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a b s t r a c t

Real-time prediction of remaining useful life (RUL) is an essential feature of a robust battery management
system (BMS). In this work, a novel method for real-time RUL estimation of Li ion batteries is proposed
that integrates classification and regression attributes of Support Vector (SV) based machine learning
technique. Cycling data of Li-ion batteries under different operating conditions are analyzed, and the crit-
ical features are extracted from the voltage and temperature profiles. The classification and regression
models for RUL are built based on the critical features using Support Vector Machine (SVM). The classi-
fication model provides a gross estimation, and the Support Vector Regression (SVR) is used to predict the
accurate RUL if the battery is close to the end of life (EOL). By the critical feature extraction and the mul-
tistage approach, accurate RUL prediction of multiple batteries is accomplished simultaneously, making
the proposed method generic in nature. In addition to accuracy, the multistage approach results in faster
computations, and hence a trained model can potentially be used for real-time onboard RUL estimation
for electric vehicle battery packs.

� 2015 Elsevier Ltd. All rights reserved.
1. Introduction

Ongoing energy crisis and environmental concerns are driving
rapid modifications in the electric vehicle (EV) technologies [1–
3]. The EVs are expected to aggressively penetrate the transporta-
tion market, with US predicted to have one million EVs on road by
2015 and China to have five million EVs by 2020 [4]. Driving range
and reliable operation under various drive cycles, however, are the
major concerns for EVs that use the current state of art technolo-
gies for state and health diagnosis.

Battery power system plays a critical role in ensuring a long
driving range of the EV, along with the reliable operation under
various driving scenarios like turn and acceleration. Considering
the high energy density, high cell voltage, low self-discharge and
long cycle life, Lithium-ion (Li-ion) batteries are preferred over
the traditional batteries for the EVs [5–7]. Li-ion batteries however,
are prone to safety issues due to operational performance deterio-
ration. The on-board battery state and health monitoring is critical
to track the available battery power and avoid catastrophic fail-
ures. Often, battery state of charge (SOC) and state of health
(SOH) are monitored, which provide useful information for the bat-
tery management system (BMS). SOC estimates the remaining
charge available with the battery, and thus indicates when the bat-
tery needs recharge. Various direct and indirect methods are pro-
posed in the literature for SOC estimation [8,9]. The SOH is a
measure of the health of the battery that indicates the remaining
time before the battery pack needs to be replaced. Health
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Nomenclature

BMS battery monitoring system
Cap capacity
CCI concave convex index
CI curvature index
E energy of a signal
EOL end of life
FI fluctuation index
K(�,�) Kernel for SVM/SVR
KI kurtosis index
N no. of sampling points
RUL remaining useful life
SI skewness index
SOC state of charge
SOH state of health
SVM Support Vector Machine

SVR support vector regression
t time (s)
T temperature (K)
V voltage (V)

Greek letters
a; b Lagrange multipliers
e misclassification error
l mean
x sampling frequency

Subscripts
max maximum
min minimum
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monitoring of battery for EV and HEV applications is addressed
using various approaches [5] and are broadly classified as diagnosis
and prognosis [10]. Diagnosis pertains to tracking the degradation
mechanisms and measures during the event of battery failure.
Prognosis pertains to prediction of the remaining useful life
(RUL). RUL is an estimate of the number of cycles the pack can
be used within the limits of satisfactory performance.

Offline discharge testing and online internal resistance mea-
surement [11] based methods are reported in literature for SOH
estimation. These methods, however, require sophisticated instru-
mentation and rigorous testing that are often difficult for on-board
implementation. Current research in SOH estimation is focused on
developing computationally efficient real-time algorithms. Model
based fusion approaches are extensively investigated in the litera-
ture for real time battery state estimation [5]. The fusion
approaches primarily use a filtering algorithm in a closed loop
format, where error between the model prediction and measure-
ments is fed-back to correct the state. In a series of three papers,
Plett [12–14] have proposed the extended Kalman Filter (EKF) for
battery state estimation and demonstrated its effectiveness for
quantitative SOC estimation. Subsequently, the EKF is used by
several authors for battery state and parameter estimation (see,
for e.g. [15–17]). In [18], EKF is used with KF in a dual filtering
framework, where KF is used for SOC estimation and EKF for SOH
estimation of a lead acid battery. Zou et al. [19] use two instances
of EKF in a similar dual filtering framework, where EKFs with
different time scales are used for combined SOC and SOH estima-
tion. Xiong et al. [20] propose an adaptive EKF algorithm for
battery state estimation and demonstrate its effectiveness for
SOC estimation.

