated that they will perform in a
similar way with changed boundary conditions. First, as recreating cell
faults is still challenging there is no standardised validation test result-
ing inter alia in short circuit resistances ranging from 0.87Ω to 1000Ω.
Second, with the statistical methods some forgetting factor, respec-
tively, sliding window has to be used weighting older measurements
less and therefore altering the sensitivity of the coefficient monitored
towards sudden changes. In this context it is questionable in general,
2

Fig. 1. Bode representation of 46Ah and 5Ah pouch cell and 5Ah cylindrical 21700
cell (top to bottom) for 20 ◦C, 50 ◦C and 80 ◦C.

whether the test layout of sudden voltage changes is an appropriate
validation measure of statistical methods. To the opinion of the authors
of this paper, it is a trivial result that a similarity indicator will catch
one changing cell when the others remain unaltered. Especially, when
using 400Hz (see Shang et al. [30]) as sample frequency the reference
cells will be almost stationary. Third, the investigated test cases are
partly quite specific as the voltage drop of 100mV from Li et al. and
Xia et al. [26,27] and the applicability to different cell faults unknown.

Since, each cell fault will increase the cell temperature in the
process towards thermal runaway it is evident to utilise the temperature
as fault feature. However, the surface temperature change is too slow
in general for early detection [38]. Therefore, Feng et al. [39,40] and
Dey et al. [15] invented a coupled electrical and thermal model online
estimating the internal heat generation for detection of thermal faults.
Unfortunately, the models used become rather complex not suitable for
online monitoring on a battery management unit (BMU).

As pictured in Fig. 1, the impedance of lithium cells decreases signif-
icantly with increasing temperatures independent of capacity and cell
type [41–43]. Thus, the hypothesis of this paper is detecting thermal
faults based on the changed voltage response to an applied load due to
the impedance decrease. For qualifying such change, a precise reference
for the normal cell behaviour is needed that is provided by a coupled
model of electrical and thermal equivalent circuit implementations. For
this purpose, the achieved model’s error has to be significantly smaller
than the fault dependent change otherwise a high sensitivity and low
fault-positive results cannot be achieved.

This concept was investigated by development of a model for a
pouch cell, which is then heated uniformly as well as locally during
load to emulate the appearance of a generic fault. When the fault
induced change is significant, the method should be able to detect the
presence of the heating based on the deviation between simulation
and measured values. For proving the fundamental functionality and
increasing battery safety, the fault detection has to take place at a
reasonable time before a thermal runaway starts and while the tem-
perature readings are still within or close to the operational window.
With the second condition the proposed method will be at an advantage
over standard temperature monitoring by the BMU. Also, safety is only
increased, when the detection allows enough time to apply mitigating
actions to limit the effects of the fault. The content of this paper
is structured as follows: Section 2 presents the investigated cell and
equipment used 2.1 followed by the cell model 2.2 as well as the
experimental setup 2.3. In Section 3 the experimental and simulated
results are given and discussed before the conclusions drawn from this
research in Section 4.
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2. Materials and methods

2.1. Materials

A high power 46Ah lithium-ion pouch cell (SLPB120216216HR2,
see Fig. 1) by Kokam Co. Ltd. was chosen for the experimental part.
This cell was composed of a blend cathode of NMC and LFP while the
anode is based on LTO called Nano by the manufacturer but the ratio
is unknown. By this advanced composition, the 1.2 kg cell has a energy
density of 135Wh kg−1 useable in between 2.7V to 4.2V at average
.7V. The cell measures 224mm x 225mm in profile and has a thickness
f 12mm. Electric load was impressed by a SL60/200/12BT4C test
tand from ScienLab, which also monitored the corresponding readings.
-type thermocouples by PCE Instruments were used to measure the

emperature development of the cell at the positive terminal, centre
nd lower edge of the surface area (see Fig. 2 (right)). Since the mean
eviation of the sensor at the centre to the average of all sensors was
ound to be less than 0.1K in the following this sensor is taken as
epresentative cell temperature. The characterisation of the cell by EIS
as performed with a SP-300 of BioLogic.

An enclosed battery explosion test rig with 3m x 3m base area,
height of 3m and active fume extraction was used as main test

nvironment. Due to the air intake from the outside the ambient
est temperature is coupled to the outer one. The cell was thermally
ecoupled from the concrete base plate by a layer of mineral wool of
pproximately 5 cm, thus no conductive heat transfer path remained.
dditional reference test runs without abuse conditions were conducted

nside a climatic test chamber (MK 720, Binder) with fixed temperatures
t 20 ◦C.

