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Data-Driven Cycle Life Prediction of Lithium Metal-Based
Rechargeable Battery Based on Discharge/Charge Capacity

and Relaxation Features

Qianli Si, Shoichi Matsuda, Youhei Yamaiji, Toshiyuki Momma, and Yoshitaka Tateyama*

Achieving precise estimates of battery cycle life is a formidable challenge due
to the nonlinear nature of battery degradation. This study explores an
approach using machine learning (ML) methods to predict the cycle life of
lithium-metal-based rechargeable batteries with high mass loading
LiNiygMn, ;Co, ; O, electrode, which exhibits more complicated and
electrochemical profile during battery operating conditions than typically
studied LiFePO,/graphite based rechargeable batteries. Extracting diverse
features from discharge, charge, and relaxation processes, the intricacies of
cell behavior without relying on specific degradation mechanisms are
navigated. The best-performing ML model, after feature selection, achieves an
R? of 0.89, showcasing the application of ML in accurately forecasting cycle
life. Feature importance analysis unveils the logarithm of the minimum value
of discharge capacity difference between 100 and 10 cycle

(Log(lmin(ADQ 140_10(V))])) as the most important feature. Despite the
inherent challenges, this model demonstrates a remarkable 6.6% test error on
unseen data, underscoring its robustness and potential for transformative
advancements in battery management systems. This study contributes to the
successful application of ML in the realm of cycle life prediction for
lithium-metal-based rechargeable batteries with practically high energy

portable electronic devices, and grid
energy because of their remarkable prop-
erties such as high energy density, low
self-discharging rate, affordability, and
prolonged lifespan.'*] Nevertheless, like
numerous other electrochemical systems,
LIBs experience unavoidable energy and
power degradation over time, leading to
diminished capacity and increased in-
ternal resistance.¥! Therefore, precisely
predicting the cycle life of LIBs can help
industries optimize battery usage, replace-
ment schedules, reducing unnecessary
replacements and associated costs. In ad-
dition, researchers can evaluate the quality
of batteries in advance which enables them
to identify potential issues and optimize
battery design.>¢]

Due to the complex degradation mecha-
nisms and non-linear degradation patterns
of LIBs, predicting their lifetime is chal-
lenging. In previous research, the strategies
for battery lifetime prediction are classi-

density design.

1. Introduction

Lithium-ion batteries (LIBs) are extensively utilized as energy
storage tools in various industries such as electric vehicles,

fied into three main groups: mechanism

methods,”®!  model-based methods,>!]

and data-driven methods.'*13]  Among

them, data-driven methods that wuse

statistical data and machine learning (ML) algorithms have re-
cently attracted great attention because of the big data era.

In recent year, there have been several reports on predicting

the cycle life of commercial LIBs which are already quite mature
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and stable.'*">] Wu et al. demonstrated the feasibility of online
remaining useful life (RUL) estimation using a feed-forward
neural network. Their study achieved an error of less than
5% in predicting the cycle life within the practical operation,
though it's based on the data of only two LIBs.'®! Severson
et al. conducted a study where they examined 124 rechargeable
batteries under fast charging conditions in an experiment. These
batteries were commercial lithium iron phosphate/graphite
cells and were maintained at a forced convection temperature of
30 °C throughout the tests. Various parameters of the discharge
process were monitored during the experiments. Through the
experimental data, combined with the ML algorithm (ElasticNet),
the cycle life of the 124 batteries was predicted successfully with
a 9.1% test error compared with the observed cycle life.'”) This
work is regarded as the pioneer of this research field since the
dataset used in this study is the largest publicly available for
nominally identical commercial LIBs that were cycled under
controlled conditions. Inspired by this, various research groups
have attempted to employ different ML models and features to
predict the cycle life of commercial LIBs.[**1%] The use of various
Dbattery cell systems and the application of different ML methods
display the effectiveness of cycle life prediction.

Lithium metal-based rechargeable battery (LMB) have at-
tracted much attention for their high specific capacity (3860
mAh/g) that allows for the lowest electrochemical potential
(—3.04 V vs the standard hydrogen electrode) and energy density,
which extends range for electric vehicles, and improved perfor-
mance in various energy-intensive applications.[2*2!] Actually, by
combining the high-capacity Ni-rich LiNi, ;Mn,, Co,;0, (NMC)
electrode, LMB with cell level energy density over 350 Wh kg~!
has been reported for realizing stable charge/discharge reaction
more than 200 cycles.[?”) However, compared to the conventional
graphite-based LIBs, LMB has lower redox potential leading to
easy reductive decomposition of electrolytes, resulting in compli-
cated degradation reaction of lithium metal electrodes. For exam-
ple, the dendritic growth of metallic lithium is widely recognized
as a crucial problem of lithium metal electrodes, where needle-
like structures form on the surface of the electrode during cycling
that can lead to short circuits and battery failure.[2"]

