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Abstract: Lithium-ion batteries are key elements in the development of electrical energy storage solutions.
However, due to cycling, environmental and operating conditions, battery capacity tends to degrade over time.
Capacity fade is a common indicator of battery state of health (SOH) because it is an indication of how capacity
has been degraded. However, battery capacity cannot be measured directly, so there is an urgent need to
develop methods for estimating battery capacity in real time. By analyzing the historical data of a battery in
detail, it is possible to predict the future state of the battery and forecast its remaining useful life. This paper
develops a real-time, simple and fast method to estimate the cycle capacity of a battery during the charge cycle
using only data from a short period of each charge cycle. This proposal is attractive because it does not require
data from the entire charge period, since batteries are rarely charged from zero to full. The proposed method
allows simultaneous and accurate real-time prediction of the health and remaining useful life of the battery
over its lifetime. The accuracy of the proposed method has been tested using experimental data from several
lithium-ion batteries with different cathode chemistries under various test conditions.
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1. Introduction

Lithium-ion (Li-ion) batteries are the cornerstone in the development of electrical energy storage
solutions. Today, Li-ion batteries offer high specific energy, high efficiency (> 95%), long cycle life,
up to thousands of charge/discharge cycles [1], and low self-discharge rate [2,3]. Several cathode
chemistries coexist, including lithium manganese oxide (LMO) batteries (up to 1500 cycles and 140
Wh/kg), lithium iron phosphate (LFP) batteries (up to 2000 cycles and 140 Wh/kg), nickel manganese
cobalt oxide (NMC) batteries (up to 2000 cycles and 240 W/kg) and lithium nickel cobalt aluminum
oxide (NCA) batteries (up to 1500 cycles and 250 Wh/kg). Recently, NMC cells have reported energy
densities exceeding 300 Wh/kg [4].

As aresult, Li-ion batteries are widely used in a variety of applications, including transportation
systems, electronics and grid storage, among others [5]. Battery degradation is complex phenomenon
that depends on thermal, mechanical and electrochemical processes, whose behaviors depend on
battery chemistry, cell design, operating conditions and use patterns [6,7]. As a result, extending
battery life is a complex and challenging research topic that has a significant potential impact on the
reliability and performance of battery-powered systems. Battery life extension strategies are receiving
increased attention [8], as extended battery life can reduce operating costs and environmental impact,
while enabling more sustainable operation of battery systems [9,10].

To ensure their optimal use, extend their life, improve the maintenance schedules of the battery-
powered equipment [11], and minimize the environmental impact associated with battery disposal,
accurate state of health (SOH) estimation and prediction is critical. SOH is a key indicator for
awareness of battery condition and for battery derating control [7]. In [12] the SOH is defined as the
ratio between Qumax/Qrated, where Quax is the maximum charge the battery can hold at the present time
and Qe is the nominal or rated charge.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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New cells can typically withstand higher load currents, but as they age, the same current can
cause accelerated degradation. At the beginning of its life, a battery can be charged at a certain current
rate without problems, but as it ages, an increase in internal resistance, loss of active material, or other
phenomena can lead to undesirable effects such as lithium plating at the same charge current [13].
As a result, it is necessary to determine the SOH and RUL of the battery as it ages. This allows
preventive and operational actions to be planned.

The rated capacity of a battery, usually specified by the manufacturer, is defined as the amount
of charge that a fully charged battery can deliver under specified load and temperature conditions
[14]. However, due to cycling, operating and environmental conditions, the capacity of the battery
will differ from the rated capacity due to battery fade resulting from battery use. For example, high
discharge rates tend to increase the energy loss and internal resistance of a battery, resulting in
reduced cycle capacity. Therefore, the cycle capacity is an indicator of the amount of charge the
battery can hold, similar to the fuel gauge in internal combustion vehicles [2], so it is an accepted
indicator of the SOH of a battery. Since it cannot be directly measured, real-time methods to estimate
the cycle capacity of a battery are a must. With the widespread application of renewable energy
sources and electric vehicles, researchers have paid much attention to the development of accurate
battery capacity and remaining useful life (RUL) models [15].

Several methods that have been proposed to estimate battery capacity, which can be roughly
classified as direct and indirect methods, while the latter ones can be subclassified as analysis-based
methods, state of charge (SOC)-based methods and data-driven methods [15].