The uniform heating was achieved by a 1400W aluminium heating
late with the same dimension as the cell, as pictured in Fig. 2 (left).
he heating plate was constructed based on two parallel resistance
eating pads (700W/ 230V) by Stalgast. In contrast, the locally heating
as performed by two combined cylindrical heat cartridges by RS Pro
ith a total of 400W heating power that are shown in Fig. 2 (right).
eating power was regulated by a two-step controller.

.2. Model development

The electrical and thermal coupled cell model is created in the com-
ercial simulation environment Matlab/Simulink (version 2017b) [44]

y transforming the differential and energy balancing equations into
lock diagrams. Both load current (𝐼𝑙𝑜𝑎𝑑) and surrounding temperature
𝑇𝑠𝑢𝑟𝑟) from experiments are used as model inputs to calculate cell
emperature and voltage.

The electrical behaviour is modelled by an equivalent circuit repre-
entation consisting of standard passive components for which an R-RC-
C-combination was chosen as shown in Fig. 3. Obviously, with more
odel parameters the accuracy is generally increased but computa-

ional costs as well, resulting in an optimisation problem as investigated
y Zhang et al. [45]. This analysis shows that two RC terms are the
est solution for fulfilling both cost functions accuracy and complexity.
s summarised by Zhang et al. [46] this result was also adopted
s state of the art in recent studies, e.g. [47–49]. Corresponding to
ig. 3 the cell voltage (𝑈𝑐𝑒𝑙𝑙) as model output is calculated by the
oltage loop in Eq. (1) as open circuit voltage (OCV) dependent on
he state of charge (SOC) and the voltage drops (𝛥𝑈) across the circuit
lements. Here a short time constant is assigned to the first term 𝛥𝑈1
ainly representing charge transfer processes and the double layer

apacitance while a larger time constant is associated with 𝛥𝑈2 caused
y over-voltages due to diffusion according to Zhu et al. [50]. Using
wo RC-terms this mapping of model elements to the main two real
rocesses is possible, giving the parameters a physical meaning.
3

𝑐𝑒𝑙𝑙 = 𝑂𝐶𝑉 − 𝛥𝑈0 − 𝛥𝑈1 − 𝛥𝑈2 (1) t
ince the equivalent parameters are highly dependent on temperature
nd SOC [48,51,52] they are updated in every step using 2D lookup
ables (LUT). In addition, the current induced voltage drop described by
he Butler–Volmer equation is implemented in the first RC element as
uggested and derived by Waag et al. [53]. An introduced proportional
actor is also adopted from this work. During operation the SOC is
pdated by integrating the load current 𝑖 relative to the cell capacity
(Coulomb Counting) as shown in Eq. (2) which is used in most EC

pproaches, e.g. [37,47]. An 1D LUT of the OCV–SOC correlation is
sed for the voltage source of Fig. 3.

𝑂𝐶(𝑡) = 𝑆𝑂𝐶0 +
1
𝐶 ∫

𝑡

𝑡=0
𝐼(𝑡)𝑑𝑡 (2)

The thermal dynamics of the investigated cell are represented by the
simple equivalent model shown in Fig. 3. Since the cell is isolated
towards the ground no conductive heat exchange with the environment
is considered in the model. Furthermore, with the presented simplifi-
cation of the three dimensional heat transfer problem, homogeneous
temperature distribution in all directions is assumed. This assumption is
equivalent to no internal conduction of heat and is generally considered
to be valid for 𝐵𝑖 ≤ 0.1 [54]. Here 𝐵𝑖 represents the dimensionless Biot
umber as formulated in Eq. (3) [55].

𝑖 = ℎ
𝑘
𝑙 (3)

For the present case the simplification was validated using an
experimentally determined value for the thermal conductivity 𝑘 of
0.61Wm−1 K−1 [56] as well as cell thickness 𝑙. Solving the above
mentioned inequality, homogeneous temperature distribution can be
assumed when the convective heat transfer coefficient ℎ is smaller than
10Wm−2 K−1. The actual value of the horizontal positioned cell can
be approximately calculated using the calculation guideline in [55]
for the use-case heat transfer over a horizontal plate. Thus, heat
transfer across the thin side as well isolated back surface is neglected.
Under consideration of the material properties from [55] and 10K
temperature difference between cell an surrounding the convective
heat transfer is calculated to 2.87Wm−2 K−1. Thus the approximation
is permissible.