Although accurate for mildly non-linear models, the EKF
requires costly Jacobian calculations and often fails in presence of
high non-linearity. Sigma-Point Kalman Filters (SPKF) (also known
as the unscented Kalman Filter) can address some limitations of
the EKF [21]. The SPKF is used by several authors for battery state
estimation, for e.g., Plett use the SPKF for SOC estimation of a
Lithium polymer battery [22]. In [23], authors combine KF with
SPKF to propose a dual filter, which is used for battery SOC and
internal state estimations. They also calculate battery SOH from
the estimated capacity.

Several other authors use a Particle Filter (PF) for battery state
estimation, which is an optimal filter for a non-linear model with
non-Gaussian noise [24]. In [25,26], Saha et al. use PF for SOH esti-
mation, while in [27] the PF based framework is used to investigate
the battery SOH regeneration phenomenon. Wang et al. [28] use
the PF for a combined battery SOC and state of energy estimation.
Liu et al. [29] use the PF with an autoregressive time series degra-
dation model for RUL estimation. Some recent modifications to the
PF algorithm are also exploited for battery state estimation, like
regularized auxiliary PF in [30], unscented PF in [31] and Gauss-
Hermite PF in [32]. Saha et al. [33] presents a comparative study
of the different SOH estimation methods and demonstrates the
comparative superiority of PF over the existing fusion methods.

Health monitoring based on machine learning tools are gaining
importance for SOH estimation in recent years [34]. Prominent
among these are artificial neural networks (ANN) [34–36]
(reviewed in [5]) and Support Vector Machines (SVM). The SVM
is one of the most popular machine learning algorithms, which is
used in the pattern recognition community for classification tasks
[37]. Current SOH estimation algorithms primarily use SVM as a
regression tool where a variant of the algorithm, known as Support
Vector Regression (SVR) [38], is implemented. Several early works
use SVM for battery SOC estimation [38,39]. Klass, Behm and Lind-
bergh [40] use SVM for SOH estimation, where they model the cell
voltage as a function of load current and SOC. The authors use SVM
model in virtual tests to estimate the battery internal resistance,
which is in turn used as a measure of SOH. Klass, Behm and Lind-
bergh further extend the work in [41] by introducing temperature
dependence in the model. Battery capacity is also estimated using
virtual tests, which is used as an indicator of the internal resistance
and SOH. To improve the accuracy of SOH estimation, authors in
[42] use a fusion approach, where the battery model trained using
SVM is combined with a particle filtering framework. Other
approaches [43–45] use the probabilistic flavor of the SVM, known
as the Relevance Vector Machine (RVM), for the RUL estimation. In
such cases the Bayesian inference for the RVM parameter estima-
tion is used, and the resultant model is incorporated in the particle
filtering framework for RUL estimation. Alternate applications of
machine learning approaches for battery state estimation include
particle swarm optimization [46], Gaussian process regression
[47], recurrent neural fuzzy systems [48], genetic algorithm [49],
sample entropy based approaches [50,51], the naive Bayes model
[52,53] and other geometric approaches [54].