The simplest method, known as Coulomb counting, is based on the accumulation of the charge
over its cycling period [16]. This direct method requires a full charge or discharge of the battery under
specific conditions described in various IEC [17], ISO [18] and IEEE [19] standards, since a direct
measurement cannot predict the battery capacity in real applications when the battery is partially
charged or discharged [15]. Another direct method is based on measuring the internal resistance of
the battery, which can be measured by applying a current pulse to the battery, as this allows the
capacity of the battery to be estimated [20].

Indirect methods require sensors to measure current, voltage, and temperature and use these
variables to estimate capacitance. Analysis-based methods include electrochemical impedance
spectroscopy, differential voltage, incremental curve, differential thermal curve, and mechanical
stress, among others. SOC-based methods can be divided into indirect estimation and observer-based
methods. While indirect SOC-based methods often estimate battery capacity using the change in SOC
determined by applying the Coulomb counting method over a period, observer-based SOC methods
estimate battery capacity directly using an observer based on an equivalent circuit of the battery.
Finally, data-driven methods use mathematical tools such as neural networks, support vector
machines, Bayesian learning, or deep learning, among others, to analyze large amounts of data to
estimate battery capacity without the need to pre-specify a particular battery model [15].

This paper proposes a real-time, simple and fast method to determine the cycle capacity or
maximum charge that the battery can currently hold for any SOH during the battery charge cycle
using voltage and current measurements during a short interval of the charge cycle. This approach
is attractive because the charge cycle is controlled by the battery management system (BMS)
according to a known strategy (constant current followed by a constant voltage stage), and the
proposed approach does not require data from the entire charge period, as batteries are rarely
charged from zero to full charge. The proposed approach requires only a small amount of data from
each charge cycle, balancing accuracy, efficiency, and low computational burden, while allowing the
current battery SOH to be known without the need for extensive and resource-intensive
measurements.

Furthermore, the proposed approach is used to predict the RUL of the battery in conjunction
with other state-of-the-art predictive techniques, such as recurrent neural networks (RNNs) [21,22].
RNNss are a deep learning approach for modelling sequential data, which are particularly well-suited
for capturing the temporal dependencies of data sets, and making them effective for modeling the
dynamic evolution of battery SOH over time.
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The proposed strategy allows simultaneous and real-time accurate prediction of SOH and RUL
over battery lifetime. This approach not only provides a real-time assessment of battery health, but
also offers a forward-looking perspective that aids in the predictive maintenance and management
of battery systems, which can be particularly useful in applications where reliability and longevity
are critical factors.

The remainder of the paper is organized as follows. Section 2 describes the methodology
proposed in this paper to determine the SOH and RUL of the analyzed batteries. Section 3 describes
the battery data set used in this paper. Section 4 presents and discusses the experimental results, and
finally, Section 5 concludes this paper.

2. Methodology

Capacity, in the context of batteries, refers to the maximum amount of electric charge a battery
can store. Capacity is a critical parameter that evolves over time and directly affects a battery's energy
storage capability and service life, making it an indicator to quantify battery degradation.

The capacity is typically measured in ampere-hours [Ah] and represents the total charge a
battery can deliver under specific load and temperature conditions. It can be defined as [23],

C= f "i(dt  [Ah] 1)

The capacity fade after n charge/discharge cycles ACx is a key indicator of battery degradation.
It is defined as the reduction in available battery capacity (cycle capacity) over time and is expressed
as the difference between the initial or reference capacity of a fresh battery C (reference capacity)
and the remaining capacity at cycle n, C" as,

AC"=C" —C" [Ah] ()

Monitoring capacity changes provides valuable insight of the mechanisms affecting the
electrodes and electrolyte and the RUL of the cell. The evolution of the capacity can then be used as
input to forecasting techniques such as LR and RNN.

In this paper, the state of charge of a battery at a given time SOC(t), is defined as the ratio
between the remaining charge in the battery at a given time, Qrenaining (t), expressed in Coulombs[C],
and the reference charge of a fresh battery (usually given by the cell manufacturer), Q¢ [24], as
follows,

0" (f)
soco="0 :
0" (1)

The current state of charge, SOC(t), is determined by using the Coulomb counting method. It
integrates the instantaneous value of the cell current i(t) over time during the period being analyzed.
SOC(t) can be determined if the initial state of charge So at the initial time fo is known such that,

SOC(t) = SOC, — ch f :i(t)dt [-] @)

Note that during the charge period i(t) is a positive value, while during the discharge period i(t)
is a negative value, and (4) requires the initial value SOCo. There are many methods to estimate this
value, but in this paper we use the ModelGauge m5 EZ algorithm from Maxim Integrated [25].

