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ABSTRACT

Accurately predicting the lifetime of lithium-ion batteries in early cycles is crucial for ensuring the safety
and reliability, and accelerating the battery development cycle. However, most of existing studies pre-
sented poor prediction results for early prediction, due to the nonlinear battery capacity fade with
negligible variation in early cycles. In this paper, to achieve an accurate early-cycle prediction of battery
lifetime, a comprehensive machine learning (ML) based framework containing three modules, the
feature extraction, feature selection, and machine learning based prediction, is proposed. First, by ana-
lysing the evolution pattern of various informative parameters, forty-two features are manually crafted
based on the first-100-cycle charge-discharge raw data. Second, to manage feature irrelevancy and
redundancy, four typical feature selection methods are adopted to generate an optimal lower-
dimensional feature subset. Finally, the selected features are fed into six representative ML models to
effectively predict the battery lifetime. Numerical experiments and paired t-test are conducted to sta-
tistically evaluate the performance of the proposed framework. Results show that the wrapper-based
feature selection method outperforms other methods, and significantly improves the prediction per-
formance of subsequent ML models. Both before and after wrapper feature selection, the elastic net,
Gaussian process regression, and support vector machine present better performance than other com-
plex ML prediction models. The support vector machine model combined with wrapper feature selection
statistically presents the best result for battery lifetime prediction, with a root-of-mean-square-error of
115 cycles, and a R? of 0.90. Finally, when compared with an existing work, the root-of-mean-square-
error is substantially decreased from 173 to 115 cycles, by using the proposed framework.

© 2021 Elsevier Ltd. All rights reserved.

1. Introduction

increases the economic cost of the replacement of energy storage
systems, such as in smart grids, and may even result in major ac-

Lithium-ion batteries exhibit low-cost, long-lifetime, and high
energy-density characteristics [1], and have thus been widely
applied as power sources in many scenarios, such as in smart-
phones, laptops and electric vehicles [2]. In addition, lithium-ion
batteries play an important role in optimising the operation cost
of energy storage systems in smart grids and microgrids [3,4].
However, as a result of their internal electrochemical reactions and
external environmental conditions, the performance of lithium-ion
batteries gradually degenerates over time and with use, which
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cidents, such as explosions and consequent bodily injuries. There-
fore, to optimise the operation and ensure the safety and reliability
of energy storage systems, accurate battery lifetime prediction is of
great importance. Moreover, accurate lifetime prediction in early
cycles would significantly enhance battery development, produc-
tion, and optimisation. For example, in an emerging application of
high-throughput battery optimisation such as multistep fast-
charging, early prediction of battery lifetime could help reduce
the number of testing cycles required for each cell, and thereby
accelerate the battery optimisation process [5].

A variety of methods have been proposed for battery lifetime
prediction in recent years, which is also studied as remaining useful
life (RUL) prediction in much literature. Studies in this area can
generally be grouped into two categories, model-based methods
and machine learning (ML) based methods. Model-based methods
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typically build mathematical models to capture the battery degra-
dation dynamics, and then apply various adaptive filter techniques,
such as Kalman filter [6] and particle filter [7], to constantly update
the model parameters for online lifetime prediction. Some existing
studies proposed empirical models to assume simple mathematical
relationships between the battery capacity and ageing cycles,
without any consideration of interior electrochemical mechanisms
of batteries. The most commonly used empirical models are linear
[8], polynomial [9], exponential [10], logarithmic [11], and hybrid
[12] models. In contrast, semi-empirical models incorporate elec-
trochemical principles into the battery capacity degradation model,
and thus provide a good trade-off between battery ageing mecha-
nisms and empirical models. The primary ageing mechanisms of
lithium-ion batteries include solid-electrolyte interphase (SEI)
formation and growth, lithium plating, loss of active material, and
increased impedance [13,14]. Tian et al. [ 15] established three semi-
empirical models to depict three ageing modes of lithium-ion
batteries, i.e., state of health (SOH) decline, ohmic internal resis-
tance (IR) growth and polarization resistance growth, which were
quantified by an open circuit voltage model. Broussely et al. [16]
proposed a square-root-of-time model to describe battery capacity
fade and they found that the SEI film thickness is proportional to
the square root of time. Yang et al. [7] devised a coulombic effi-
ciency (CE)-based model to capture the battery capacity fade based
on the relationship between CE and battery degradation rate. These
methods could then perform online prediction of battery lifetime
after incorporated with adaptive filter techniques. Although model-
based methods have presented good predictive effects, there are
still some limitations. First, the lifetime prediction accuracy is
largely dependent on the underlying degradation models. Second,
model-based methods usually achieve higher prediction accuracy
when a larger amount of data along the degradation trajectory is
updated for prediction. However, it is challenging for them to
accurately predict battery lifetime at the early stages of degradation
because the capacity degradation is typically nonlinear and exhibits
negligible variation in early battery cycles [5].

ML methods have shown considerable promise on battery
prognostics studies. They are mechanism-free and do not require
an explicit mathematical model to describe the complex nonlinear
ageing dynamics of lithium-ion batteries. They consider the battery
as a black-box system and map a set of extracted battery features to
the battery lifetime through various ML models. Severson et al. [5]
extracted features from discharge voltage and capacity curves, and
then applied the elastic net model to predict battery lifetime in
early cycles. Zhang et al. [ 17] obtained features from observations of
the discharge capacity, terminal voltage, discharge current, and
internal resistance, and then employed a neural network (NN) to
predict battery lifetime. Xu et al. [18] designed features based on
discharge temperature and voltage curves, and used a stacked
denoising autoencoder to predict battery lifetime. Yang et al. [19]
extracted features from the voltage, capacity and temperature
profiles, and applied a gradient boosting regression tree (GBRT)
model to predict battery lifetime. Aforementioned studies regarded
the battery lifetime or the RUL value as a direct output of ML
models. However, most ML-related studies first estimate the bat-
tery health indicators, such as the SOH, capacity, etc., and then
predict the RUL by further calculations, such as by extrapolating the
degradation model to a failure threshold. Li et al. [20] extracted
features from partial incremental capacity curves, and applied a
Gaussian process regression (GPR) model to estimate the battery
SOH. Shu et al. [21] identified features from partial charging voltage
curves, and utilised a least squares support vector machine (SVM)
model to estimate the battery SOH. Yang et al. [22] extracted four
features from constant-current charging curves, and used an
improved GPR model to estimate the battery SOH. Li et at [23] used
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the battery charging time, discharging time, and discharge capacity
as features, and applied a gated recurrent unit-recurrent neural
network to estimate the battery SOH. Wu et al. [24] sampled the
battery terminal voltages during the charging process as features,
and applied a three-layer feed forward NN to predict the current
battery cycle number. Ma et al. [25] used the battery capacity in a
specific window as features, and designed a hybrid neural network
that combined a convolutional neural network and long short-term
memory to estimate the capacity in the next window. In these
studies, the RULs were then predicted as the estimated SOH/cycle
number/capacity reached the failure threshold.

These existing methods have demonstrated satisfactory per-
formance in the battery lifetime prediction; however, they usually
perform battery lifetime predictions after accumulating 25% long-
term historical degradation data along the failure trajectory [26],
which is not beneficial to the rapid battery development and vali-
dation. Accurate battery lifetime prediction in early cycles can
effectively speed up the development and optimisation of lithium-
ion batteries; yet, it is a challenging task due to the typically
nonlinear battery ageing dynamics with significantly less degra-
dation in early cycles. In this paper, based on using a dataset
released by a group from Massachusetts Institute of Technology
(MIT dataset) [5], we focus on studying the early-cycle battery
lifetime prediction with only the first-100-cycle degradation data,
at which point most cells have not shown any signs of capacity
degradation yet.