Furthermore, the heat transport mechanisms of radiation and con-
vection are each simplified by one equivalent process represented by
the thermal resistances 𝑅𝑐𝑜𝑛𝑣 and 𝑅𝑟𝑎𝑑 as indicated in Fig. 3. In this
context, the reference temperature is also assumed to be identical
for radiation and convection, reducing 𝑇𝑓𝑙𝑢𝑖𝑑 and 𝑇∞ from Fig. 3 to
𝑇𝑠𝑢𝑟𝑟 . The chosen model approach results in the following Eq. (4) for
calculating the cell temperature change based on both heat transfer
(e.g. thermal capacity 𝑐𝑝 and emissivity 𝜖) and physical properties
(effective heat transfer area 𝐴 and mass 𝑚) as well as heat flux 𝑃𝑙𝑜𝑠𝑠
generated by the electric load.

𝑚𝑐𝑝
𝑑𝑇
𝑑𝑡

= 𝑃𝑙𝑜𝑠𝑠 − ℎ𝐴(𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑠𝑢𝑟𝑟) − 𝜖𝜎𝐴(𝑇 4
𝑐𝑒𝑙𝑙 − 𝑇 4

𝑠𝑢𝑟𝑟) (4)

he power loss is described by the irreversible heat in Eq. (5) which
ssumes that reversible heat like entropy, mixing and reaction heat are
eglected. An assumption which is valid for lithium-ion cells according
o Forgez et al. [57] and used, inter alia, in [58,59]. In conclusion, the
wo equivalent models are coupled by the temperature-dependent LUT
n the one side and the voltage- or rather current-dependent power loss
n the other side.

𝑙𝑜𝑠𝑠 = 𝐼(𝑂𝐶𝑉 − 𝑈𝑐𝑒𝑙𝑙) (5)

onitoring the cell for possible safety critical changes, the simulated
ell voltage is compared to the measured voltage and the absolute
imulation error calculated. For decreasing measurement noise, the
odel’s subsequent decision logic uses the floating mean error over a
eriod of two minutes. As mentioned at the introduction in Section 1,
he sensitivity of the method is influenced by the arbitrary choice of a

ime window. According to the validation results (see Section 2.3.2),
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Fig. 2. Both experimental abuse setups with the installed heating elements. Left: Uniform heating by cell equal sized heating plate from top side. Right: Local heating with two
heat cartridges in the lower right corner (red rectangle). Thermal isolation to surface by mineral wool. Green sensor cables of thermocouples for monitoring cell and heater
temperature. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
Fig. 3. Equivalent circuit representation of the implemented dynamic electrical (left) and thermal (right) cell behaviour by one (thermal) and two (electrical) time constants. See
Eqs. (1) and (4), respectively, for corresponding relationships. Electrical parameters depend on state of charge (𝑆𝑂𝐶) and cell temperature (𝑇𝑐𝑒𝑙𝑙) using 2D-LUT, thermal parameter
are fixed.
two threshold values as well as the window length are set by an
educated guess. The constraints of the thresholds are that during the
different operational modes tested no false-positive fault detection is
received. While the upper voltage limit (370mV) immediately indicates
a potential fault situation, the frequency of crossing above the lower
voltage bound (65mV) is measured and only if the duration exceeds
four minutes a fault is suspected. When the error has fallen and remains
under the lower threshold for two further minutes the duration is reset.
Thus, when the simulation differs either

• significantly or
• repeatedly for a longer period

from the monitored voltage the proposed model will detect undesired
and potential hazardous cell behaviour. In comparison to the achieved
model accuracy in Table 3 it can be seen that the thresholds are set with
an arbitrary safety factor. Since these values were extracted directly
from the model validation they have to be adapted with changed cell
behaviour as expected under decreased state of health or interchanged
environmental boundaries.