This paper uses the following nomenclature for the capacity. Rated capacity is the capacity
specified by the manufacturer. Reference capacity is the capacity of the battery at the initial or
reference cycle. Cycle capacity is the capacity of the battery at each cycle, which differs from the
reference capacity due to battery aging. The estimated cycle capacity is the capacity calculated using
the GLR-Nernst approach explained in Section 2.2. Since the estimated capacity contains noise, the
denoised version is called denoised estimated cycle capacity. Finally, the forecasted cycle capacity
corresponds to the future values of the cycle capacity predicted by the forecasting methods described
in Section 2.5.

The proposed methodology to determine the SOH and RUL of the battery is divided into two
phases. In the first phase, a portion of the charge cycle, typically 20%, is used to estimate the current
cycle capacity of the battery. In the second phase, state-of-the-art regression techniques are applied
to predict the RUL, i.e., the progression of battery aging over time.

doi:10.20944/preprints202312.0384.v1
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Phase 1, forecasts the voltage-SOC curve of a generic charge cycle using measured data and
estimates the cycle capacity of the battery through three sequential steps as follows,

1.1 Reference charge cycle characterization. Several (SOC(t), v(t)) data points of the voltage —SOC
curve of the battery are acquired together with the input charge in the constant voltage (CV)
stage of the reference charge cycle, i.e., when the battery is brand new. The initial or reference
cycle determines the reference capacity of the battery.

1.2 Nernst equation fitting and forecast. During the constant current (CC) stage of a generic charge
cycle over the lifetime of the battery, a few data points (SOC(t), v(t)) corresponding to a portion
of the generic charge cycle are used to fit the Nernst equation and forecast the behavior of the
voltage —SOC curve during the remaining charge period.

1.3 Capacity estimation. The total charge that the battery can hold in a given cycle (cycle capacity)
is estimated based on the forecasted charge cycle and the reference cycle data.

Phase 2 models and forecasts the battery aging behavior by estimating the capacity fade of future
cycles. It includes the following steps,

2.1 Capacity denoising and preprocessing. To improve the accuracy of the forecasting techniques in
future steps, the time-series data of the calculated cycle capacity are denoised using a discrete
wavelet filter. In this step, various algorithms are applied to preprocess the input data of the
forecast models.

2.2 Aging behavior forecast. Using the processed data from the previous steps as input, a linear
regression (LR), a long short-term memory neural network (LSTM-RNN), and a gated recurrent
unit neural network (GRU-RNN) are used to predict the aging behavior and RUL of the battery.

The steps described above are summarized in Figure 1.

1.1 Reference charge cycle
Phase 1 characterization
Charge
cycle
forecast
and
capacity
estimation

1.2 Nernst equation fitting and
forecast

Voltage (V]

o 3
s0C (-]

1.3 Capacity estimation

Phase 2 2.1 Capacity denoising and Battery aging

reprocessin .
Battery —— 2 o
aging >

modelling
and
forecasting

[N

Capacity [Ah]

2.2 Aging behavior forecast:
LR, GRU and LSTM - “ cyce” - N

Figure 1. Flowchart summarizing the steps involved in Phase 1 and Phase 2 of the proposed approach
for estimating the cycle capacity (SOH) and forecasting the RUL.

2.1. Phase 1.1. Reference charge cycle characterization

The reference cycle (Cycle 1) provides relevant information for future calculations, as the
reference capacity of the battery C¢f and the charge accumulated by the battery during the CV stage

of the charge cycle, O/ . ..., - Note that the value of Q. . . remains almost constant

throughout all charge cycles, regardless of the state of the battery, as shown in Section 4 (see Figure
5 and Table 2). A full discharge and a full charge are suggested to properly measure and characterize
the initial or reference voltage-SOC profile of the battery.
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The reference capacity C'% of the fresh battery is calculated from the data of the initial or reference
cycle as,
tond.CC o lnd cV . ... lena,cC ;o
= [f " oo Wf] +[f i <t>dr] = [ [ i <t>dr] + Qi e ()
Linital cC cc Lintial CV oy Liitial CC cc R
where CC and CV refer to the constant current and constant voltage stages of the charge cycle,

respectively.
Figure 2 shows the reference cycle and the different parameters in (5).

tena .initial
([ sstcorae)
t

ref
initial cc Qcharge_cycle,CV
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Figure 2. Characterization of the reference cycle (Cycle 1).