Moreover, existing studies were mostly performed with
extremely small training sets (<10 samples in most cases), as it is
rather time-consuming to acquire a large number of battery
degradation samples [19]. And most of them make lifetime pre-
dictions by inputting only one or a very few features into ML
models. However, as we know, the predictive performance of ML
models is influenced primarily by the quantity of training samples
and the quality of features. Therefore, it is necessary to explore and
exploit more potentially effective features for a more accurate early
prediction of battery lifetime, especially when more training sam-
ples are available (124 battery samples in MIT dataset). In this pa-
per, a total of 42 features are proposed, which are manually crafted
by analysing the battery ageing dynamics based on various pa-
rameters, such as the voltage, capacity, temperature, IR, etc. Yet, it is
notable that as the feature space enlarges, some features may be
redundant or irrelevant and therefore lead to unwanted model
overfitting. To avoid this issue, a feature selection procedure is
necessary to reduce the feature dimension before predictions are
made. Therefore, in this paper, four mainstream feature selection
methods are investigated and analysed comparatively to find an
optimal lower-dimensional feature subset. For ML prediction
models, the diverse intrinsic principles render them suitable for
handling different kinds of prediction problems. For example, the
SVM is applicable to small-sample-sized problems, while a large
number of samples are required to properly train a NN [27]. Hence,
an investigation and comparison of various ML algorithms for their
ability to deal with the battery lifetime prediction problem is
warranted. In this paper, six typical ML models are studied and
discussed comparatively to demonstrate the best method for the
battery lifetime prediction.

Based on former discussions, in this paper, a comprehensive ML-
based framework involving three stages, the feature extraction,
feature selection, and ML-based prediction, is proposed for an early
prediction of battery lifetime. The MIT dataset containing 124
battery degradation samples with lifetimes ranging from 150 to
2300 cycles is investigated. In the proposed framework, first, a total
of 42 features are manually extracted based on battery degradation
data from the first 100 cycles, and are grouped into charge-related,
discharge-related, capacity-related, temperature-related, and IR-
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related features to reflect the battery ageing dynamics from
different perspectives. Second, to manage feature irrelevancy and
redundancy, four typical feature selection methods are investi-
gated, namely filter, wrapper, embedded, and principal component
analysis (PCA) methods, to generate an optimal lower-dimensional
feature subset. Third, by feeding the selected feature subset, six
representative ML algorithms involving the elastic net, GPR, SVM,
random forest (RF), GBRT, and NN, are investigated for effectively
predicting the battery lifetime. Various comparative experiments
are conducted on the MIT dataset to demonstrate the effectiveness
of the proposed framework. To capture the pattern of most cell
samples, a stratified random sampling method is used to split the
dataset, and this is repeated 20 times to reduce the randomness of
experimental results. Results show that the wrapper-based feature
selection method outperforms other feature selection methods,
and would enhance the predictive ability of subsequent ML pre-
diction models. Moreover, the SVM model integrated with the
wrapper-based feature selection is the most effective method for
battery lifetime prediction, with a root-of-mean-square-error of
115 cycles, a mean-absolute-percentage-error of 8.0%, and a R? of
0.90. And this result is significantly better than the prediction result
of using the MIT method.

The paper is organised as follows: In Section 2, the experimental
data are introduced, and the feature extraction process is elabo-
rated. In Section 3, four types of feature selection methods and six
ML models are introduced and discussed. And then, a compre-
hensive ML-based framework for battery lifetime prediction is
presented. In Section 4, the experimental results of battery lifetime
prediction are demonstrated. In Section 5, the paper is concluded.

2. Experimental data and feature extraction
2.1. Data description

The MIT dataset, which is currently the largest publicly available
dataset for long-term battery degradation studies, is used in this
paper. It is composed of 124 commercial lithium iron phosphate/
graphite A123 APR18650M1A cells with a nominal capacity of 1.1
Ah. In a temperature chamber at 30 °C, all cells were charged with a
multi-step fast charging policy and then followed with a constant-
current discharging. As illustrated in Fig. 1, cells were first charged
with a current C1 until the state-of-charge (SOC) reached S1 and
next charged with a current C2 until the SOC reached S2, which is
80% for all cells. Then, cells were charged from 80% to 100% SOC
with 1 C-rate constant current-constant voltage (CC-CV) charging
to the cut-off voltage, 3.6 V. These cells were subsequently dis-
charged with a constant current of 4 C-rate to 2.0 V. All of signals
(e.g., voltage, capacity, current) within a cycle or on a life-cycle basis

4 Voltage

l 35
4 l_

Current

3

25

=== Current

2 Voltage

0 !

CI(S1) ECZ(SZ) :

T
'

'

i 15
:

' 1c cc-cv

;

;

1

i 0.5

Charging Discharging

-6 0

Fig. 1. Schematic diagram of multi-step charging and constant-current discharging.
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are measured and recorded continuously during cycling. The bat-
tery lifetime is defined as the cycle number at which point the
battery capacity drops to 80% of its nominal capacity. Lifetimes of
the 124 cell samples range from 150 cycles to 2300 cycles.

2.2. Feature extraction

A number of parameters can effectively reflect the ageing dy-
namics of lithium-ion batteries, such as the voltage, capacity,
temperature, IR, SOC, SOH, etc. . In this section, by analysing the
evolution pattern of these parameters, 42 features are extracted for
battery lifetime prediction. The degradation data from the first 100
cycles are investigated, at which point most cells have yet to exhibit
capacity degradation. The 42 features are categorised into five types
based on their extraction sources and processes, to reflect the
battery ageing dynamic from different perspectives, namely
charge-related features, discharge-related features, capacity-
related features, temperature-related features and IR-related fea-
tures, as listed in Table 1. The proposed features are inspired by a
range of publications [19,22,28,29] serving various research
purposes.

2.2.1. Charge-related features

Fig. 2(a) plots curves of the charging voltage v.s. charging time of
a random battery sample from the dataset. These curves are
sampled from cycle 10 to 400 with an interval of 50 cycles (In other
subfigures of Fig. 2, the same battery sample is taken, and the cycle
sampling range and interval are also the same with Fig. 2(a)). In
Fig. 2(a), the rising section of the curve corresponds to the CC
charging mode, while the flat section represents the CV charging
mode. Some patterns reflecting the battery ageing behaviour can be
clearly observed. For example, as cycle number increases, the
charging curve moves towards top left as annotated in Fig. 2(a),
which means the duration of CC mode decreases and the duration
of CV mode increases. This is due to the battery polarization phe-
nomenon, which is exacerbated as the battery degrades [31]. Based
on this pattern, feature F1 is defined as the time difference of CC
mode between cycle 10 and 100. Similarly, F2 is defined as the time
difference of CV mode between cycle 10 and 100. On the other
hand, F3 and F4 are derived from the charging time, a directly
measurable parameter; F3 is the difference in charging time be-
tween cycle 10 and 100, while F4 is the average charging time from
cycle 10 to 100. Here, the cycle-to-cycle evolution is set as cycle 10
to 100, as was applied in Ref. [5].

2.2.2. Discharge-related features

The discharge-related features are extracted according to the
geometrical analysis and summary statistics of the discharge
voltage curves and their derivatives, which affords much effective
information for battery degradation diagnosis [32]. For example,
the incremental capacity (IC) curve, which is calculated by differ-
entiating the change in discharge capacity to the change in voltage
within a small voltage step, is a powerful indicator for ageing
mechanism identification [33] and online SOH estimation [34].
Features F5, F6 and F7 are extracted from the IC curve. Fig. 2(b) plots
the battery IC curves during multiple cycles. Generally, as cycle
number increases, the height and voltage of the IC peak decrease
simultaneously. Hence, F5 and F6 are defined as the transformation
of the height and voltage of the IC peak between cycle 10 and 100,
respectively. In addition, F7 is defined as the difference in the
covering area of the IC peak between cycle 10 and 100, which is
calculated as the variation of the integral of the IC peak region.