There have been some studies to model the aging of LMB so
far. Gao et al. devised a method for real-time detection of LMB
failure modes by monitoring changes in rest voltage and Coulom-
bic efficiency. The study also introduced an accelerated life-
time testing method to predict the maximum lifetime of LMBs
based on a dominant ultimate failure mechanism.?*] Dessantis
et al. developed a pseudo-2D aging electrochemical model for a
lithium metal-LiFePO, L battery, accurately representing its elec-
trochemical behavior across different charge rates and predicting
discharge capacity loss for multiple cycles.**l However, most of
the previous works relied on mechanistic or model-based meth-
ods, requiring significant computational resources for detailed
analysis and lacking sufficient validation. Furthermore, recent in-
tensive investigations utilizing various analytical techniques have
unveiled the formation of isolated metallic lithium during re-
peated cycling, leading to substantial volume expansion of the
lithium metal electrode.?’] Besides, internal resistance signifi-
cantly increases due to the electrolyte shortage,?°! and, in practi-
cal cell design conditions, chemical crossover reactions between
electrodes must be considered. In summary, the diverse degra-
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dation mechanisms and unique challenges posed by safety con-
cerns as well as the limited data availability of LMB highlight the
need for tailored ML-based cycle life prediction methods. The ML
approaches may offer more flexibility and mechanism-free char-
acteristics compared to traditional model-based or mechanistic
methods, making them well-suited to address the complexities
inherent in LMB aging prediction.

Under such circumstances, we addressed the construction of
an ML model for high cell-level energy density LMBs. In the
present study, 57 cells of 350 Wh/kg®! class LMB were fabricated
using high mass loaded Ni-rich NMC electrode, 48 out of the 57
cells were used to construct the ML model, the remaining nine
cells were regarded as unseen data. 35 features were generated
from raw cell data of the first 100 cycles, which were classified
into three groups: charge, relaxation, and discharge-related fea-
tures. Initially, the linear regression model ElasticNet!?”] was ap-
plied to the three feature subsets independently to predict the cy-
cle life of the cells. Regrettably, the predictive performance of the
model did not meet the desired standards. Then, the correlation
of the 35 features to the observed cycle life was systematically
studied by calculating Pearson’s correlation coefficient. 12 fea-
tures that exhibit strong or moderate correlations to the cycle life
were extracted. Based on these 12 features, combining exhaus-
tive feature selection, the prediction performance of non-linear
regression model XGBoost!?®] was analyzed. We then found that
using XGBoost and the selected feature subset which contains
six features showed the best prediction result with R?> = 0.89 and
a Root mean square error (RMSE) of 8.29. Finally, we applied our
ML model to eight unseen cells (Though nine cells were prepared
originally, 1 cell was eventually excluded because of the unstable
capacity profile). The best test error of the cycle life is 6.6%.

2. Computational Section

2.1. LMB Fabrication and Performance Test

In our project, total 57 monolayer stacked pouch-type LMB cells
(48 cells for model construction, 9 cells as unseen data) were
assembled, consisting of a positive electrode made of NMC811
(40 mm x 30 mm) with mass loading of 30 mg cm~2, a separator
(6 mm x 36 mm), and a negative electrode comprising a 50 pm
thick layer of lithium on a 10 um thick copper (Cu) current collec-
tor (42 mm x 32 mm). The details of electrolyte solution and sep-
arator used in the present study are summarized in the support-
ing information (Table S1, Supporting Information). All the cells
were fabricated inside a dry room (dew point < —50 °C) and elec-
trolyte injection was carried out inside a fume hood (dew point <
—85 °C). The details of the charge/discharge test conditions are
also described in supporting information. Charge and discharge
of the cells were carried out with Hokuto Denko HJ1001SD8 at
25 °C. All the cells were cycled at constant current in the volt-
age range 2—4.2 V. Voltage, current, and capacity of the cells were
continuously recorded during the cycling process, through this
process, we obtained the charge-discharge curves at all the cycles
as well as the discharge capacity retention curve. One complete
cycling curve of one specific cell is shown in Figure 1, which in-
cludes 3 processes 1) constant-current charging, 2) relaxation af-
ter charge, 3) constant-cCC discharging.
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Figure 1. The cycling data for one representative cell in the first cycle.
The charging phase is denoted by the yellow segment, followed by a re-
laxation period indicated in blue. Subsequently, the discharging phase is
represented by the green section.