2.2. Phase 1.2. Nernst equation fitting and forecast.

In this work the Nernst equation is used as a fitting tool to approximate the charge cycle using
partial data from a given cycle. Assuming that the SOC is known, the cell voltage can be determined
from the Nernst equation [26,27] as,

v (t) = E, — R"i" (t) + pt, In[SOC(¢)] + p, In[1 - SOC(1)] (6)
where v7(t) and i(t) are the instantaneous values of the cell voltage and current at cycle n, Eo is the
standard cell potential, R is the internal resistance of the cell calculated at each cycle, and p1 and 2
are constant parameters. Figure 3 shows the profile of the Nernst equation.

4.00 4

3.759

Voltage [V]
I N w w w
wu ~ o N w
o (9] o w o

N
]
wn

0.0 0.2 0.4 0.6 08 1.0
SOC [-]

Figure 3. Voltage-SOC curve derived from the Nernst equation.

Since the current is a constant value during the CC stage of the charge cycle, (6) can be rewritten
for fitting purposes as (7), which depends only on three unknowns 4, b, and c as,
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y(t) = a-+bFRLx(1)]+ FR[1 — x(1)] @)
where x(t) corresponds to SOC(t) and y(t) to v"(t).The generalized least squares (GLS) method [28] is
used to determine the values of unknowns 4, b, and c from experimental data using equation (6).

2.3. Phase 1.3. Capacity estimation

This paper assumes that the charge cycle consists of a constant current (CC) stage followed by a
constant voltage (CV) stage because this is probably the most applied charge strategy [29]. The input
charge during the CV stage in any charge cycle is assumed to be the same as that measured in the
reference cycle because, as discussed with more detail in Section 4 (see Figure 5 and Table 2), this
value remains relatively constant over the life of the battery.

According to the proposed method, the cycle capacity at any time of the battery life can be
estimated with only a few points (about 20% of the entire charge cycle) taken during the interval
(iniknown, tend jnown) Of the voltage — SOC curve of the charge cycle, as shown in Figure 4. In this interval,
the GLS method uses the Nernst equation to estimate the three unknowns 4, b, and c. Once the fitted
curve is obtained, it is used to forecast the remaining data points to the ending point of the CC stage
of the charge cycle, as shown in Figure 4.

The estimated cycle capacity at cycle n can be calculated as,

Lend Jmown tend, forecast .

n __ n (C ’ n - -n ref

¢ = SOCknown,O ~rated + \/: lknown t)dt + [ llmown (t)dt + Qchargeicycle,c |4 (8)
ini known ini, forecast

where 7 stands for the n-th charge cycle, C7 is the estimated cycle capacity at cycle n (it is an indicator
of the SOH of the battery), SOC},,, ,is the SOC value at the first point of measure in cycle 1, tinikown

and fewdmown establish the time interval where the measured values of the voltage — SOC curve are
taken during the CC stage, tiniforecsst and tenaforecast define the time forecast interval of the voltage — SOC

curve, and Q7 . .. is the total input charge during the CV stage of the reference cycle.

] 1] I
4.2 ! W
: n |
—p
soc}: * Crated | ot
known ,0 ~ -rated : ! Qcharge _cycle ,CV
4.0 1 1 t
i i
I i
| ]
p— | I
> ! 1
L 3.8. .................................................................. 1' ...............................................
(] 1 1
()} 1 |
© 1 |
= 1 |
o) 1 |
] I
> 361 : o tena forecast |
! Eini known i ~ !
i i |
3.4 1 — Actual : ” :
—— Measured : tend,kmw: : Real capacity: 2.38 Ah
—— Forecasted : i ! Estimated capacity: 2.43 Ah
T L T L T - T
0.0 0.2 0.4 0.6 0.8 1.0

SOC [-]
Figure 4. SOC estimation from partial charge cycle data during the CV stage starting at 3.8 V.