Fig. 2(c) shows the Q(V) curves during multiple cycles, where
Q;(V) denotes the discharge capacity curve as a function of the
discharge voltage at cycle i. As the cycle number increases, the
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Table 1
Features for early prediction of battery lifetime.
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Feature Type No. Feature Description
Charge-related features F1 Time duration of CC charging mode, difference between cycle 10 and 100
F2 Time duration of CV charging mode, difference between cycle 10 and 100
F3 Charging time, difference between cycle 10 and 100
F4 Average charging time from cycle 10 to 100
Discharge-related features F5 Height of IC peak, difference between cycle 10 and 100
F6 Voltage of IC peak, difference between cycle 10 and 100
F7 Covering area of IC peak, difference between cycle 10 and 100
F8 Time duration of discharging process, difference between cycle 10 and 100
F9 Variance of AT;0-10(V)
F10 Minimum of ATjgo-10(V)
F11 Mean of AT;go-10(V)
F12 Maximum of AT;gg-10(V)
F13 Skewness of ATygo-10(V)
F14 Kurtosis of ATygg-10(V)
F15 Variance of AQgo-10(V)
F16 Minimum of AQ100_10(V)
F17 Mean of AQ100-10(V)
F18 Maximum of AQ;go-10(V)
F19 Skewness of AQ100-10(V)
F20 Kurtosis of AQ100-10(V)
Capacity-related features F21 p1 of linear model, fit to the capacity fade curve from cycle 80 to 100
F22 p2 of linear model, fit to the capacity fade curve from cycle 80 to 100
F23 p3 of square-root-of-time model, fit to the capacity fade curve from cycle 80 to 100
F24 p4 of square-root-of-time model, fit to the capacity fade curve from cycle 80 to 100
F25 p5 of CE model, fit to the capacity fade curve from cycle 80 to 100
F26 p6 of CE model, fit to the capacity fade curve from cycle 80 to 100
F27 p7 of CE model, fit to the capacity fade curve from cycle 80 to 100
F28 Discharge capacity at cycle 100
F29 Difference between maximum discharge capacity and the discharge capacity at cycle 100
Temperature-related features F30 Temperature peak value during charging process, difference between cycle 2 and 100
F31 Time of reaching temperature peak during charging process, difference between cycle 2 and 100
F32 Temperature peak value during discharging process, difference between cycle 2 and 100
F33 Time of reaching temperature peak during discharging process, difference between cycle 2 and 100
F34 Integral of temperature over time, difference between cycle 2 and 100
F35 Minimum temperature, difference between cycle 2 and 100
F36 Average temperature, difference between cycle 2 and 100
F37 Maximum temperature, difference between cycle 2 and 100
F38 Mean of minimum temperature from cycle 2 to 100
F39 Mean of average temperature from cycle 2 to 100
F40 Mean of maximum temperature from cycle 2 to 100
IR-related features F41 Internal resistance, difference between cycle 2 and 100
F42 Average internal resistance from cycle 2 to 100

Note: CC = constant current; CV = constant voltage; IC = incremental capacity; CE = coulombic efficiency; IR = internal resistance; AT;p0-10(V) = discharge time as a function
of discharge voltage, difference between cycle 10 and 100; AQqgo-10(V) = discharge capacity as a function of discharge voltage, difference between cycle 10 and 100.

discharge capacity and the covering area of the voltage curve tends
to decline. In physical terms, the integral of the region between
Q;(V) and Q;(V) curves depicts the discharge energy dissipation
between cycle i and j. Therefore, the cycle-to-cycle evolution
AQ;_;(V), denoted as Q;(V) — Q;(V), is informative for battery life-
time prediction. Here, features F15—F20 are defined as the sum-
mary statistics, comprising the variance, minimum, mean,
maximum, skewness, and kurtosis of AQigg_10(V), denoted as
Q100(V) — Qqo(V). For the computational formulas of these sum-
mary statistics, please refer to Ref. [5].

Similarly, F8—F14 are extracted from the cycle-to-cycle evolu-
tion of the T(V) curve, which is the discharge time as a function of
discharge voltage. Feature F8 is defined as the difference in the
discharge time between cycle 10 and 100. And F9—F14 are defined
as the summary statistics comprising the variance, minimum,
mean, maximum, skewness and kurtosis of AT;gg_19(V). Although
the discharge time is linearly correlated with the discharge ca-
pacity, features F8—F14 may provide some new information for
battery lifetime prediction based on features F15—F20, because
different kinds of summary statistics are used here to perform
nonlinear transformations on the original data.

For discharge-related features, the cycle-to-cycle evolution is
also set to be for cycle 10 to 100, as was used in Ref. [5].

2.2.3. Capacity-related features

Capacity evolution is an intuitive indicator of the battery
degradation behaviour. Fig. 3 displays the capacity fade of the
124 cell samples. In this section, three common models are
considered, namely the linear model, the square-root-of-time
model [16], and the CE model [7], all of which have been widely
used for modelling the degradation dynamics of lithium-ion bat-
teries. Here, these three models are successively fitted to the ca-
pacity degradation curves, and then the corresponding fitting
parameters of three models are defined as the capacity-related
features. Details of the three models and corresponding fitting
parameters are described as below.

e Linear model: the simplest degradation model, which is given by
the following equation (Eq. (1)):

C=pi+l+p2 (1)

e Square-root-of-time model: a typical semi-empirical model,
which models the degradation of a lithium-ion battery by
considering the loss of its lithium inventory. This is caused by
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the thickening of the SEI film, as the film thickness is propor-
tional to the square root of time, as given by Eq. (2), as follows:

C=p3-Vi+ps (2)

e CE model: a semi-empirical model that models the battery ca-
pacity degradation by capturing the relationship between CE
and the battery degradation rate, given by the following equa-
tion (Eq. (3)):

C/=ps*P +P7 3)

In Egs. (1)—(3), G is the discharge capacity at cycle [, and p;-p7
are seven fitting parameters of the three ageing models fitted to the
capacity degradation curves. Parameters p;-p; are defined as fea-
tures F21—F27, respectively. For example, feature F21 is the slope
“p1” and F22 is the intercept “p,” of the linear fitting to the capacity
fade curves from cycle 80 to cycle 100. Here, the cycle range is set as
cycle 80—100, because we find that as the starting point of the cycle
range approaches cycle 100, capacity-related features better cap-
ture the nonlinearity of the capacity fade curve and thereby
become more predictive for the battery lifetime.

F28 is directly defined as the discharge capacity at cycle 100, and
F29 is calculated as the difference between the maximum discharge
capacity and the capacity at cycle 100.

2.24. Temperature-related features

Temperature is another significant indicator that reflects the
battery ageing dynamic. Fig. 2(d) displays the temperature profile
during multiple cycles. Two peaks can be observed in Fig. 2(d): the
left peak is for the charging process while the right peak is for the
discharging process. The battery temperature rises significantly
during the fast-charging and discharging processes. Moreover, as
the cycle number increases, both temperature peaks increase in
height, and the time required to reach the peak decreases, which
results from the reduction in the electrolyte conductivity and the
lithium ion diffusivity [35]. Based on this pattern, F30 and F32 are
defined as the difference in the temperature peak value between
cycle 2 and 100 during the charging and discharging processes,
respectively. Similarly, F31 and F33 are defined as the difference in
the time taken to reach the temperature peak between cycle 2 and
100, during the charging and discharging processes, respectively.
F34 is defined as the difference in the temperature integral over
time between cycle 2 and 100. F35—F37 are defined as the differ-
ence in the minimum, average, and maximum surface tempera-
tures between cycle 2 and 100, respectively.