2.3. Experimental

2.3.1. Characterisation
Electrical. The values for the 2D cell parameter LUT are obtained by
galvanostatic 1A EIS-measurements in the frequency range 10mHz to
100MHz with ten logarithmically distributed measurements per decade.
Both SOC and temperature are varied. The cell is characterised at
increments of 10% SOC over the full capacity and steps of 10 ◦C within
the interval 0 ◦C to 40 ◦C. For each temperature the initial SOC is set
by charging until reaching the upper voltage limit at 20 ◦C. Then, the
surrounding temperature is changed and after thermal equilibrium is
reached the individual SOC steps are set by discharging with 1C for
4

6min. Dominant dynamics (time constants 𝜏) were determined by the
Matlab extension DRTtools [60]. Using 𝜏𝑚𝑖𝑛 for 𝑅1, 𝐶1 and 𝜏𝑚𝑎𝑥 for
𝑅2, 𝐶2 as well as Eq. (6) the initial guess for the fitting algorithm was
extracted for every combination of SOC and temperature.

𝜏 = 𝑅 ⋅ 𝐶 (6)

In addition the corresponding value 𝑅0 was found by solving
ℑ{𝑍(𝑓 )} = 0. The SciPy [61] implementation of the bounded optimi-
sation solver L-BFGS-B [62] was then used with the initial guess to fit
the electrical model from Fig. 3 onto the EIS-data based on Eq. (7)
as quality function. Since the chosen model cannot represent positive
imaginary impedances, measured positive imaginary data points were
not included into the fitting process to improve the fitting quality for
the relevant frequency interval. By bounding the solution to positive
values only reasonable parameters are ensured.

𝛥𝑍 =
√

(𝑍′
𝑚𝑒𝑎𝑠 −𝑍′

𝑠𝑖𝑚)2 + (𝑍′′
𝑚𝑒𝑎𝑠 −𝑍′′

𝑠𝑖𝑚)2 (7)

The SOC–OCV relationship is represented by a experimental or pseudo-
OCV curve, which is measured during constant load with small current
(see Yu et al. [63]). In this case the relationship was measured at 20 ◦C
ambient temperature. Averaging the discharge and charging curve for
a current rate of C/20 a relation approximate for both charge and
discharge is gathered.

Thermal. The thermal characteristics of each test assembly were iden-
tified by the method proposed by Forgez et al. [57] with the fully
assembled cell and heater setup inside the corresponding experimental
surrounding. For this method a rectangular current-profile with high
amplitude is suggested, heating the cell at approximately constant
SOC and heating power, which is equal to the step response of the
system. By application of the load until a thermally steady state is
reached, the dynamics can be estimated or the model fitted. Following
the experiment, the measured data were fitted by the default Matlab
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Fig. 4. Dynamic test specification (bottom: current relative to cell ampacity) by
transforming WLTP test cycle (top).

optimisation algorithm fminsearch minimising the root mean square
error (RMSE) of the cell temperature as described in Eq. (8).

𝑅𝑀𝑆𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝑖=0
(𝑇𝑚𝑒𝑎𝑠 − 𝑇𝑠𝑖𝑚)2 (8)

2.3.2. Validation
The worldwide harmonised light vehicles test procedure (WLTP)

with profile data from [64] was chosen as dynamic load. The original
velocity profile was transformed to a power- or rather current-profile
based on the equations of Makarchuk et al. [65]. The vehicle pa-
rameters were also picked from this publication and the calculated
result scaled to maximum power demand, as pictured in Fig. 4. It
has to be mentioned, that the chosen vehicle parameters are therefore
representing the average US-vehicle fleet since no complete open-access
parameter set for European cars was found. The available mean mass
differs significantly between 1750 kg (US) and 1400 kg (EU) [66] but for
the purpose of a sensible dynamic load this is acceptable. The validation
was continued for more than one cycle of 30min to capture the full
impact of the high power phase at the end of the WLTP cycle. During
load, both electrical and thermal values were sampled and compared
to the simulated response. Using the RMSE (see as well Eq. (8)) and
maximum error between simulation and measurement of cell voltage
as well as temperature the simulation quality was assessed. Besides
the test setup inside the climatic chamber, both abuse assemblies were
tested separately under abuse test conditions, meaning installed heater
and with active fume extraction of the test rig.

2.3.3. Abuse test
Both abuse tests were conducted during loading the cell continu-

ously with the WLTP test cycle. Since this load profile is not charge-
neutral, the third cycle was inverted to prevent the cell from falling
below the end of discharge voltage. After approximately 40min during
the second cycle, the heating element used in the test was switched on.
The temperature increase was controlled to form multiple steps with
subsequent holding time of roughly 10min using the power controller.
This process was continued until either the cell reached the thermal
runaway or no further changes were detectable at full heating power.
Similar to the validation setup the cell state represented by voltage and
temperature was monitored and used as input for the model developed.
Based on the fault detection implemented, the cell status was then
estimated.