Note that as shown in Figure 4, this paper has arbitrarily chosen 3.8 V as the starting point finiknown,
while tend jnown corresponds to the time at which the SOC has increased by 0.2 from tininown, and thus,

SOC(tend jmown) = SOC(tiniknown) + 0.2 )
Note that during the CC phase, there is a proportional relationship between the time and the
SOC.
From (9) it can be deduced that only about 20% of the points of the charge cycle are necessary
for the prediction of the estimated cycle capacity C at cycle n. It is also noted that tiuiforecast = tend known +
At, where At is the time step considered and fend orecast corresponds to the time when the battery voltage
reaches 4.2 V, i.e. the starting point of the CV stage.
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2.4. Phase 2.1. Capacity denoising and preprocessing

The evolution over lifetime of the estimated cycle capacity C" at each cycle n contains high
frequency noise components due to the test conditions, the experimental measurements, the
nonlinear behavior of the battery, and even the GLS fitting procedure, so a noise reduction stage is
required. Although other filtering approaches are possible [30], a four-stage discrete wavelet
transform (DWT) using a discrete Meyer mother wavelet is applied in this paper because it is well
suited for signal denoising in forecasting applications [31]. This method decomposes the signals into
different frequency components, allowing the noise they contain to be selectively eliminated, thereby
improving the accuracy and reliability of predictive models.

This step also includes several sequential steps applied to the data of the denoised estimated
cycle capacity, such as detrending, normalization and formatting [32] in order to improve the
performance of the RUL forecasting methods.

2.5. Phase 2.2. Aging behavior forecast

In this paper the capacity of future cycles is estimated using three methods, namely a linear
regression (LR), a long short-term memory recurrent neural network (LSTM-RNN) and a gated
recurrent unit recurrent neural network (GRU-RNN) are used to predict the aging behavior and RUL
of the battery.

Linear regression, one of the most basic techniques in statistical modeling and machine learning
[33], serves as a fundamental tool for modeling the relationship between a dependent variable and
one or more independent variables by identifying the linear relationship that best represents the
underlying pattern in the data. Its simplicity, interpretability, and computational efficiency make it
particularly suitable for tasks where the underlying relationship between variables can be
approximated by a linear model

LSTM neural network, proposed by Hochreiter and Schmidhuber in 1997 [34], is structured with
three gating mechanisms, i.e. input, forget, and output gates. These gates allow LSTMs to retain or
discard information over time, facilitating the learning of long-term dependencies in sequential data.
The inherent ability of LSTMs to capture and store information over extended sequences has been
particularly effective in time series prediction.

Gated recurrent units (GRUs), introduced by Cho et al. in 2014 [35], represent a simplified
variant of LSTMs with a reduced number of gates. The absence of a separate memory cell in GRUs
results in computational efficiency and faster convergence during training. Despite their structural
simplicity, GRUs show commendable effectiveness in modeling temporal dependencies, making
them an attractive choice for scenarios with limited computational resources or data sets.

It should be noted that all models, data processing and forecasting performed in this article are
done using Python 3.10.9, a high-level general-purpose open-source programming language. All the
modules used, such as NumPy, Pandas, SciPy, and Scikit-learn, which are required for the
computation of the results, are also open-source and public.

3. Data description

The data of the cells studied in this paper was acquired and published by Sandia National
Laboratories (SNL) [36] through the open-access web platform BatteryArchive.org [37]. The data set
includes data from several commercially available 18650 cells of different chemistries under different
test conditions.

Table 1 summarizes the analyzed cell characteristics and cycling conditions.
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Table 1. Technical specifications of the Sandia National Laboratories database batteries studied in
the paper and their test conditions.

Cathode chemistry NCA NMC
Manufacturer Panasonic LG Chem
Manufacturer PN NCR18650B 18650HG2
Battery type 18650 18650
Nominal capacity [Ah] 32 3
Nominal voltage [V] 3.6 3.6
Voltage Range [V] 25t04.2 2to4.2
Max Discharge Current [A] 6 20
Temperature range [°C] 0to 45 -5t0 50
Charge C-rate 0.5C 0.5C
Discharge C-rate 0.5C/1C/2C 0.5C/1C/2C
Test temperature [°C] 15°C/25°C/35°C 15°C/25°C/35°C
Depth of discharge 0% to 100% 0% to 100%

As shown in Table 1, this study focuses on two cathode chemistries (NCA and NMC) cycled at
different C-rates (0.5C during the charge cycle and different C-rates during the discharge cycle, i.e.
0.5C/1C/2C) and operated at different constant temperatures (15°C, 25°C and 35°C). The behavior of
a total of 39 cells is studied in this paper.