Fig. 2(e) displays the variation of the maximum, average and
minimum surface temperatures in the life-cycle dimension. As the
battery degrades, these three measurements of surface
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temperatures generally increase as the cycle number increases.
Therefore, F38—F40 are defined as the means of the minimum,
average, and maximum surface temperatures from cycle 2 to 100,
respectively. Here, the cycle-to-cycle evolution is set as cycle 2 to
100, which was also used in Ref. [5].

2.2.5. Internal resistance-related features

Battery degradation is closely related to the increase in IR.
Fig. 2(f) displays the evolution of the IR in the life-cycle dimension.
A declining trend can be observed in early cycles and then a rising
trend in later cycles. Based on this pattern, F41 is defined as the
difference in the IR between cycle 2 and 100, while F42 is defined as
the average IR from cycle 2 to 100. Here, the cycle-to-cycle evolu-
tion is set as being for cycle 2 to 100, for the same reason as given in
Section 2.2.4.

3. Machine learning-based framework for battery lifetime
prediction

In this section, a comprehensive ML-based framework is pre-
sented for the early-cycle lifetime prediction of lithium-ion batte-
ries. Three main modules constitute the structure of the
framework, namely feature extraction, feature selection, and ML-
based prediction. In Section 2.2, feature extraction is discussed. In
Sections 3.1 and 3.2, feature selection and ML-based prediction are
elaborated.

3.1. Feature selection

In Section 2.2, a full set of 42 features are generated. However,
the problem we target is a small-sample-sized application, with an
experimental dataset of only 124 battery samples in total. Excessive
features may lead to the overfitting of prediction models. Moreover,
some of the extracted features may be redundant or irrelevant and
would thus not improve the model performance, thereby resulting
in a waste of memory and computational costs. Given this situation,
it is necessary to conduct feature selection on the full feature set to
generate an optimal feature subset.

Concerning various selection strategies, feature selection
methods can generally be categorised into three types, namely
filter, wrapper, and embedded methods [36]. In this section, a
representative method in in each category is investigated to
generate a lower-dimensional feature subset to feed into prediction
models. The flowchart of each feature selection method category is
shown in Fig. 4. In addition, PCA, as a classical dimension reduction
technique, has been widely used in battery research [37—39] to
reduce the dimension of feature space, so we include PCA too.

3.1.1. Filter method

Filter feature selection methods (Fig. 4(a)) rely on ranking
techniques to assess feature importance. Here, the Pearson corre-
lation coefficient is investigated as a possible ranking criterion, as it
is the most commonly used ranking criterion in filter methods [40].
It measures the linear correlation between the feature x and the
target y, defined as below (Eq (4):

35 (% - %) (i~ ¥)
Txy = = i1 = (4)
- o

where x; and y; denote the i-th sample of feature x and the target y,
and X =} 3" 1 x; is the sample mean, and analogously for ¥.
There are two steps in the filter feature selection process. First,
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Fig. 4. Flowcharts of three categories of feature selection methods.

the Pearson correlation coefficient between each feature and the
target (battery lifetime) is calculated, and a score is assigned to each
feature. Second, a threshold is set to filter out the lowly-ranked
features. Here, we set the threshold as 20, meaning that the top
20 features based on the Pearson-correlation ranking are selected
and then fed into the ML-based lifetime prediction models.

3.1.2. Wrapper method

The wrapper method (Fig. 4(b)) considers the feature selection
process as a search problem, and finds an optimal feature subset
that produces the best predictive performance in a predefined ML
prediction model.

For the searching process, we adopt a typical heuristic search
algorithm, the genetic algorithm (GA), which searches for different
feature subsets by finding the optimal solution of optimisation
problems. Compared with some widely used deterministic search
algorithms, such as the sequential backward selection algorithm,
the GA has the advantage of finding the global optimum by intro-
ducing randomness into the searching process [41]. For the pre-
defined ML prediction model, we adopt the GBRT model, because
the ML model used in wrapper methods should be capable of
providing the feature importance. The details of the GA can be
found in Ref. [41], and the principle of the GBRT model will be
explained in Section 3.2.5.

There are two steps in the wrapper feature selection process.
First, the GA algorithm is used to search through the feature space
and generate a possible subset of features. Then, the quality of
selected features is evaluated based on the GBRT model, which here
acts as a black box. These two steps are repeatedly performed until
the best predictive performance is achieved. By using the GA and
the GBRT, 12 features are automatically searched out and then fed
into ML-based lifetime prediction models.

3.1.3. Embedded method

The embedded feature selection method is a trade-off between
the filter and wrapper methods, as it performs feature selection as
part of the model training process, as shown in Fig. 4(c). Regular-
isation models, such as the lasso and the elastic net, are the most
widely used embedded methods [36]. Here, we adopt the elastic
net as an exemplar embedded method. It introduces both L1 and L2
norm penalties to shrink the coefficients of certain features to zero,
thereby realising feature selection. A higher coefficient in the reg-
ularised linear model indicates a more important feature. The detail
of the elastic net is further discussed in Section 3.2.1.

3.1.4. Principal component analysis

PCA is a well-known unsupervised dimension reduction algo-
rithm that is also included within the scope of feature selection in
some literature [37,38]. PCA uses a projection onto a unique
orthogonal basis to map the original feature space onto a lower-
dimensional principal component set, where most of the vari-
ability of the original data is efficiently preserved. Features that
contribute little to the variance are removed during this process.
The variability is measured by the cumulative explainable variance,
which limits the number of principal components to be retained.
Here, we set the cumulative explainable variance of PCA as 99%, and
then derive a six-dimensional feature subset to feed into ML-based
lifetime prediction models.

Unlike the abovementioned three methods that simply pick out
certain features from the full set without modifying them, the
projection transformation performed in PCA alters the information
within features, such that the generated features are not easily
interpretable.

3.2. Machine learning-based prediction

By inputting the lower-dimensional feature subset derived from
various feature selection methods, six representative ML models,
including the elastic net, GPR, SVM, RF, GBRT, and NN are investi-
gated for their application to battery lifetime prediction. Given a
training set {(x;,¥;)}/_1, n is the number of training samples. The
input of these ML models isX = {x;}!' ;, an n x p matrix of features
after feature selection, while the output of the ML models is y, a n-
dimensional vector of battery lifetimes.

3.2.1. Elastic net

The elastic net is a commonly used regularised linear regression
model [5] that incorporates both L1-norm and L2-norm regular-
isation, which are also known as lasso and ridge regularisation,
respectively. The elastic net takes the following form (Eq. (5)):

. - 1-
o=argming |5 - X012 +7(*5 41013 +ai, )} (5)

where the argmin function aims to find the value of § that mini-
mises the argument. The first term inside the square bracket is a
form of ordinary least squares, y is an n-dimensional vector of
observed battery lifetimes, X is an n x p matrix of features, and 4 is
an n x 1 vector of model coefficients.

The second term is the regularisation term, containing two non-
negative hyperparameters of the elastic net: A and « (as shown in
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Table 2), where A is the regularisation parameter and « (ranging
from O to 1) determines the relative importance of the L1 and L2
norm penalties. The case of @ = 1 corresponds to the lasso regres-
sion, in which the coefficients of certain features are drawn to zero
and therefore can simultaneously perform feature selection and
prediction. The case of a = 0 corresponds to the ridge regression,
which shrinks weights of features closer to but not exactly equal to
zero. For a value of abetween 0 and 1, the elastic net combines both
selection and shrinkage.