0 8750

2.2. Feature Construction

In the present study, a total of 35 features were extracted from the
raw voltage and capacity data obtained during the entire cycling
test, encompassing charge, discharge, and voltage relaxation pro-
cesses. These features were systematically categorized into three
distinct groups: discharge-related features, charge-related fea-
tures, and relaxation-related features. While previous research
predominantly focused on features generated solely from the dis-
charge process, with minimal attention given to those derived
from voltage relaxation or charge processes, our study sought
to bridge this gap by incorporating features from all three pro-
cesses concurrently to assess the model’s performance. Here, we
not only generated features from the discharge process that have
been typically used in previous work,['’] but also calculated ca-
pacity retention of different cycles. Additionally, we introduced
novel features derived from both charge and relaxation processes
within the initial 100 cycles. This strategy aimed to determine the
relative importance of each process in predicting cycle life while
simultaneously enhancing prediction performance by selecting
features from all three processes. Furthermore, it facilitated the
selection of features from diverse processes, thereby improving
the overall predictive capabilities of the model.

2.2.1. Discharge-Related Features

Seventeen features were derived from the discharge process,
among which six features were calculated as summary statis-
tics: minimum, variance, skewness, kurtosis, mean, and the ini-
tial value of the change in discharge voltage curves between dif-
ferent cycles (ADQ (V)) extracted from the discharge capacity-
voltage curves. These curves capture the electrochemical evolu-
tion of individual cells during cycling, thereby encoding valuable
insights into cell degradation mechanisms. Summary statistics
were demonstrated to effectively elucidate the shape and posi-
tional changes of the voltage curve, offering a succinct represen-
tation of its characteristics. In the present study, we choose these
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summary statistics based on their predictive power rather than
their direct physical significance.

ADQ (V) serves as a pivotal metric, quantifying the disparity
between discharge capacity-voltage curves of two cycles. Specif-
ically, ADQ ;45_10(V) is computed as the difference between the
discharge capacities at the 100th cycle and the 10th cycle, de-
noted as DQ,,,(V) — DQ,o(V), employing interpolated discharge
capacity data. This metric highlights the variation in discharge
capacity-voltage curves between the 100th and 10th cycles, provid-
ing crucial insights into cell degradation dynamics. In Figure 2a,
we present the original discharge profiles spanning from the 1st
cycle to the 100th cycle of cell No. 32 within our dataset. To visual-
ize degradation, discharge capacity-voltage curves corresponding
to the 10th cycle and 100 of this cell are extracted and depicted in
Figure 2b. Subsequently, in Figure 2c, the ADQ 0,_10(V) curves
for all 40 cells are illustrated. In an ideal scenario, the difference
in the discharge capacity curves between the 100th and 10th cy-
cles would typically exhibit negative values, indicating a decrease
in discharge capacity over time. However, our analysis revealed
instance where one cell displayed positive segments in this curve,
contrary to the expected trend. We attribute this unexpected ob-
servation to phenomena such as electrode activation or capacity
recovery. Notably, as part of our data processing and visualiza-
tion methodology, we uniformly scaled the voltage values by a
factor of 0.8 for enhanced presentation clarity. This scaling ad-
justment was uniformly applied across all voltage values in the
dataset.

In addition, the discharge capacity of the 2nd cycle, the 10th
cycle, and the 100th cycle were extracted, which quantifies the
energy output of the cell within a cycle and how it changes over
time. Moreover, by using the discharge capacity of the 2nd, the
10th and the 100th cycle, we calculated the capacity retention
(CR), a fundamental metric of the discharge capacity at different
cycle, which serves as a crucial metric for accessing cell degrada-
tion. Which is defined as the ratio of discharge capacity at cycle
n Cpy(n) to that of cycle n —1 Cp,(n-1)

1)

Then we calculated features such as the slope and the intercept
of the discharge curve between the 2nd cycle the 100th and those
of the 91st cycle to the 100th cycle.

2.2.2. Charge-Related Features

From the charging process, we generated 12 features, includ-
ing six summary statistics: minimum, variance, skewness, kur-
tosis, mean, and the initial value of the change in charge volt-
age curves between different cycles (ACQ(V)) extracted from the
charge capacity-voltage curves. These features exhibit crucial in-
formation regarding the charging behavior of the cells and offer
valuable insights into their performance characteristics.

In Figure 3a, we present the original charge profile spanning
from the 1st cycle to the 100th cycle of cell No. 41 within our
dataset. To provide further insight into the charging behavior,
charge capacity-voltage curves corresponding to the 10th cycle to
the 100th cycle of this cell are extracted and depicted in Figure 3b.
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Figure 2. a) Discharge profile from 1st cycle to 100th cycle of cell No. 32 in our dataset. The color changed from dark to light as the cycle number increased.
b) Discharge capacity -Voltage curves for 10th and 100th cycles for cell No. 32. The abbreviation “DC” denotes discharge capacity. c) Discharge capacity
difference (ADQ 109_10) as a function of voltage between the 10th and 100th cycles for 40 cells.

Additionally, Figure 3c illustrates the ACQ 00_10(V) curves for
all 40 cells in our dataset, offering a comprehensive view of the
charging dynamics across the sampled cells. Similar to the dis-
charge process, three cells’ ACQ ;0_10(V) curves showed positive
segments in the curve.