The tests were performed using Arbin Instruments SCTS & Arbin high-precision battery tester
(LBT21084, Arbin Instruments, College Station, TX, USA) for cycling and a thermal test chamber
(T10C-1.5 SPX, Tenney, New Columbia, PA, USA) for temperature control.

4. Experimental results

This section describes the results obtained with two cathode chemistries (NCA and NMC) of Li-
ion batteries by the method described in Section 2. Note that all experimental results related to battery
cycling were obtained from the Sandia National Laboratories (SNL) battery database [36] through the
open-access web platform Battery Archive.org [37].

As explained in Section 2.1, the value of Q calculated along the CV stage of the

charge _cycle,CV 7
reference charge cycle, remains almost constant throughout all the charge cycles, regardless of the
battery cycle analyzed. Figure 5 and Table 2 confirm this statement.

Q.51 -

—— Input charge in CV phase

o o o
O e
© © o
A . .

Charge [Ah]
o
]

0.46 1
0.45 1
0.44 | Max input charge: 0.51 Ah
beeeecplian oo ol e b cons s a0 L Mindinputicharge: 043.AD,.
.43+ . ‘ ] ] ! ‘ !
0 100 200 300 400 500 600 700

Cycle

Figure 5. Amount of charge accumulated in the battery during the CV stage of the charge cycle,

n

O'harce_eete,cv - This data corresponds to an NCA type battery cycled at 15°C and 0.5C /2C.
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The results presented in Figure 5 clearly show that despite some small fluctuations, the amount
of charge accumulated in the battery during the CV stage of the n-th charge cycle,

Q:hargeicycle,CV 7
corresponding to the plateau region of Figures 2 and 4, remains almost constant throughout all the
charge cycles, regardless of the battery cycle analyzed.

Table 2 summarizes the average maximum differences between the reference cycle and all cycles
over the life of the batteries for the different cathode chemistries of parameter Q... ue.cr -
Table 2. Accumulated charge during the CV stage of the charge cycle over the life of the batteries.
Average maximum differences for the 39 analyzed batteries of NCA and NMC cathode chemistries
between the reference cycle and all cycles over the life of the batteries.

Tambient 15 °C 25 °C 35 °C
Cathode NCA NMC NCA NMC NCA NMC
C-rate 1 2 1 2 05 1 2 05 1 2 1 2 1 2

Average max. difference [Ah] 0.08 0.10 0.04 0.03 0.05 0.06 0.08 0.21 0.14 0.09 0.09 0.09 0.07 0.07
Average max. difference [%]* 2.73 3.41 1.46 1.08 0.44 2.03 2.62 7.14 4.63 3.06 2.50 2.80 2.38 2.38
* Percentage of the average maximum difference referred to the reference capacity

The results summarized in Table 2 show the small percentage differences between Q... ...cr

corresponding to the n-the generic cycle and that of the reference cycle 977 . . ..cv -
Figure 6 shows the evolution of the cycle capacity calculated from the Coulomb count (reference
method) using all available experimental data over the life of the battery, the cycle capacity estimated

by the GLS-Nernst approach over the life of the battery, and the denoised estimated cycle capacity.

32 1 + —— Actual capacity
— Estimated capacity
3.0 | | —— Denoised estimation

Capacity [Ah]
5

0 100 200 3{50 400 500
Cycle

Figure 6. Evolution of the cycle capacity over the lifetime of the battery; obtained by Coulomb
counting, the estimation using the GLS-Nernst approach and its denoised version obtained by
applying the DWT filtering method. These data correspond to an NCA type battery cycled at 35°C
and 0.5C during the charge cycle and 1C during the discharge cycle.

The results presented in Figure 6 show a great similarity between the values obtained for the
cycle capacity using the Coulomb counting method and those obtained with the GLS-Nernst
estimation method, which is a confirmation of the usefulness and accuracy of the proposed approach.