3.2.2. Gaussian process regression

The GPR has been widely used in battery prognostic research,
because it is flexible, nonparametric and probabilistic [42]. It is a
kernel-based ML method that performs prediction tasks by incor-
porating prior knowledge and obtaining a hypothesis of posterior
probability via a Bayesian framework. For the input x, the prior
probability distribution over function f(x) follows a Gaussian dis-
tribution. Then, the property of f(x) can be fully described by its
mean function m(x), and its covariance function k(x, x'). The key
idea is that, rather than assuming a parametric form of the function
f(x,0) and estimating the parameters 6, the GPR calculates the joint
probability distribution over all of the admissible f(x) sampled from
the Gaussian process. Here, the mean function m(x) is usually set as
0 [42]. For the covariance function k(x,x’), we adopt the commonly
used squared exponential kernel, as shown in Equation (6), as
follows:

2
ki (Xi, Xj) = 9 exp (W) (6)
9
where, oy, the signal standard deviation, and ¢/, the characteristic
length scale, are two hyperparameters to be tuned in the GPR (see
Table 2).
The prior distribution of the training samples can be expressed
as Equation (7), as follows:

¥ ~N(0.K(xi.%)) +02n) (7)

where y is a vector of observed battery lifetimes, x denotes the
input features, K(x;,X;) = (kij)p.n 1S @ n-dimensional symmetric
positive definite matrix, and aﬁln is the noise covariance matrix.
Then, the two hyperparameters are determined using a
maximum likelihood method [22]. For the testing samples, based

Table 2
Hyperparameters used for the six machine learning models.

Elastic net ae{0,0.1,...,0.9,1}
1€(1073,10°1)

Gaussian process regression afe(10*4, 10')
0,€(1073,10%)

Support vector machine Ce(107°,109)
ce(1072,10%)

Random forest #Trees< (1,1800)
MaxNumSplits € (20,26)
MinLeafSize e (20,2°)
#Treese (1,1800)
MaxNumSplits € (20,26)
Learningrate< (0.01,0.5)
#Hiddenlayerse{1,2,3}
#Neuronsineachlayer € (2°,27)
maxEpochs = 300
minBatchSize = 20
Learningrate€ (0.01,0.1)
AdamPara. = Default

Gradient boosting regression tree

Neural network
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on the joint prior distribution with training samples, the posterior
distribution of y can be obtained by using Bayesian theory. The
mean value of the posterior y is the predicted battery lifetime.

3.2.3. Support vector machine

The SVM is a classical nonparametric ML algorithm based on
kernels. Although mainly used in classification problems, the SVM
is capable of solving regression problems, also known as support
vector regression (SVR) [43]. It performs nonlinear prediction task
by transforming the problem in low-dimensional space into a linear
problem in high-dimensional feature space through a nonlinear
mapping ¢( -), as formulated in Eq. (8):

y=we¢(x) +b (8)

where y is the predicted battery lifetime, and w, x, and b denote the
coefficients, input features and intercept, respectively.

The aim of SVR is to find an e-insensitive error function such that
the maximum deviation of y in the training data is lower than a
predefined threshold ¢, and simultaneously maintain the largest
possible smoothness of the function. This is formulated as a convex
optimisation problem, as shown in Eq. (9):

minj(w,b,§) = %WTW + Ci(@] + gzz)

Yi— (We(x) +b) < e+ (9)

st (Wh(xi) +b) —y; < e+ £2
ge>0

where C is a regularisation parameter, 51‘1 and Eiz are two slack
variables.

By introducing Lagrange multipliers, the Lagrange dual problem
of (9) can be solved. Then, the optimal solution of w and b for the
primal problem (9) can be deduced according to the duality [44].
Finally, the SVR expression of the nonlinear prediction can be
formulated as Eq. (10):

y:w¢(x)+b:zn:K(xi,xj)(a,-—ﬁi)—l—b (10)
i-1

where o; and §; are Lagrange multipliers, and K (x;,X;) = ¢(x;)¢(;) is
the kernel function.

Here, we adopt the most popular radial basis function (RBF) [45]
as the kernel for the SVM, such that the hyperparameters to be
tuned comprise the kernel scale ¢ and the box constraint C, as listed
in Table 2.

3.2.4. Random forest

The RF is a typical ensemble model that aggregates the pre-
dictions from multiple trees [46]. The training process of RF for
battery lifetime prediction is to construct t different decision trees.
For the growth of trees, a random feature subset is adopted in each
split of the tree nodes. In addition, each tree grows on a randomly
sampled subset of training samples through bootstrap sampling,
which randomly selects m samples with replacement from the
training set with n observations. By introducing such randomness,
the RF is able to increase the diversity of trees and thus capture
more patterns in the data. Finally, the predicted battery lifetime is
obtained from the RF by averaging the predictions of t trees in the
forest.
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Three hyperparameters need to be tuned in the RF, namely the
number of trees in the forest (t), the maximum number of trees
split, and the minimum tree leaf size (see Table 2). The number of
features selected at each tree split is set as one-third (the default
option in Matlab) of the total feature number.

3.2.5. Gradient boosting regression tree

The GBRT is a tree-based ensemble model that incorporates a
statistical technique called boosting [19]. The GBRT aggregates
many ‘weak’ trees to comprise a single ‘strong’ tree with better
stability than a single complex tree. During the training process of
the GBRT, a new simple tree is constructed in each step S to
compensate for the prediction residuals of previous S-1 simple
trees, thereby minimising the loss function. Here, the commonly
used least squares loss function is adopted [47]. Additionally, the
prediction result of each tree is shrunken by a factor « (also known
as the learning rate) to help prevent the model from overfitting.
This tree-building process, which is fundamentally a form of
functional gradient descent, is iterated until there are t trees in the
GBRT ensemble. Finally, predictions from t base trees are aggre-
gated together by a weighted sum to form the lifetime output of the
GBRT.

For the GBRT, three hyperparameters need to be tuned: the
number of trees t, the maximum number of trees split, and the
learning rate « (see Table 2).

3.2.6. Neural network

NNs have been popular in a wide variety of applications,
including in battery prognostic research [27]. The battery lifetime
prediction in this work is a small-sample-sized application, so here
we investigate an NN with traditional architecture: a feedforward
neural network (FFNN) with a shallow structure of no more than
three hidden layers. The FFNN contains three kinds of layers: an
‘input layer’ of input feature X, one or more ‘hidden layers’ that
realise the interactions and nonlinear transformation of inputs, and
at last an ‘output layer’ that merges the results of hidden layers into
¥, a final output of the network. In the hidden layer, the commonly
used tanh activation function is used at all of the nodes to realise
the nonlinear transformation [26].

For the NN, the hyperparameters to be optimised are the
number of hidden layers and the number of neurons in each layer
(see Table 2).

; Feature Extraction
i
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3.3. Machine learning-based framework

Based on the above discussion, a comprehensive ML-based
framework for early lifetime prediction of lithium-ion batteries is
presented, as shown in Fig. 5. Feature extraction, feature selection,
and ML-based prediction constitute the main architecture of the
framework. First, in Section 2.2, a set of 42 features are extracted
from the raw degradation data and then categorised into five
groups to reflect the battery ageing dynamic from different angles.
Second, in Section 3.1, to deal with feature redundancy and irrele-
vancy, the full feature set is inputted into four feature selection
methods to generate a lower-dimensional feature subset. Third, in
Section 3.2, by feeding the selected features, six representative ML
algorithms for battery lifetime prediction are investigated. The
feature extraction, ML model development, hyperparameter opti-
misation, and model evaluation are performed on the MIT dataset
using MATLAB tools.