Charge capacity of the 2nd, the 10th, and the 100th cycle were
also included. Coulombic efficiencies (CEs) of those cycles cal-
culated from charge capacity of the 2nd, the 10th, and the 100th
cycle, respectively, were also selected as features to predict the cell
cycle life. The CE of cycle n is defined as the ratio of measured

(a)

3.4
T 3.21
2 | 5
(18]
3 3.0
()
(@)}
S 2.8/
5
>

2.6

00 02 04 06 08 1.0 12
Normalized charge capacity

()

-04 -02 00 02 04
ACQ 100-10

discharge capacity of cycle n Cp,(n) and measured the charge
capacity of cycle n C;,(n)

CDEh(n)

CE = ()

Conim

Typically, for an idealized cell where side-reactions are absent,
Coulombic Efficiency (CE) reaches unity due to the absence of
losses in both lithium transfer and electron transfer processes.

Py g
o 33
<@

@©

(b}

S 3.2

-

5

o 3.1

A

[e) === |nterpolated CC of cycle 10
> 0 == |nterpolated CC of cycle 100

3. ® CCofcycle10
CC of cycle 100

0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7
Normalized charge capacity

(d)

- 4 — (100
Pl CEavg=99.78% |og5 >
o = . 5
S 10 c
& 090 @
S o
© 09 o Discharge capacity | go 4=
8 o Charge capacity ’ [}
N 08 A Coulumbic efficiency 10,80 .©
E g

0.75
% 0.7 =
>
Z 06 0.70 3
065 ©

0 25 50 75 100 125 150 175 200
Cycle number

Figure 3. a) Charge profile from the st cycle to the 100th cycle of cell No. 41 in our dataset. The color gradient shifts from dark to light as the cycle
number increases. b) Charge capacity-voltage curves for the 10th and 100th cycles of cell No. 41. The abbreviation “CC” denotes charge capacity c)
ACQ 100-10(V) as a function of voltage between the 10th and 100th cycles for 40 cells. d) Discharge capacity, charge capacity, and coulombic efficiency

as a function of the cycle number of cell No. 41.
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Figure 4. Relaxation voltage as a function of the relax time of cell No. 13

from the first cycle to the last cycle (200 cycles). The color of the line is
differentiated by the voltage at 600s.

The Coulombic Efficiency of the cells used in our project were all
recorded, which is displayed in Figure 3d. By tracking these fea-
tures across multiple cycles, we gain insights into how the cell’s
performance changes over time and how it evolves through re-
peated charge-discharge cycles. In addition, these features rep-
resent different stages of cell operation, including initial condi-
tioning, mid-term performance, and long-term degradation. By
including them, we capture a comprehensive view of the cell’s
behavior across its operational lifespan, which may enhance the
predictive capabilities of the model.

2.2.3. Relaxation Related Features

It has been demonstrated that the relaxation process, encompass-
ing the voltage value during a particular time interval and the
voltage curve within a designated timeframe, exhibits a correla-
tion with the State of Health (SoH) of the cell.?-31] Six features
were generated during the relaxation process, including mini-
mum, maximum, variance, skewness, kurtosis, and mean of the
terminal voltage from the 1st cycle to the 100th cycle from the
relaxation voltage-time curves, which provide valuable informa-

www.advancedscience.com

tion about the voltage distribution and dynamics during relax-
ation periods. These metrics can help in detecting abnormalities
or irregularities in the cell’s behavior, which may indicate poten-
tial degradation mechanisms or performance issues. The voltage
of cell No. 13 between the 1st cycle to the 100th cycle during the
cell relaxation is shown in Figure 4.

We summarized the total 35 features in Table 1.

2.3. Machine Learning Process

The entire dataset was utilized as the training dataset, employing
a four-fold cross-validation strategy for model evaluation. This
methodology involved partitioning the dataset into four mutually
exclusive subsets. Iteratively, the model was trained and evaluated
four times, with each subset serving as the test set once while the
remaining three subsets collectively constituted the training set.
By adopting this four-fold cross-validation approach, we ensured
a thorough and reliable assessment of the model’s performance,
enhancing our understanding of its generalization capabilities.

In the present study, we employed two machine learning meth-
ods: ElasticNet, a linear regression model combining Lasso (L1)
and Ridge (L2) regularization techniques, and XGBoost, a non-
linear regression model. ElasticNet was chosen for its ability to
handle high-dimensional datasets with potentially correlated fea-
tures. By incorporating both L1 and L2 penalties, ElasticNet al-
lows for feature selection and regularization, which can mitigate
overfitting and improve generalization performance. XGBoost,
on the other hand, is a powerful gradient-boosting algorithm
known for its scalability, efficiency, and ability to handle complex
nonlinear relationships in the data. It can capture intricate pat-
terns and interactions in the dataset, leading to enhanced predic-
tive accuracy. Additionally, XGBoost provides insights into fea-
ture importance, aiding in the identification of the most relevant
variables for prediction. The adoption of XGBoost was motivated
by its superior performance in achieving accurate and reliable
predictions when ElasticNet failed to produce satisfactory results.
Both ElasticNet and XGBoost algorithms are further illustrated in
the supporting information.