The mean absolute percentage error between two time series is defined as,

100 &
MAPE_72;| c

cycle _CC.,i

CcycleiCC,i - Cestimated,i |

| (10)

where Ceye_cci is the cycle capacity at cycle i obtained by Coulomb counting, Cestinatedi is the value
obtained by denoising the GLS-Nernst estimate at the same cycle, and m is the number of samples.
The root mean square error is defined as,
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1
RMSE = \/Z CcycleiCC,i - Cestimated,i )2 (11)

Table 3 summarizes the average error values (RMSE and MAPE) for the 39 batteries analyzed
with NCA and NMC cathode chemistries, calculated between the cycle capacity of the batteries over
the full life cycle and the denoised GLS-Nernst estimation of the capacity.

Table 3. Average RMSE and MAPE errors between the Coulomb counting cycle capacity and the
denoised estimated cycle capacity calculated for the 39 batteries analyzed over their full lifetime.

Tambient 15 °C 25°C 35°C
Cathode NCA NMC NCA NMC NCA NMC

C-rate 1 2 1 2 0.5 1 2 0.5 1 2 1 2 1 2
RMSE 0.06 011 0.07 0.04 0.04 0.06 0.10 018 021 022 009 012 017 0.21
MAPE 223 408 181 140 134 175 277 626 723 905 218 386 6.69 8.23

Results summarized in Table 3 show that the mean absolute percentage error of the estimated
capacity of the analyzed batteries using the proposed GLS-Nernst approach is between 1.34% and
9.05%, being an acceptable value that validates the method proposed in this work.

Regarding RUL prediction results, Figure 7 shows the forecasted cycle capacities using the LR,
LSTM-RNN and GRU-RNN methods at cycles corresponding to 6%, 15% and 24% of capacity fade
with respect to the initial or reference capacity.

3.25
= 3.00
S‘ 2.75
é‘ 2.50
] Cycles at
© 225
o 2.00 i
M 2. =
() capacity fade

iy e s >

3.25
—
C 3.00 —— Original Data
,<_(, 2.75 — Denoised Data
> —— Forecast: LR
+= 250 —— Forecast: LSTM-RNN
% 225 CVCIeS at —— Forecast: GRU-RNN
aQ 15%
© 2.00 -
O capacity fade

I PP L PR SRt e

3.25
—
= 3.00
< 2.75
4? 2.50
= Cycles at
© 2.
aQ 24%

2.00 =
8 capacity fade

L7 T S T T T s e e e e e eSS =

0 100 200 300 400 500
Cycle

Figure 7. Forecasted cycle capacities using the LR, LSTM-RNN and GRU-RNN methods at cycles
corresponding to 6%, 15% and 24% of capacity fade with respect to the reference capacity. These data
correspond to an NCA type battery cycled at 35°C and 0.5C during the charge cycle and 1C during
the discharge cycle.

Table 4 summarizes the average error values (RMSE and MAPE) for the 39 batteries analyzed
with NCA and NMC cathode chemistries, calculated between the Coulomb counting cycle capacity
of the batteries and the denoised CNC-LR forecasted cycle capacity over the remaining life cycle
calculated at cycles corresponding to 6%, 15% and 24% of capacity fade with respect to the reference
capacity (see Figure 7).
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Table 4. Average RMSE and MAPE errors between the Coulomb counting cycle capacity and the

forecasted cycle capacity calculated at cycles corresponding to 6%, 15% and 24% of capacity fade

with respect to the reference capacity. Errors averaged for the 39 batteries analyzed over their full
lifetime.

Forecast errors calculated at the cycle corresponding to 6% capacity fade

TAmb 15 °C 25 °C 35°C

Cathode NCA NMC NCA NMC NCA NMC

Crate 1 2 1 2 051 2 05 1 2 1 2 1 2 Average

RMSE 0.09 0.13 0.19 0.19 0.170.13 0.14 0.16 0.26 0.24 0.23 0.20 0.22 0.28 0.19

MAPE 3.54 5.14 9.68 9.41 6.104.77 551 6.57 10.5010.557.75 7.71 9.29 11.49 7.72

RMSE 0.48 0.80 0.29 0.27 0.050.28 0.38 0.75 0.40 0.30 0.15 0.31 0.34 0.15 0.35
GRU MAPE 19.2040.4713.6110.481.599.7015.66 28.82 15.6010.634.6511.1512.30 5.60  14.25