The machine learning approaches as discussed above have the
advantage that SOC and SOH estimation can be done based on
measured voltage, current and temperature signals, and hence
can encompass a wide range of operating conditions [5]. The disad-
vantages are that the models require large amounts of data [34]
resulting in longer times for computation. This problem is severe
in SVM based models. Further, reported applications for battery
SOH estimation invariably use SVM for regression. SVM inherently
being a classification tool [8,5,10], modification to regression
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problems is complicated. Due to this reason, SVM is used predom-
inantly as an offline tool. It should be noted however, that SVM is
acknowledged as a powerful machine learning tool [5,10] and
unlike ANN [5,41], does not have local minima problems. As
demonstrated in this paper, a significant performance improve-
ment can be obtained if SVM is used for classification with regres-
sion. Using this multistage approach, a novel method of estimating
remaining useful life of the Li-ion batteries at any given discharge
cycle is proposed in this work. By this methodology, it is expected
that the full potential of SVM can be realized.

The proposed method uses a two-stage process [55]; in the first
stage gross RUL is estimated using classification technique and in
the second stage regression technique is used to estimate the accu-
rate RUL. In order to facilitate the classification, it is essential to
identify the critical features in the cycling data that is most sensi-
tive to the RUL [46,54]. Thus, the first novel contribution of this
work is computation of unique features from battery discharge
curves for efficient and accurate representation of cycling data.
The principal novel contribution is the two-stage (classification–
regression) approach for estimating RUL. The proposed approach
reduces the input parameter set to a minimal set of critical fea-
tures, and enables the regression to be much accurate, in addition
to reducing the overall simulation time. Both these novel contribu-
tions have enabled analysis of multiple sets of battery data simul-
taneously with accurate RUL prediction.

Rest of the paper is organized as follows. In Section 2, a brief
introduction of Support Vector Machines for classification and
regression is presented. In Section 3, the proposed method is
described in detail. Numerical results are presented in Section 4
along with discussion and the paper is summarized and concluded
in Section 5.

2. Support Vector Machine for classification and regression

This section briefly introduces the SVM for classification and
regression [37]. Without the loss of generality, the algorithm is
presented for a two-class classification problem and subsequently
the pointers are provided for its extension to the general classifica-
tion and regression.

Consider a two-class classification problem with a training data
set ðxi; yi; i ¼ 1; . . . ;nÞ, where xi 2 Rn and y 2 f�1;1g. The data point
can be separated using a hyperplane given by

hx; xi þ b ¼ 0; ð1Þ
where x is a parameter vector and h�,�i denotes a dot product. The
classification problem is to find an optimal separating hyperplane,
which maximizes the distance between itself and the nearest data
point of each class. The optimal separating hyperplane must satisfy
the canonical constraint

yi½hx; xii þ b� P 1� ei; ð2Þ
where ei is a non-negative measure of the misclassification error.
The optimal separating hyperplane is defined using

Uðx; nÞ ¼ 1
2
kxk2 þ C

X
i

ni; ð3Þ

subject to the constraint in Eq. (2). Here, C is a user defined value.
The optimization problem is solved using Lagrangian multipliers,
where the optimum is a saddle point of the Lagrangian

Uðx;b;n;a;bÞ ¼ 1
2
kxk2C

X
i

ni �
X
i

aiðyi½xTxi þb� �1þ niÞ�
X
i

bini;

ð4Þ
while a and b are the Lagrange multipliers. The Lagrange multipliers
are zero except for a small subset of the input vectors. This small
subset is known as the support vectors (SVs) [37].
The SVM can be adapted for a regression problem using the SVR
algorithm, where objective is to find an optimal function

f ðxÞ ¼ hx; xi þ b: ð5Þ
Goal of the SVR is to find a function (Eq. (5)) such that the maximum
deviation of f ðxÞ from an arbitrary training data is less than a user
defined value e, while maintaining the highest possible flatness.
The resultant optimization problem has a form

Uðx; nÞ ¼ 1
2
kxk2 þ C

X
i

ni; ð6Þ

subject to the constraints

yi � hx; xii � b 6 eþ ni: ð7Þ
Required function is the optimal of the Lagrangian

Uðx; b; n;a; bÞ ¼ 1
2
kxk2 þ C

X
i

ni �
X
i

aið½xTxi þ b� � yi þ eþ niÞ �
X
i

bini:

ð8Þ

The resultant optimized target function has the form

f ðxÞ ¼
XL

i¼1

aihxi; xi þ b; ð9Þ

where xi are the support vectors.
The main advantage of the SVM algorithm for classification and

regression is the final formulation in terms of the support vectors,
which condenses the large training data to a significantly smaller
subspace of SVs. Moreover, the formulation does not require any
computationally intensive mathematical operations. The proposed
method exploits these advantages of the SVM to obtain a computa-
tionally efficient RUL estimation algorithm.