3. Results and discussion

3.1. Parameter estimation

Electrical model. Characterising the electrical cell parameters using the
proposed two layered method (EIS measurement and DRT supported
5

Table 1
Qualitative changes of electrical cell model parameters due to changes of temperature
and SOC originating from 20 ◦C and 50% SOC. Data can be found in tabular form
at [67].

𝑅0 𝑅1 𝑅2 𝐶1 𝐶2

Increasing 𝑇 ↓ ↓ ↓ ↑ ↑

Decreasing 𝑇 ↑ ↑ ↑ ↓ ↓

Charging ↓ ↑ ↔ ↓ ↑

Discharging ↑ ↑ ↑ ↓ ↓

model optimisation) produced five separate 2D LUT. Raw data and
representing figures are deposited at [67]. The gathered data show that
for each investigated cell state (SOC and temperature) the parameter
estimation using numerical optimisation has reduced the remaining
model error for the cell impedance significantly in contrast to the
initial guess by DRT measurement. In Table 1 the trend for changes
in temperature and SOC are individually summarised for each value
based on the corresponding mean state at 20 ◦C and 50% SOC. The
temperature sensitive conductivity of the equivalent resistors as well
as the inverse behaviour of the capacitance can be observed. In con-
trast, the dependency to the SOC is more differentiated with local
maximum around the 50% state as shown for 𝑅1 and 𝐶1. The results
are in accordance with prior studies providing information about the
temperature-dependent cell parameters e.g. [68–70]. However, the
findings concerning the SOC-dependence differ from results in [71]
and [72]. This difference can most likely be explained by different
cell chemistry and capacity of the studies mentioned. In conclusion
the findings prove the temperature-dependence of the electrical cell
characteristics, which is mandatory for the investigated fault detection
method. In addition, the results described justify the general approach
of using multidimensional LUT instead of fixed values at the expense
of additional computational effort.

The result of the pseudo-OCV measurement for determining the
SOC-dependent OCV is given by the sixth degree polynomial relation-
ship as pictured in Eq. (9) that was gathered by minimising the RMSE
between measurement and equation. Here, the variable 𝑥 represents the
SOC and is valid from 0 to 1.

𝑂𝐶𝑉 (𝑥)∕V = 3.163 + 6.00𝑥 − 34.661𝑥2 + 103.934𝑥3

−161.763𝑥4 + 126.398𝑥5 − 38.916𝑥6

𝐷𝑆𝑂𝐶 = {𝑥 ∈ R+
|𝑥 ≤ 1} (9)

As mentioned in Section 2 above, the relationship between OCV
and SOC is measured at 20 ◦C and assumed to be constant. This sim-
plification is mostly used in lithium battery modelling [73]. Since Kim
et al. [74] experimentally confirmed that the temperature induced ca-
pacity change is limited to extreme temperatures and SOC for standard
applications like electric vehicles this assumption is reasonable.

The displayed one-dimensional relationship by Eq. (9) shows the
characteristic progression of lithium-ion cells with an approximate
linear negative correlation for high and mean SOC is expressed as well
as a steeper decrease at the end of the discharge curve [75].

Thermal model. Fig. 5 shows the cell temperature development during
the experimental thermal characterisation with the described square
wave shaped load in the temperature-controlled test environment. In
addition, the simulation result after finalised model fitting is displayed.
First, the desired heating of the cell was achieved as the temperature
increase is asymptotic and an increase of 9 ◦C can be observed. Further-
more, the fitting shows good agreement with the measured data which
is reflected in a RMSE value of 0.17K where the maximum difference
is 1.38K. The fitting quality for the two tests with variable surrounding
temperature is in a similar range and can be found in Table 2. For
every experiment the maximum deviation can clearly be identified at
the beginning of the test within Fig. 5. Here the measurement shows
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Fig. 5. Measured (orange) and fitted (blue) thermal cell response to high current square
wave shaped pulse load characterising the thermal dynamics of the test setup. (For
interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

Table 2
Quality indicators for experimentally determined thermal characteristics of each cell-
heater setup by model fitting to test data for square wave shaped load (top). Estimated
parameter values for the case of each test assembly (bottom).