RMSE 0.08 0.15 0.17 0.11 0.100.08 0.11 0.14 0.24 0.24 0.16 0.16 0.20 0.27 0.16
LST™M MAPE 3.09 5.66 8.63 5.28 3.402.83 3.27 5.87 9.68 10.574.92 5.59 8.18 11.11  6.29

Forecast errors calculated at the cycle corresponding to 15% capacity fade

Tamb 15 °C 25 °C 35 °C

Cathode NCA NMC NCA NMC NCA NMC

C-rate 1 2 1 2 051 2 05 1 2 1 2 1 2 Average

RMSE 0.05 0.12 0.05 0.03 0.060.06 0.12 0.15 0.19 0.2 0.14 0.15 0.17 0.21 0.12

MAPE 1.7 3.84 216 1.54 2.492.03 3.79 6.21 7.34 893 4.33 5.74 7.18 8.35 4.69
GRU RMSE 024 0.3 0.28 0.32 0.1 0.21 0.12 0.18 0.12 0.33 0.15 0.41 0.14 0.1 0.21

MAPE 10.3813.9514.8515.253.828.03 4.05 7.43 4.8 14.164.8917.67 5.26 3.09 9.12
LSTM RMSE 0.04 0.15 0.06 0.02 0.030.07 0.12 0.14 0.16 0.21 0.12 0.15 0.15 0.19 0.12

MAPE 1.51 553 2.69 0.78 0.862.21 3.57 5.85 6.28 9.12 3.3 5.84 6.12 7.75 4.39

Forecast errors calculated at the cycle corresponding to 24% capacity fade

Tamb 15 °C 25°C 35°C

Cathode NCA NMC NCA NMC NCA NMC

C-rate 1 2 1 2 051 2 05 1 2 1 2 1 2 Average

RMSE 0.04 0.15 0.06 0.02 0.010.07 0.15 0.12 0.12 0.21 0.09 0.15 0.11 0.19 0.11

MAPE 1.83 5.1 3.23 0.88 0.432.67 5.71 4.86 5.16 9.28 2.8 585 4.69 7.41 4.28
GRU RMSE 0.09 0.24 0.06 0.17 0.050.13 0.13 0.13 0.08 0.2 0.1 0.21 0.09 0.17  0.13

MAPE 3.88 12.12 3.07 8.93 1.615.18 249 5.71 3.12 9.25 3.62 8.23 3.72 6.66 5.54

RMSE 0.05 0.17 0.08 0.02 0.020.06 0.15 0.12 0.11 0.22 0.08 0.17 0.12 0.2 0.11

LSTM
MAPE 2.04 648 4.64 0.78 0.632.34 4.62 524 479 99 241747 487 7.76 4.57

The results presented in Table 4 show that, as expected, the forecast errors for the three
forecasting methods tend to decrease as more historical data (number of cycles) is available.
However, there are some differences between the three forecasting methods. While LSTM clearly
outperforms the other methods when there is little data available, this difference tends to decrease as
the amount of data available increases.

5. Conclusions

Today, lithium-ion batteries are key elements in energy storage systems deployed around the
world. However, due to their continuous use, cycling, load and environmental conditions, the battery
capacity, an indicator of the battery SOH, degrades over time. This paper has addressed this issue by
proposing a method to estimate the cycle capacity of the battery and its remaining lifetime. Since the
battery capacity cannot be measured directly, this paper has developed a real-time method to
estimate the battery cycle capacity using data from a short period of each charge cycle using a GLS-

doi:10.20944/preprints202312.0384.v1
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Nernst approach. By analyzing the historical capacity data of a battery, this paper has also developed
a method to predict its RUL in real time based on three prediction methods such as LR, LSTM-RNN
and GRU-RNN. Both approaches for estimating the cycle capacity of the battery and predicting the
RUL have been tested using experimental data of 39 Li-ion batteries of two cathode chemistries
operating under different test conditions. The results presented in this paper show the accuracy of
both approaches and quantify the average errors, which are in all cases low enough to validate this
proposal.

The proposed approach allows to assess the battery state of health in real time and also offers a
forward-looking perspective to determine the RUL of the battery without the need of data of a full
charge cycle (from 0% SOC to 100% SOC), but using only 20% of the full charge cycle starting from
any voltage above 3.8 V. These developments have potential implications for the application of
predictive maintenance and management strategies of battery systems, allowing to extend the battery
lifetime, which is particularly important in applications where high reliability and longevity are
critical factors.
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