3. Proposed methodology

The objective of this work is to design an efficient two-stage
RUL estimation system that can predict the remaining life of a bat-
tery at any stage of its life. Fig. 1 provides the block diagram of this
methodology. The motivations behind design of such a two-stage
system are twofold:

(a) For on-board scenarios, accurate RUL estimation is required
only when the battery is close to end of life as against fresh.

(b) Addition of a classification step before the regression step
eliminates the need to perform regression across the com-
plete battery life cycle data. Hence due to introduction of
this step, heavy computations can be eliminated.

This section provides a detailed description of the proposed
methodology used in development of classification and regression
models. In Section 3.1, data formatting and processing is explained
and Section 3.2 describes the development of classification model.
Finally in Section 3.3, the regression model development is
described in detail.

3.1. Data processing and feature extraction

In this work, data collected from discharge cycles of Li-ion bat-
teries cycled under various conditions are analyzed. The battery
cycling data is sourced from a publically available repository; pro-
vided by Prognostics Center of Excellence (PCoE) at Ames Research
Center, NASA [56]. Table 1 lists the 19 batteries used in this work,
along with their respective operating parameters. The data repos-
itory [56] contains capacity, voltage, current, temperature, current
load and voltage load recorded for each discharge cycle of the
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Fig. 1. (a) Flow chart for training classification and regression models. (b) Flow chart for using classification and regression models.
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batteries. Except the cell capacity, all other parameters are
recorded over time during discharge; however these parameters
are acquired with non-uniform sampling rate. It is observed that
as battery ages there will be change in measured voltage, current
and temperature. Hence it is paramount to extract the relevant fea-
tures [46,54] from these curves that are crucial in determining bat-
tery life. From each discharge cycle, a set of 8 parameters is
extracted from voltage and temperature curves representing min-
imum and maximum values of each curve, and their respective
times. In addition to above parameters, following 13 parameters
are computed from voltage, temperature and current curves for
each discharge cycle.

� Capacity (Cap): The capacity of battery is computed by integrat-
ing discharge current over time and it is given by:

Cap ¼
Z t2

t1

Idt ð10Þ

where t1 and t2 are start and end time of a discharge cycle.
� Energy of signal (E): Signal energy of voltage and temperature
curves are computed. In general, energy of signal is defined as
the measure of signal strength over time and it is given by Eq.
(11) below:

E ¼
Z 1

�1
jxðtÞj2dt ð11Þ
where xðtÞ is the signal (either voltage or temperature) and t is time.
In this work VCE notation is used to denote energy of voltage curve
and TCE to denote energy of temperature curve.
� Fluctuation index of signal (FI): Fluctuation Index of signal is
defined as a measure of deviation of the signal from the mean
and is given as:

FI ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiP ðyi � lÞ2

q
x

ð12Þ

where yi is the signal, l is mean of the signal and x is sampling
frequency.

Curvature index of signal (CI): Defined as a measure of direc-
tion in which the unit tangent vector rotates as a function of the
parameter along the signal and it is given by equation:

CI ¼
P

h
N

ð13Þ

where h ¼ y00

ð1þy02Þ
3
2
, and N is length of the signal.VCI denotes the curva-

ture index of voltage curve and T_CI denotes the corresponding cur-
vature index of temperature curve.
� Concave convex index (CCI): It is a measure of convexity of the
signal. A convex signal will have index >0.5 whereas a concave
signal will have index <0.5. The index is calculated using slope
and intersection estimation. This index is given by:

CCI ¼ 1 if yi is convex
0 if yi is concave

�
ð14Þ
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Table 1
List of batteries with their operating parameters.