Parameter Test setup

I II III

RMSE/ ◦C 0.166 0.405 0.183
𝛥𝑇𝑚𝑎𝑥 / ◦C 1.38 2.30 0.72

𝑐𝑝/ (J kg−1 K−1) 1017.5 777.4 2884.8
ℎ/ (Wm−2 K−1) 47.8 5.6 56.5
𝜖 0.6575 0.743 0.5

I Climatic chamber; II Uniform heating; III Local heating.

a quite slow convex increase before reaching an inflection point after
approximately 60 s and continues in the described concave asymptotic
manner. Since this behaviour, which may be due to the thermal inertia
of the cell and delayed thermal conduction to the thermocouples,
cannot be simulated by the simple thermal model consisting of only
one time constant, the initial temperature value for the fitting process
was adjusted. By extrapolating the concave increase to the start of the
experiment, the model optimisation could be improved significantly.

The thermal parameters for the assembly inside the climatic cham-
ber are summarised in Table 2 as well as the equivalent values for
the two test setups inside the temperature variable explosion test
stand. These values must be interpreted with caution because both
heat transfer mechanisms are scaled with the possibly variable effective
heat transfer area as stated in Eq. (4). Assuming this area is identical
for radiation and convection and equal to the surface area of the
cell, there will be an obvious effect on the results depending on the
accuracy of this assumption. For the same reason the results for the
heat capacity may be biased by using only the cell mass instead of the
additional contributions for power cable and heater. In addition, both
heat transfer mechanisms are relevant for the achieved heat dissipation
which increases the possibility of over-fitting since more than one
combination might lead to the same or similar system behaviour.
This limitation in mind, the relatively large deviation between test
case like for 𝑐𝑝 can be explained. Nevertheless, the presented range is
comparable to literature findings as heat capacities with 810 J kg−1 K−1

to 950 J kg−1 K−1 in [76–78] and 5Wm−2 K−1 to 25Wm−2 K−1 [77,79–
81] for the convective heat transfer are usual values. Thus, due to
the characterisation based on a dynamic test these fitted parameters
represent the system behaviour sufficiently well as indicated by the low
RMSE.

3.2. Validation

Fig. 6 presents the model performance at WLTP test load for ideal,
constant environment conditions. From top to bottom the load and the
electrical response from both cell (measured) and model (simulated)
is shown underlined by the absolute simulation error. The figure is
6

Fig. 6. Dynamic test load using current transformed WLTP test load (top). Electrical
(middle) and thermal (bottom) response both measured (𝑈𝑚𝑒𝑎𝑠, 𝑇𝑚𝑒𝑎𝑠) and simulated
(𝑈𝑠𝑖𝑚, 𝑇𝑠𝑖𝑚). Absolute simulation errors are also given.

completed by the corresponding thermal curves. During the first WLTP
cycle (until t=1800 s) an increasing trend of the electrical error can be
observed resulting in the maximum difference of 230mV. Later, the
error is reduced and then increases again. In comparison to the test load
a correlation between simulation inaccuracies and current amplitude
as well as current gradient can be identified. Besides the high current
phase at the end of the WLTP, the model is in good agreement with
the measurement as quantified by the RMSE of 32mV. Even under
more uncertain surrounding conditions the RMSE confirms a reasonable
model behaviour as summarised in Table 3. Here, the uniform heating
setup performed even better although the temperature homogeneity
inside the extended test rig was unknown. The determined RMSE is
always in good agreement with similar studies by Lin et al. that had
quantified good simulation under fixed ambient temperature by the
arbitrary threshold of 20mV [59]. In addition, Andre et al. [82] used
the same value as mean error and Benger et al. [78] for the standard de-
viation. Due to the observed simulation error behaviour, further model
improvement has to focus on the capability to emulate high dynamic
loads. The choice of the static EIS measurement as characterisation
method might have to be reviewed in this context since it cannot
describe the cell processes outside linear load situations. However,
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Table 3
Simulation quality indicator per test setup for electrical and thermal cell modelling.