In this work, 123 cell samples from the MIT dataset are studied,
excluding the shortest-lived sample whose pattern does not match
that of the other cells. Notably, due to the presence of long-lived
cells and short-lived cells in the original dataset, the data are
subject to stratified random sampling, i.e., the data are randomly
split, with 70% used as the training set (86 samples) and 30% used
as the testing set (37 samples), with equal ratios of long-lived cells
to short-lived cells are maintained in each split. To prevent over-
fitting, the hyperparameter optimisation is conducted via a 5-fold
cross-validation on the training set, and the Bayesian search algo-
rithm [48] is used to search for good hyperparameter combinations.
Furthermore, to reduce the randomness of our experiments, we
repeat the stratified random sampling 20 times, and average the
results of the 20 data splits.

The performance of prediction models is evaluated according to
the following three metrics (Eqs. 11—13):

e RMSE (root-mean-square error):

(11)

Data Preprocessing
MIT Dataset

! ¥ ¥ L] [] []
! |Charge-related | [Discharge-related | |Capacity-related || Temperature- ||IR-related
i feature feature feature related feature feature .
e e rm A m . e T T T T TE TR T E A m T T ma e ———_ Stratified Random
@ Full Feature Set Sampling
; Feature Selection 70% 30%
i ;
) i i i Model Development — i
: Filter method Wrapper method ’ Embedded method ‘ PCA l i #| Training Set | ‘ Testing Set |
i e.qg. Pearson correlation e.qg. GA+GBRT e.g. Elastic net H
@ Selected Feature Subset Hyperpa_ranr!eter
£ S A e I o S £ S S i Optimization T
! i 5-Fold Cross Validation
i ML-based Prediction :
| |
; [elasticNet] [GPr] [swm] [ re | [eBrT] [nn] ; Model Evaluation

Fig. 5. Architecture of the ML-based framework for battery lifetime prediction.
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MAPE=- ) ——— x100% 12
- ; Vi (12)
e R? (coefficient of determination):
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RP=1-E! (13)
2
> vi-y)
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—_

where n denotes the number of cell samples, and y; and }91. denote
the observed lifetime and the predicted lifetime of cell i,
respectively.

The RMSE describes the variations in data errors, and is more
sensitive to large errors, while the MAPE depicts the error in terms
of percentages and measures the relative error. Thus, smaller values
of RMSE and MAPE indicate that a model has better predictive
performance. In contrast, a larger value of R?, which is a
percentage-based metric, represents better performance.

4. Results and discussions
4.1. Results - feature selection

In this section, four feature selection methods summarised in
Section 3.1 are conducted to select an optimal lower-dimensional
feature subset from the full set of 42 features. For the filter
method (Pearson correlation), wrapper method (GA + GBRT), and
the PCA method, the feature dimension is reduced to 20, 12, and 6,
respectively. For the embedded method (the elastic net), since the
experiment is repeated 20 times and it adaptively selects different
number of features each time, its output dimension is not listed
here. To evaluate the effectiveness of these four feature selection
methods, the derived lower-dimensional feature subsets are
further fed into a GPR model to predict the battery lifetime, and to
evaluate the performance of selected features. Here the GPR model
is used as the base evaluation model because it presents good
predictive power and stability among the aforementioned six ML
models, and more importantly, it does not perform embedded
feature selection so that the prediction results can be determined
only by the selected features without the distraction of ML model.
Notably, the embedded method (elastic net) performs feature se-
lection and model prediction simultaneously, so it does not require
an additional GPR model for prediction.

Table 3
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Table 3 tabulates the average prediction results on the testing
set, by applying full features and four types of feature selection
methods. The RMSEs for the full-feature model, the filter method,
the wrapper method, the embedded method, and the PCA are 137,
147,119,133, and 157 cycles, respectively. The MAPE of each method
falls within the range of 8.9%—12.1%, while the R? ranges from 0.82
to 0.89. Overall, the wrapper method presents the best perfor-
mance, with the lowest RMSE and MAPE, and the highest R°.

To further evaluate the performance before and after feature
selection statistically, a paired t-test is conducted to pairwise-
compare the unbalanced prediction result of 20 splits. The paired
t-test [49] is a statistical technique used to determine whether
there is a statistically significant difference between two sets of
paired observations. The mean difference between the full-feature
model and other selection models and its standard error are listed
in Table 3. For all of these methods, the standard errors of RMSE,
MAPE, and R? are less than 6 cycles, 0.4%, and 0.01, respectively,
indicating the stability of the prediction results from 20 splits.
Besides, to have a more intuitive view on the comparison results,
Table 3 also lists the performance improvement percentage (PIP),
Pr—Po

Py

calculated as + x 100%, where Py and Py denote the predictive

performance after and before feature selection, respectively. Here,
positive PIPs signify that a method has improved performance than
the full-feature method (lower RMSE and MAPE, and higher R?). A
bold PIP indicates that the performance difference is statistically
significant at the 5% level (the p-value of the paired t-test is less
than the confidence level 0.05).

As shown in Table 3, compared with the full-feature method, the
wrapper and embedded methods both improve the predictive
performance, and outperform the filter and PCA methods. The
wrapper method has positive PIPs of 13.1%, 13.8% and 4.1% for the
three metrics, which are all statistically significant at the 5% level.
The performance enhancement of the embedded method is not as
large as that of wrapper method: it has positive PIPs of 2.7%, 3.8%
and 1.1% for the three metrics, which are not statistically significant.
These two methods present better performance because they are
dependent on the ML model and therefore can produce a superior
feature subset for use by the prediction model. Furthermore, they
can well handle feature redundancy and irrelevancy. In contrast,
the filter and PCA methods both have negative effects on the pre-
dictive performance of the full-feature method. These two methods
provide worse results because they are model-free methods and
therefore lack guidance from ML models during the feature selec-
tion process. What’s more, they cannot identify and remove highly
correlated features, and may even omit some efficient features for
prediction.

Among these four methods, the wrapper method (GA + GBRT)
statistically presents the best selection results for battery lifetime
prediction. Table 4 shows the 12-dimensional feature subset

Results of using full-feature model (without feature selection) and four feature selection methods.

Feature selection method (feature dimension) Average results of 20 splits

Results of paired t-test Performance improvement

percentage (PIP) (%)

Mean difference (Standard error)

RMSE (cycles) MAPE (%) R’ RMSE (cycles) MAPE (%) R? RMSE MAPE R?

Full-feature (42) 137 10.3 0.86 |/ / / / / /

Filter (20) 147 11.7 084 10(5) 14 (04) -0.02 (0.01) -7.5% —-13.5% -2.5%
Wrapper (12) 119 8.9 089 -18(6) -1.4(0.3) 0.03(0.01) 13.1% 13.8% 4.1%
Embedded (/) 133 10.0 087 -4(5) -0.3(0.3) 0.01(0.01) 2.7% 3.8% 1.1%
PCA (6) 157 121 082 20(5) 1.8 (0.4) -0.04 (0.01) —-145% —-169% —4.9%

P; — P
Note: The full-feature model is the benchmark for paired t-test. PIP = + % x 100%, where Py and Py denote the predictive performance after and before feature selection,
(]

respectively. Positive PIPs indicate better performance than the full-feature model. A bold font indicates the performance difference is statistically significant at the 5% level.
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Table 4
12-dimensional feature subset after wrapper feature selection.