The performance of the ML models was evaluated by the fol-
lowing three statistical metrics:

Table 1. 35 features extracted from discharge, charge, and voltage relaxation process.

Feature types

Feature description

Discharge-related
features

Log(|min(ADQ 100-10(V))]),Log(Imean(ADQ 190_19(V))l), Log(Ivar(ADQ 100-10(V))1),Log(|ADQ 100-10 (V) [O1l),
Log(|skew(ADQ 1001 (V))I), Log(IKur(ADQ 10010 (V))I);

Slope and Intercept of the linear fit to the capacity fade curve, cycles 2 to 100, 91 to 100 (Slope_DQ, Intercept_DQ);

Charge-related features

Relaxation-related
features

Discharge capacity of 2, 10, and 100 (DQ_n);
Max difference of discharge capacity of 100 and 2;
Capacity_retention_1:100, 2:1, 99:100 (CR_n).

Log(|min(ACQ 10010 (V))]), Log(Imean(ACQ 15510 (V))I), Log(lvar(ACQ 195_10(V))]),Log (IACQ 10010 (V) [01l),
Log(|skew (ACQ 19910 (V))1), Log (IKur(ACQ 10010 (V))1);

Charge capacity of 2, 10, and 100 (CQ_n);
Coulombic efficiency of 2, 10, and 100 (CEn).

Max, Min, Var, Mean, Skew and Kurtosis for the terminal voltage between 1 and 100 cycles.
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Figure 5. a) The discharge capacity degradation curves of the 48 examined cells. The color of each line is distinguished by the discharge capacity of
the last cycle. b) Discharge capacity degradation curve of cell No. 40. c) Discharge capacity degradation curve of cell No. 39. d) Discharge capacity

degradation curve of cell No. 9 which exhibits fluctuations.

Mean absolute error (MAE):
1 n
MAE = - = . 3
nigllyl il (3)

Root mean square error (RMSE):

)

R?:
" 12
R=1 kn=1 (Y; )ii)z (5)
i (n-9)

Here, n represents the number of cells, y; and §; represents the
observed cycle life and the predicted cycle life for sample i. The
Mean Absolute Error (MAE) gauges the proximity of predictions
to the respective outcomes. On the other hand, the Root Mean
Square Error (RMSE), which captures the dispersion of errors, ex-
hibits higher sensitivity toward substantial deviations compared
to the MAE. For these two values, small values represent good
performance of the models. The R? is a metric expressed in per-
centages, and in an optimal scenario, R? approaches 100% or
1, indicating a strong alignment between the observed and pre-
dicted values.
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Furthermore, in our project, we used Pearson’s correlation co-
efficient to depict the relationship between the features and cell
cycle life. The coefficient is defined are calculated by!32):

P _ % T
r = z,’=1(xi x) (Yl Y) (6)

V-2 (. -9)

The correlation coefficient is bounded within the range of —1
to 1, which signifies the strength and direction of the correlation
between two variables, x and y. A positive correlation yields val-
ues between 0 and 1, indicating that as one variable increases,
the other tends to increase. Conversely, a negative correlation re-
sults in values between —1 and 0, implying that as one variable
increases, the other tends to decrease. Interpretation of the co-
efficient involves magnitude: a value exceeding |0.8| points to a
strong correlation, while a value lower than |0.5] signifies a weak
correlation. Within the range of |0.5| and |0.8|, a correlation of
moderate strength is observed.

3. Results and Discussion

In the present study, we prepared the cells with different techno-
logical parameters (kinds of electrolyte and separator). Besides,
we also change the evaluation condition parameters, such as cur-
rent density, separator thickness, and confining pressure which
refers to the pressure exerted on the battery cell components dur-
ing the cycling test. The detailed technological parameters of the
cells investigated were summarized in Table S1 (Supporting In-
formation). Such differences result in the change of life span
among the cells. In Figure 5a, the cells’ degradation trajectories
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Figure 6. Parity plots for observed and predicted cycle lives for different feature sets using the ElasticNet model. a) discharge-related feature subset. b)

charge-related feature subset. c) relaxation-related feature subset.

of all investigated 48 cells as a function of cycle life was shown. In
addition, the distribution of the lifespan of the cells is also shown
in Figure S1 (Supporting Information). The end-of-life capacity is
defined as when the discharge capacity falls to 80% of the nomi-
nal capacity (available maximum capacity).