Parameter Test setup

I II III

RMSEU/ V 3.18 × 10−2 2.19 × 10−2 3.82 × 10−2

𝛥𝑈𝑚𝑎𝑥 / V 2.33 × 10−1 1.94 × 10−1 2.44 × 10−1

RMSET/ ◦C 0.51 1.08 2.63
𝛥𝑇𝑚𝑎𝑥 / ◦C 4.19 2.56 4.31

I Climatic chamber; II Uniform heating; III Local heating.

ormer research has shown that EIS measurement on low resistant
utomotive cells is robust for relative high amplitudes up to 1C [83].
n addition, since the WLTP mean relative power demand is 0.116 for

most of the test period the chosen method is justified. By addition
of a dynamic characterisation e.g. by a discharge impulse method for
estimating the internal resistance and current weighted averaging the
downside of the simplified model approach might be optimised.

The estimated cell temperature is also close to the measured temper-
ature, resulting in the RMSE of 0.51 ◦C. Nevertheless, a more significant
difference is visible especially during the mean and high current section
of the test load. Both temperature and temperature gradient were
overestimated, which results in the overshoot shown. The heat dis-
sipation behaviour shows similar problems underestimating the cell
temperature at the second cycle. As a result, the maximum deviation
as summarised in Table 3 is more distinct. Comparing the results of the
tests with fluctuating surrounding temperature to the reference setup,
the RMSE is significantly greater but in a similar range. Furthermore,
for uniform heating the maximum error is even smaller than the
reference assembly with fixed ambient temperature.

Following this observation and the electrical findings, the impact
on the final result based on the test environment can be assumed to
be negligible. In addition, the results are in good agreement with the
range achieved by Lin et al. [59] of 0.2 ◦C to 0.92 ◦C. Thus, the model
accuracy was assessed to be sufficient for the desired fault detection
and a robust behaviour was identified with variation of the test setup.

3.3. Fault detection

The results of both abuse tests are presented in Fig. 7, where
uniform heating is found on the left while local heating is found on
the right hand side. In accordance to the previous figure, the voltage
response to the test load is presented for both simulated and measured
cells as well as the absolute simulation error. The established thresholds
for assessing the current cell state as mentioned in Section 2 are
indicated by dashed horizontal lines in the corresponding error graph.
When the curve surpasses these thresholds this is further indicated by a
colour change. In addition, the assessed cell state is represented by the
binary conditions OK and Fault on the secondary axis. The temperature
measurement of cell and heater are presented at the bottom on separate
scales, together with the simulated cell temperature which expresses
the normal operation. The start of the abuse test during dynamic load
is indicated by the dotted line and the detection duration is shown as
well as the time between detecting a possible fault and start of thermal
runaway. The latter was assumed, when the test stand triggered an
isolation fault, thus an internal short was present. For additional infor-
mation, cell and heater temperature at the moment of fault detection
are labelled.

The significant deviation of the simulated cell temperature before
local heating was caused by rapidly decreasing outside temperatures
during the experiment which results in uneven cooling of the test rig.
Thus, the reference environment sensor showed lower temperatures
than the effective surrounding temperature of the cell leading to an
overestimation of dissipated heat by the model.

Before abuse was triggered, both cases showed similar simulation
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error behaviour as described in the section above. Especially, the
identified current-dependency is clearly visible causing the violation of
the lower detection threshold at the moment of the highest load peak
or deepest voltage drop. Since the deviation was just temporary, no
fault is detected. Then after roughly 2400 s the thermal abuse test was
started.

As seen in Fig. 7, uniform heating was performed in two major
steps until around 400 ◦C, while with the local heating setup five steps
can be detected, reaching up to 600 ◦C. The comparison shows a much
more volatile behaviour of the heat cartridges, which is likely caused
by the significantly lower thermal mass in contrast to the aluminium
heating plate. Although compared to the uniform heating the local
heater reaches significant higher temperatures, it can be seen that only
the uniformly treated cell reached thermal runaway based on the above
mentioned definition. Thus, when the heat cartridges were not able to
shift the operating point outside the cell’s stable equilibrium and no fur-
ther change in the cell state was observed, the test was terminated. The
cell was monitored for further 12 h but neither thermal runaway was
observed nor defects like increased self-discharge or heat-generation
identified.

Parallel to the increasing temperature, a correlating behaviour of
the simulation fault can be observed. This behaviour is more significant
with the right figure, indicating that higher and more concentrated
temperatures affect the simulation error more than the uniform heating.