Energy 225 (2021) 120205

Type No. Feature Pearson correlation with lifetime
Charge-related features F1 Time duration of CC charging mode, difference between cycle 10 and 100 0.28
Discharge-related features F7 Covering area of IC peak, difference between cycle 10 and 100 0.51
F8 Time duration of discharging process, difference between cycle 10 and 100 0.73
F9 Variance of ATjggp-10(V) 0.93
F17 Mean of AQjgo-10(V) 091
Capacity-related features F22 p2 of linear model, fit to the capacity fade curve from cycle 80 to 100 0.23
F24 p4 of square-root-of-time model, fit to the capacity fade curve from cycle 80 to 100 0.36
Temperature-related features F34 Integral of temperature over time, difference between cycle 2 and 100 0.39
F35 Minimum temperature, difference between cycle 2 and 100 0.34
F38 Mean of minimum temperature from cycle 2 to 100 0.38
F39 Mean of average temperature from cycle 2 to 100 0.15
IR-related features F41 Internal resistance, difference between cycle 2 and 100 0.25

derived from this method, which covers features from each of the
five categories. To further demonstrate the predictive power of
these selected features, their Pearson correlation coefficients with
the battery lifetime are listed in Table 4. The most predictive fea-
tures are F9 (variance of AT1go-10(V)) and F17 (mean of AQ1gp-10(V)),
which have correlation coefficients with the battery lifetime of 0.93
and 0.91, respectively.

4.2. Results — machine learning based prediction

In this section, the 12-dimensional feature subset selected from
the wrapper method is fed into six ML models for battery lifetime
prediction, namely the elastic net, GPR, SVM, RF, GBRT, and NN
models.

Table 5 demonstrates the prediction results for all of the ML
models. Among these, the NN has the worst performance, as indi-
cated by its having the highest RMSE and MAPE, and the lowest R
(206 cycles, 17.3%, and 0.67, respectively). This result is mainly due
to the fact that the battery lifetime prediction made here involves a
small-sample-sized application with only 86 training samples,
whereas the NN needs a large number of samples to effectively
train its network to obtain better performance. By excluding the
NN, the RMSEs of the other five models are within the range of
115—151 cycles, and the MAPEs range from 8.0% to 11.7% and the R?
ranges from 0.83 to 0.90. Overall, the SVM presents the best pre-
dictive performance, as it has the lowest RMSE and MAPE, and the
largest R.

To statistically compare the performance within different ML
models, a paired t-test is conducted and results are summarised in
Table 5. Here, the SVM, which experimentally provides the best
performance, is chosen as the benchmark method for paired t-test.
The PIPs of each ML model compared with the benchmark SVM are
also listed in Table 5. As shown in Table 5, compared with the SVM,

Table 5

Prediction results of six ML models using 12 features derived from the wrapper method.

the PIPs of the other five ML models are all negative, indicating
their worse performance than the SVM. Among these five models,
the performance reduction of the elastic net and the GPR are
relatively light. For instance, the PIP of RMSE is only —4.8% for the
elastic net and —3.5% for the GPR, which are not statistically sig-
nificant. In contrast, the performance reduction of the RF, the GBRT,
and the NN are large and statistically significant for all metrics. For
example, the PIP of RMSE is —31.3% for the RF, —17.4% for the GBRT,
and —79.5% for the NN.

Based on the above results, we statistically conclude that the
SVM model using features selected by the wrapper method affords
the best predictive performance for battery lifetime prediction.

In addition, to further explore the effect of feature selection on
ML prediction models, we also conduct another paired t-test to
compare the model performance before and after feature selection.
Table 6 demonstrates the quantitative comparison results while
Fig. 6 visually presents the RMSE results. It can be clearly seen from
Fig. 6 that the RMSEs of all six ML models decrease after feature
selection, indicating that the wrapper-based feature selection
strengthens the predictive ability of each ML model. Specifically, for
the elastic net, the GPR, the SVM and the NN, the performance
improvements for all three metrics are statistically significant. For
example, the PIPs of RMSE are 9.6%, 13.1%, 13.5%, and 13.4% for these
four models, respectively. In contrast, for the RF and the GBRT, little
difference is observed after feature selection.

What'’s more, both before and after feature selection, the elastic
net, the GPR, and the SVM outperform the other three models, as
shown in Fig. 6. This may be due to these being relatively simple
compared with the other ML models, and thus more generally
applicable to our small-sample-sized problem. Moreover, when all
42 features are input, the elastic net, the GPR, and the SVM produce
similarly good predictive results, but after feature selection, the
SVM becomes the best performing model, which indicates that the

ML models Average results of 20 splits Results of paired t-test Performance improvement percentage
Mean difference (Standard error) (PIP) (%)
RMSE (cycles) MAPE (%) R? RMSE (cycles) MAPE (%) R? RMSE MAPE R?

Elastic net 121 9.1 0.89 6(3) 1.1(0.2) —-0.01 (0.01) —4.8% —13.4% -1.1%
GPR 119 8.9 0.89 4(3) 0.9(0.1) —-0.01 (0.01) -3.5% —10.8% -1.1%
SVM 115 8.0 0.90 / / / / /

RF 151 11.7 0.83 36 (6) 3.7 (0.4) —-0.07 (0.01) —31.3% —45.8% —7.8%
GBRT 135 11.0 0.86 20 (5) 3.0(0.3) —0.04 (0.01) —17.4% —36.8% —4.4%
NN 206 17.3 0.67 91 (11) 9.3(0.8) —0.23 (0.03) —79.5% —-115.2% —26.0%

—Ps x 100%, where Ps and P denote the performance of the SVM model and other models, respectively.

Note: The SVM model is the benchmark for paired t-test. PIP = i‘P

Negative PIPs indicate worse performance than the SVM model. A bold font indicates the performance difference is statistically significant at the 5% level.
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Table 6

Comparison of six ML models before and after wrapper feature selection.
ML models Before wrapper feature selection After wrapper feature selection Results of paired t-test Performance

X improvement percentage
Mean difference (Standard error) (PIP) (%)
RMSE (cycles)  MAPE (%) R? RMSE (cycles)  MAPE (%) R? RMSE (cycles)  MAPE (%) R° RMSE MAPE R?

Elastic net 133 10.0 087 121 9.1 089 -12(2) -0.9(0.2) 0.02(0.00) 9.6% 8.3% 2.6%
GPR 137 10.3 0.86 119 8.9 0.89 -18 (6) -1.4(0.3) 0.03 (0.01) 13.1% 13.8% 3.7%
SVM 133 10.2 0.87 115 8.0 0.90 -18 (4) -2.2(0.3) 0.03 (0.01) 13.5% 21.0% 3.9%
RF 153 12.1 082 151 11.7 083 -2(4) ~04(02) 0.01(0.01) 1.6% 2.7% 0.7%
GBRT 145 11.2 0.84 135 11.0 0.86 -10 (5) -0.2(0.3) 0.02 (0.01) 7.2% 1.8% 2.2%
NN 238 194 0.57 206 173 0.67 -32(13) -2.1(1.2) 0.10 (0.04) 13.4% 10.7% 17.7%

Note: Results before wrapper feature selection is the benchmark for paired t-test. Positive PIPs indicate better performance after wrapper feature selection. A bold font in-

dicates the performance difference is statistically significant at the 5% level.
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Fig. 6. RMSEs of six ML models before and after wrapper feature selection.

SVM is more sensitive to the feature size. In addition, for the elastic
net, the RF, and the GBRT, which are essentially embedded feature
selection methods, better results are achieved after feature selec-
tion, but their performance enhancements are not as large as those
generated by the other three models.

4.3. Results — further comparison

In this section, the performance of our proposed methods is
compared with the original MIT work [5], in which the MIT dataset
was first provided. The MIT work was based on three testing
batches, and the dataset was divided into three subsets: a training
set (41), a primary testing set (43) and a secondary testing set (40).
To the best of our knowledge, there are some problems with this
kind of data split. First, the training set (41) is too small to properly
train the ML models, and may easily lead to overfitting. Second, as

Table 7

most training samples are short-lived cell samples while the long-
lived samples are mostly assigned to the testing set, the resulting
imbalanced sample distribution will fail to capture the dynamics of
long-lived cells in the testing set. To address these problems, the
20-times stratified random sampling method, as detailed in Section
3.3, is adopted to split the dataset, and evaluate the prediction
performance. Specifically, in the MIT work, a 6-feature model was
fed into the elastic net prediction model, and the RMSE on the
secondary testing set was 173 cycles. By using our proposed new
data split, the RMSE is substantially reduced, to 127 cycles, which
means that our data split generates more accurate prediction
results.