Figure 5b shows the representative discharge profile of one
cell (cell No. 40). The cell exhibited the 1st discharge capacity of
0.86 mAh with average discharge voltage of 3.7 V. With progress
of cycle, the cell exhibited a capacity higher than 0.68 mAh up
to the 138th cycle. After that the discharge capacity gradually de-
creased and reached to 0.21 mAh at 200th cycle. In Figure Sc,
the profile of the different LMB cell with the same technolog-
ical parameters (cell No. 39) was also shown. As the two pro-
files showed almost identical degradation trajectories, suggesting
the high reproducibility of the cells investigated in the present
study. Although most of cells investigated in the present study
showed a similar capacity profile with that of cell No. 40, the un-
stable capacity profile was also observed among the cells. For
example, in case of cell No. 9, there can be seen the fluctua-
tion of capacity value after the 100th cycle (Figure 5d). Such un-
stable profile originated in the non-uniform reaction character-
istics of lithium metal electrode, such as, micro-short or elec-
trolyte shortage. Actually, after the 100th cycle, the over-charging
occurs, which is a typical deterioration mechanism of LMB.
Cells of this type pose challenges in understanding their capac-
ity degradation mechanism, which is both elusive and distinct
from real-world conditions. Consequently, we opted to eliminate
certain cells from our dataset. Following our analysis, we have
excluded eight cells from our project, leaving us with a total of 40
cells.

Next, we applied discharge-related features, charge-related fea-
tures, and relaxation-related features independently to predict the
cycle life using ElasticNet. We try to determine which feature sub-
set could provide better prediction results. In Figure 6, from left
to right it displays the prediction results for different feature sub-
sets.

The X and Y axes in Figure 6 indicate the experimentally ob-
served cycle life and mean value of ML predicted cycle life af-
ter the four-fold cross-validation respectively. Figure 6a shows
the prediction result of using discharge-related features, the
testing MAE equals to 9.81, RMSE equals to 13.54 and the
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R? is 0.67, which is the best prediction performance among
the three machine-learning methods. For charge-related features
(Figure 6b) and relaxation-related features (Figure 6c¢), the parity
plots become more and more scattered, their MAE and RMSE
become larger, meanwhile, the R? becomes smaller, meaning
that the prediction results become worse than the first situation.
However, despite their superiority, the prediction performance
achieved using discharge-related features alone, with an R? value
of 0.67, did not meet our anticipated standards. Hence, to im-
prove the prediction accuracy, we sought to optimize both the
feature selection process and the machine learning methodology
employed.

For the feature part, we mapped the Pearson’s correlation coef-
ficient heatmap matrix among variables in our data set including
feature to feature and feature to target value which is shown in
Figure 7a.

It is a square matrix where rows and columns represent fea-
tures and observed cycle life, and each cell contains the corre-
lation coefficient between corresponding variables. The correla-
tion coefficient between two features measures the magnitude
and direction of the linear connection between those features,
offering insights into how changes in one feature correspond to
variations in another feature. The most important correlation in
our research should focus on the relationship between the fea-
tures and the observed cycle life which is the rightmost column
in the correlation matrix. From the coefficient value we can at-
tain a distinct comprehension of the correlation existing between
them. Features with highe coefficient are regarded as important
predictors to the cycle life.

From Figure 7b, the coefficients of discharge-related features
are relatively higher than those of charge-related features and
relaxation-related features. Some of the features show strong cor-
relation with the observed cycle life, for example, the most cor-
related feature is the logarithm of the minimum value of the
ADQ 00-10(V), which has a negative Pearson’s correlation coef-
ficient (r = —0.9) with the observed cycle life, next is the loga-
rithm of the variance value of the ADQ ;o,_;0(V). However, there
are several features that show a very weak correlation to the ob-
served cycle life such as the discharge capacity of the 100th cycle,
coulombic efficiency at the 100th cycle, and variance of the relax-
ation terminal voltage.

© 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 7. a) The relationship heatmap matrix of the variables in our dataset. b) Pearson’s correlation coefficient of the features to the target value

observed cycle lives of the 40 cells.

Here, we choose several features of the cells in our dataset and
plot the observed cycle life of the cells as a function of these fea-
tures in Figure 8.

In Figure 8a, thefeature “log(|min(ADQ ;4_10(V))|)” exhibits a
strong correlation as evidenced by their Pearson’s correlation co-
efficient absolute value surpassing |0.8|. The cycle life of the cells
has an obvious linear relationship with the feature. It’s important
to highlight that our calculations did not merely entail extract-
ing the summary statistics of ADQ ;0_1,(V); rather, we calculated
the logarithm to the base 10 of these values. In our investiga-

Adv. Sci. 2024, 11, 2402608
RIGHTS LI N K}

2402608 (8 of 12)

tion, when addressing the logarithmic function, a ADQ ;0,_14(V)
approaching zero signifies a reduced disparity between the dis-
charge capacity-voltage curves, leading to more negative logarith-
mic values. According to the visual representation, the greater the
negativity of the logarithmic value, the longer the observed cycle
life of the cell—implying less noticeable capacity degradation.
Figure 8b illustrates the correlation between the slope of dis-
charge capacity from the 2nd cycle to the 100th and cycle life, re-
vealing a moderate correlation (r = 0.53). This plot demonstrates
a gradual but not noticeable upward trend. For cells with shorter
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relaxation voltage between the 1st cycle to the 100t cycle.

lifespans, the degradation tends to decline relatively faster, indi-
cating a steeper slope, as the graph corroborates. In the case of
cells with longer cycle life, their slopes are less negative, and the
degradation trajectory exhibits a milder decline. However, by an-
alyzing our dataset, we identified some uncertainties regarding
cells with longer cycle life, which can be explained by the moder-
ate correlation of this feature with cycle life.