Because of this increasing deviation between simulation and mea-
surement, the model was able to detect abnormal conditions not only
for the heating plate but also for the locally heated cell as indicated
by the cell state illustrated in Fig. 7. It can be seen, that for both
cases the detection was made within 1067 s after the thermal trigger
was initiated. At this moment the cell temperature sensor read 70 ◦C
and 25 ◦C, respectively. Since the upper operational boundary by data-
sheet is 55 ◦C a static monitoring system based on this threshold would
not have identified the thermal fault in the case of local heating. On
the other side, dependent on the chosen safety limit, for the first test
case such system might have detected the thermal trigger. Nevertheless,
in the case considered, the reference temperature sensor was mounted
at the heated cell — ideal for fast detection. This situation might be
rather unlikely for real application, since commercial battery systems
often provide only a couple of temperature sensors [16]. Considering
this aspect, the method proposed provides an useful additional fault
feature. Especially, since the achieved early-warning time before ther-
mal runaway of more than 30min is well above the GTR five minute
criteria [84, para. 7.3.12.1].

It has to be mentioned that test cases that are based on sudden
voltage drops as presented by Shang et al. and Xia et al. [23,30] with
0.487V and 2V will be detected without lag since these values are
above the chosen hard threshold of 0.37V. If the above mentioned drop
of 0.1V is used, the model will detect the simulated fault after 4min
according to the accumulative threshold.

However, also during the heating period the simulation error de-
creased sharply when the light-load phase is reached, which under-
lines the already described sensitivity of the method to the load cur-
rent amplitude. Although, the fault feature was not reset by this de-
crease, the behaviour has to be improved for even safer fault detection.
For this purpose the overall model accuracy with particular focus on
high-current situations has to be increased as discussed above.

Although the model has proven its feasibility by experiment in
context of the external heating, the transferability of the results to
realistic faults is still unknown. On one hand side, the local heated cell
which showed a more significant fault feature progression can be seen
as representation of an internal short as local concentrated heat source.
However, the heat generation was external and the transformation
of the outside heater power to an equivalent internal short circuit
resistance is unclear but necessary for assessing the hazard imposed by
the fault. On the other hand the uniform heating represents more likely
either the behaviour of a high resistance fault heating the cell over

a long period or the situation of on cell fault heating up an adjacent



Journal of Power Sources 490 (2021) 229572J. Klink et al.
Fig. 7. Measured and simulated (Indices meas, sim) electrical/thermal cell behaviour during fault induction by uniform (left) and local (right) heating element (𝑇ℎ𝑒𝑎𝑡𝑒𝑟).
one by conduction known as thermal propagation. Similar as before
the equivalent fault situation of the chosen heater setup has to be
investigated but the transformation of abuse tests to equivalent faults
would have gone beyond the scope of this paper.

4. Conclusion

The behaviour of a lithium-ion cell under dynamic load was sim-
ulated using a computationally simple second order electrical and
first order thermal model. The accuracy was sufficient, proving the
commonly stated ability of such equivalent circuit models but also
leaving further improvement potential as discussed briefly. Neverthe-
less, the achieved simulation quality was precise enough to identify the
presence of a thermally induced abuse within a short time period of less
than 18min in both investigated cases of uniform and locally heating.
Furthermore, the detection was significantly before the cell had reached
the start of thermal runaway 32min later. Due to the non-standardised
test cases the achieved result cannot compared well-founded with other
studies that hat used significant different trigger mechanisms and cells.
By also using a thermal fault, Feng et al. [40] achieved a comparable
detection 30min before thermal runaway. Thus, in contrast to some of
the methods mentioned in the introduction, an externally induced fault
was detected without essential additional hardware cost due to further
sensors or computationally difficult operations like online parameter
estimation. Furthermore, this method does not rely on specific cell
faults - instead, every possible cell fault is reduced to an implausible
temperature increase considering the actual load and environmental
temperature.

In addition, further use of the model states for an additional thermal
plausibility threshold was discussed.

Obviously, this is a proof of concept since a variety of further ques-
tions have to be answered. First of all the influence of cell chemistry
8

as well as feasibility to cell modules should be investigated further.
However, as indicated in the introductory Fig. 1 the fundamental fault
feature of a temperature dependent impedance decrease can be ob-
served at different capacity, cell type and chemistry. Thus the method
presented should be applicable in similar kind. Furthermore, the in-
teraction with long-term stable SOC estimation, for ageing adjusted
parameter models and cell balancing activities is still uncertain. Thus,
as next step the model will be extended and tested against a small scale
battery module.

In addition, the presented work underlines the general need for stan-
dardised comparable test cases for proper validation of fault detection
approaches.
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