The performance of the 6-feature model (presented to be the
best in the MIT work) and our 12-feature model (derived from the
wrapper-based feature selection method) are compared via a
paired t-test. Table 7 offers the comparison results on six ML
models, while Fig. 7 visually presents the RMSE results. For all of the
ML models except NN, prediction based on the 12-feature model is
much better than that based on the 6-feature model. For example,
the PIP of RMSE is 5.1% for the elastic net, 2.4% for the GPR, 1.3% for
the SVM, 15.4% for the RF, and 9.7% for the GBRT. The performance
of the RF improves the most, with positive PIPs on the three met-
rics, which are all statistically significant. Overall, the 12 features
derived from the wrapper-based method are more predictive than
the six features presented in the MIT work. In addition, as seen in
Fig. 7, for both 6-feature and 12-feature models, the elastic net, the
GPR, and the SVM produce better prediction results than the other
three models.

Finally, the best prediction result of the proposed method
(wrapper + SVM) and that of the MIT work are compared. By using
the proposed method, the RMSE is substantially decreased, from
173 to 115 cycles, and the MAPE is reduced from 8.6% to 8.0%.
Therefore, the performance improvements compared with the
MIT’s results are substantial.

Comparison of six ML models using MIT’s 6-feature model and the proposed 12-feature model.

ML models MIT’s 6-feature model Proposed 12-feature model Results of paired t-test Performance improvement
PIP) (%
Mean difference (Standard error) percentage (PIP) (%)
RMSE (cycles) MAPE (%) R? RMSE (cycles) MAPE (%) R? RMSE (cycles) MAPE (%) R° RMSE MAPE R?
Elastic net 127 9.5 0.88 121 9.1 0.89 -6 (5) -0.4(0.2) 0.01(0.01) 5.1% 3.8% 1.4%
GPR 122 93 0.88 119 8.9 0.89 -3(5) -0.4(0.3) 0.01(0.01) 2.4% 3.9% 0.6%
SVM 117 9.0 0.89 115 8.0 0.90 -2 (6) -1.0(04) 0.01(0.02) 1.3% 11.1% 1.2%
RF 178 12.6 0.77 151 11.7 0.83 —27(6) -0.9(0.2) 0.06(0.01) 15.4% 7.2% 8.4%
GBRT 149 11.2 0.83 135 11.0 0.86 -15(8) -0.1(04) 0.03(0.02) 9.7% 1.5% 3.7%
NN 181 17.1 0.73 206 173 0.67 26(15) 0.2 (1.3) —0.07 (0.04) —14.1% —-1.1% —9.2%

Note: MIT’s 6-feature model is the benchmark for paired t-test. Positive PIPs indicate that the proposed 12-feature model presents better performance than MIT’s 6-feature
model. A bold font indicates the performance difference is statistically significant at the 5% level.
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Fig. 7. RMSEs of six ML models using MIT’s 6-feature model and the proposed 12-
feature model.

5. Conclusion and future work

Accurate battery lifetime prediction in early cycles could effec-
tively speed up the development and optimisation of lithium-ion
batteries. In this paper, a comprehensive ML-based framework
was proposed for the early prediction of battery lifetime, which
consisted of three modules, namely feature extraction, feature se-
lection, and ML-based prediction. The MIT dataset, which is the
largest publicly available dataset, containing 124 battery degrada-
tion samples, was fully investigated. In the proposed framework,
first, the battery ageing dynamics were investigated and discussed
from various perspectives, such as the evolution of various infor-
mative parameters including the voltage, capacity, temperature,
and IR during charging and discharging processes. Based on these
ageing patterns, a set of 42 features were manually designed using
the battery degradation data from only the first 100 cycles, at which
point most cells had not shown any signs of capacity degradation
yet. The 42 features were grouped into five categories, i.e., charge-
related features, discharge-related features, capacity-related fea-
tures, temperature-related features, and IR-related features. Sec-
ond, to eliminate irrelevant and redundant features from the full set
of 42 features, four typical feature selection methods (filter,
wrapper, embedded, and PCA methods) were studied compara-
tively to select an optimal lower-dimensional feature subset. Third,
the selected features were subsequently fed into six representative
ML models (the elastic net, GPR, SVM, RF, GBRT, and NN) to
comparatively investigate the performance of various ML models in
the battery lifetime prediction application.

A series of computational experiments were conducted to
demonstrate the effectiveness the proposed framework for early
predicting the battery lifetime. To capture the pattern of most cell
samples, a stratified random sampling method was presented to
split the dataset, and was repeated 20 times to reduce the
randomness of experimental results. Regarding feature selection
methods, results showed that the wrapper-based feature selection
method outperformed other methods, and significantly improved
the predictive performance of subsequent ML prediction models.
Regarding ML prediction models, results indicated that both before
and after wrapper feature selection, the elastic net, the GPR, and the
SVM provided better results than the RF, the GBRT, and the NN,
because the former three models were relatively simple and
therefore generally applicable to our small-sample-sized lifetime
prediction problem. The NN had the worst performance for battery
lifetime prediction, as it required a large number of samples to
sufficiently train the network. By using a statistical technique,
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paired t-test, it was statistically concluded that the SVM model
integrated with the wrapper-based feature selection was the most
effective method for battery lifetime prediction, with an RMSE of
115 cycles, a MAPE of 8.0%, and an R’ of 0.90. Finally, the perfor-
mance of the proposed framework was compared with that of the
MIT method. Results showed that the proposed 12-feature model,
which was derived from the wrapper-based feature selection, was
superior to the 6-feature model presented in the MIT work. By
using the proposed framework, the RMSE was substantially
decreased from 173 to 115 cycles, and the MAPE was reduced from
8.6% to 8.0%.

In this paper, the battery lifetime prediction framework is pro-
posed based on the MIT dataset, in which the battery samples have
a nominal capacity of 1.1 Ah and are cycled with varied-charging
and constant-discharging policies. Although in real applications,
types of lithium-ion batteries and the operation conditions could
differ, for example, batteries with larger nominal capacity, or cycled
under different charging and discharging profiles, this framework
can be adapted into other applications. Since in the first stage of the
proposed framework, the features are extracted by analysing the
changing pattern of various informative parameters like the
voltage, capacity, temperature, and IR during charge-discharge
process, the analysis of these parameters can be generalized to
different battery types and operation conditions, and features for
battery lifetime prediction can be extracted in a similar way just by
changing the profiles of these informative parameters. The dis-
cussion of various feature selection methods and ML prediction
models could also be generalized to other battery applications. Due
to the limitation of lab conditions and experiment time, the pro-
posed framework is currently validated on the MIT dataset, in the
future, more computational experiments will need to be conducted
on other battery types under different operation conditions.

In the future, we will try to improve this work from three as-
pects. First, we will explore more potential efficient features for
battery lifetime prediction. And instead of manual feature extrac-
tion used in this work, we will further explore deep learning based
automatic feature extraction method. Second, we will explore that
whether we can achieve an accurate lifetime prediction in even
earlier cycles, e.g., the first 50 cycles. Third, we will explore the
performance of the proposed framework in other battery applica-
tions, such as battery sorting/grading and pack design applications,
which are battery lifetime classification problems.
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