In Figure 8c, the data points are scattered much more than the
previous two features which signifies a weak correlation between
observed cycle life and the variance of relaxation voltage from the
1st cycle to the 100th cycle. Therefore, this particular feature is
considered as a poor predictor for cell cycle life. Based on our
examination, we have identified nine discharge-related features
and three relaxation-related features exhibiting strong or moder-
ate correlation with cell cycle life. Nevertheless, all charge-related
features exhibit a weak correlation to cell cycle life. These 12 fea-
tures are selected to use in the following research.

Next, for the ML method part, to leverage the predictive per-
formance, we implemented the ElasticNet and XGBoost ML al-
gorithms to the 12 selected features separately. The prediction
results based on XGBoost and ElasticNet using the 12 selected
features are shown in the Figure 9.

From the parity plots, it’s obvious the plot of ElasticNet is more
scattered than that of XGBoost. In addition, based on the pre-
diction results, it can be observed that XGBoost shows a slight
decrease in RMSE and MAE, with values of 9.49 and 7.8, respec-
tively, when compared to ElasticNet, where the RMSE and MAE
are 12.06 and 8.8. Meanwhile, the R? of these two models are 0.86
and 0.72, which demonstrates non-linear ML model XGBoost has
a better prediction performance on the cell cycle life than Elastic-
Net. Hence, we decided to build our ML model based on XG-
Boost.

To eliminate the potential feature overfitting, we conducted
exhaustive feature selection (EFS) on the 12 features. EFS is an

Table 2. The best R? score and the feature subsets when using exhaustive feature selection as a function of the feature numbers.

n Best R? Feature combination

1 0.722 Log(|min(ADQ 106.10(V)) )

2 0.854 Log(|min(ADQ 199_10(V))|), slope_DQ2:100

3 0.871 Intercept_DQ91:100, Log(|min(ADQ 100_10(V))]), Log(|lvar(ADQ 100-10 (V))])

4 0.874 Intercept_DQ91:100, Log(|min(ADQ 100_10(V))]), Log(|lvar(ADQ 100-10(V))[), Slope_DQ91:100

5 0.884 Intercept_DQ91:100, Log(|min(ADQ 100_10(V))]), Log(|lvar(ADQ 100_10(V))]), Slope_DQ2:100, Mean

6 0.890 CR_10:100, Intercept_DQ91:100, Log(|min(ADQ 10510 (V))|), Log(lvar(ADQ 105_10(V))[), Slope_DQ2:100, Mean

7 0.877 CR_10:100, Intercept_DQ91:100, Log(|min(ADQ 155_10(V))|), Log(|lvar(ADQ 199_10(V))|), Slope_DQ2:100, Slope_DQ91:100, Mean

8 0.885 CR_10:100, Intercept_DQ91:100, Log(|min(ADQ 100_10 (V))]), Log(lvar(ADQ 100-10 (V))]), Log(|mean(ADQ 19519(V))|), Slope_DQ2:100, Mean,

Slope_DQ91:100

9 0.871 CR_10:100, DQ_2, Intercept_DQ2:100, Intercept_DQ91:100, Log(|min(ADQ 140_10(V))I), Log(lvar(ADQ 190_10(V))]), Log(Imean(ADQ 100_10 (V))]),
Slope_DQ91:100, Mean

10 0.870 CR_10:100, DQ_2, Intercept_DQ2:100, Intercept_DQ971:100, Log(|min(ADQ 140_10(V))), Log(|var(ADQ 190_10(V))]), Log(Imean(ADQ 10010 (V))]),

Slope_DQ91:100, Mean, Max
1 0.857 CR_10:100, DQ_2, Intercept_DQ91:100, Log(|min(ADQ 19510 (V))]), Log(Jvar(ADQ 19510 (V))|), Log(|mean(ADQ 159_10(V))]), Slope_DQ2:100,
Slope_DQ91:100, Mean, Max, Skew
12 0.859 All features
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Figure 9. a). Parity plots of using ElasticNet and XGBoost on the 12 fea-
tures. b). Prediction result histogram. The blue bar represents the results
of ElasticNet and the Orange bar indicates XGBoost.

approach that impartially evaluates the optimal feature subset
using a specified evaluation metric. This method guarantees the
assessment of all possible combinations, ensuring a compre-
hensive analysis without undue computational cost. Through
EFS, a total of 4095 feature combinations were generated from
the 12 features, each of the combinations was assessed by
XGBoost with four-fold cross-validation, the optimal predictive
performance for various feature numbers (n) was identified, and
the outcomes are presented in Table 2.

Table 2 reveals that there is minimal variation in the scores
within the range of n = 3 to n = 10. However, relatively large de-
viations are observed for values outside this range, both for n < 3
and n > 10. We find that the model provides the most accurate
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Figure 10. a) Parity plot of the best prediction using XGBoost with six fea-
tures. b) Relative feature importance ranking for the six features in lifetime
prediction.

predictions with n = 6, resulting in an R* value of 0.89. The val-
ues of the six features of each cells are shown in the Table S2
(Supporting Information). The parity plot illustrating the use of
this specific set of features is depicted in Figure 10a in which the
RMSE = 8.29 and MAE = 6.45.

According to this 6-feature subset, we analyzed the feature im-
portance. In Figure 10b, the feature importance of the six features
is plotted, different feature has different relative importance to
the model. In this feature subset, the discharge-voltage-related
features such as the logarithm of the minimum value and the
variance value of ADQ 0, 1,(V) play crucial roles in the model
performance, and the logarithm of the minimum value of
ADQ 140-10(V) (former) is the most important feature in this case.
The slope of linear fit of the discharge capacity between the 2nd
cycle and the 100th cycle, and the Mean value of the relaxation
voltage have the same contribution to the model but their relative
importance is lowest, the feature importance of capacity retention
from 10 to 100 is higher than both of them, however, according to
the Pearson’s correlation coefficient, it has a weaker correlation

© 2024 The Author(s). Advanced Science published by Wiley-VCH GmbH
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Figure 11. Prediction results of the eight new NMC811/Li metal cells, the
red points indicate the training data, and the blue points represent the
testing data.

to the observed cycle life compared with these two features,
which indicates it has a higher ability to reduce the error of the
prediction result, but it has less linear relationship with the cycle
life. Through exhaustive feature selection method and use of ad-
vanced ML method XGBoost, we realized a satisfying ML model
for LMB cycle life, which we name as “XGB-LMBCLpredictor”.

Finally, we applied our model “XGB-LMBCLpredictor” with
eight new NMC811/Li metal cells as unseen data to test whether
our model can predict the cycle life accurately. The details of the
cells are shown in Supporting Information. Here, one cell is dis-
carded because of its unstable capacity profile. The prediction re-
sultis shown in Figure 11, the MAE and RMSE of the testing data
are relatively small and the test error (Mean Absolute Percentage
Error: MAPE) equals to 6.6%. The achieved RMSE and MAE val-
ues suggest that the model provides predictions with reasonable
accuracy. The relatively low MAPE reinforces the model’s accu-
racy, especially considering the percentage-wise deviation. As in-
dicated by these metrics, the model’s performance is well-suited
for accurate cycle life predictions.

4, Conclusion

Utilizing machine learning modeling holds great potential for
the diagnosis and prediction of batteries. It provides possibili-
ties in various aspects, including their development, manufac-
turing, and optimization. In the present study, we focus on using
the ML method to model the complex degradation mechanisms
and predict the cycle life of NMC811/Li metal batteries via dif-
ferent features generated from different cycle processes. 48 of
NMCB811/Li metal batteries’ degradation data are recorded and
features generated from the data are classified into three groups
including discharge-related features, charge-related features, and
relaxation-related features. Linear regression model ElasticNet
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was first used in different feature groups, however the predic-
tion performance was unsatisfactory, then by Pearson’s correla-
tion coefficient analysis, we selected 12 features out of the 35 fea-
tures which have a strong or moderate correlation with the cycle
life and applied non-linear regression model XGBoost to predict
the cycle life of the cells. Compared with the result of ElasticNet,
XGBoost is much superior for cell cycle life prediction with an
RMSE of around 9.49 and MAE 7.8. Exhaustive feature selection
results show that six features out of the 12 features can give the
best prediction result which decreases the RMSE to 8.29, MAE to
6.45, and increase R? to 0.89, where Log(|min(ADQ 14, 10(V))]) is
found the most important feature, contributing more than 44%
for lifetime prediction. Finally, by testing the unseen data, our
best model achieves a 6.6% test error, which indicates our ma-
chine learning model “XGB-LMBCLpredictor” is suitable for the
cycle life prediction of LMB.

Through our investigation, utilizing the capabilities of ma-
chine learning algorithms, our goal is to attain heightened pre-
cision and dependability in predicting the cycle life of LMB. By
expanding the horizons of predictive precision, our study has the
potential to give clues of LMB advancement and implementa-
tion. This could lead to transformative outcomes in the realm of
energy storage, ensuring enhanced safety, greater efficiency, and
extended longevity for energy storage solutions.
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