Battery number Discharge current End voltage (V) End-of-life condition Operating temperature (�C) No of cycles

B0005 2 A constant current 2.7 30% fade in rated capacity (2–1.4 A h) 24 168
B0006 2.5 168
B0007 2.2 168

B0033 4 A 2.0 Capacity reduced to 20% fade (1.6 A h) 24 197
B0034 2.2 197
B0036 2 A 2.7 197

B0038 Multiple –1 A, 2 A and 4 A 2.2 Capacity reduced to 20% fade (1.6 A h) 24 & 44 47
B0039 2.5 47
B0040 2.7 47

B0042 Multiple – 1 A, 4 A 2.2 Capacity reduced to 30% fade (1.4 A h) 4 112
B0043 2.5 112
B0044 2.7 112

B0045 Fixed load – 1 A 2 Capacity reduced to 30% fade (1.4 A h) 4 72
B0046 2.2 72
B0047 2.5 72
B0048 2.7 72

B0054 Fixed load – 2 A 2.2 Capacity reduced to 30% fade (1.4 A h) 4 103
B0055 2.5 102
B0056 2.7 102
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In this work voltage curve concave convex index (VC_CCI) and tem-
perature curve concave convex index (TC_CCI) are computed.
� Skewness index (SI): Skewness Index is a measure of the extent
to which a probability distribution of signal leans toward mean
of the signal. This index is given by:

SI ¼
Pn

i¼1ðyi � lÞ3
r3 ð15Þ

where yi is input signal l is mean of the signal and r is standard
deviation of the signal and n is length of signal. Skewness index
of voltage curve is denoted by VC_SI and that of temperature curve
is denoted by TC_SI.
� Kurtosis index (KI): It is measure of the ‘‘peakedness” of the
probability distribution of the signal and it is given by the
equation:

KI ¼
Pn

i¼1ðyi � lÞ4
r4 : ð16Þ

VC_KI and TC_KI notations used to denote kurtosis index of voltage
and temperature curves respectively. Fig. 2(a)–(d) depicts variation
of all these features across discharge cycles for battery B0036.

3.2. Classification model

In this section, design of classification model is described in
detail. Classification model is built using the features of discharge
cycles computed in Section 3.1. The weka toolbox [57] along with
libSVM package [58] is used in this step. Prototyping and final
implementation is done using MATLAB�. For each battery, total
number of discharge cycles are counted till it reaches EOL and each
discharge cycle is classified into four categories, namely class A, B, C
and D. This classification is done based on number of cycles it has
already completed. For example, battery B0005 has completed
total 168 discharge cycles to reach EOL (refer Table 1), hence first
42 discharge cycles are classified into class A, next 42 discharge
cycles into class B and so on. In case if total number of discharge
cycle is odd then some of the classes will get additional cycle.

Set of batteries listed in Table 1 are selected and their paramet-
ric data is aggregated and made compatible with weka toolbox.
This data is heterogeneous, as it is sourced from different batteries
that have operated under varying temperature, current, voltage
and load conditions. Hence it is very important to analyze this data
to find optimal set of features for classification. Having optimal set
of features helps in enhancing accuracy of classification as well as
in reducing computational time of over-all process. Principal Com-
ponent Analysis (PCA) is used to extract critical parameters that
represent majority of datasets. The data is further analyzed using
a visualization technique. In this technique, data is plotted against
two parameters (representing two axis of plot) and sensitivity of
the data scatter against each parameter is investigated. Parameters
with least sensitivity are neglected to obtain a critical set of param-
eters. For example in Fig. 3, it can be observed that a scatter plot of
Cap v/s tmaxT is same as scatter plot Cap v/s tminV. This implies that
both tmaxT and tminV vary in same way with respect to capacity. This
methodology is used to find list of features that are independent of
each other and contribute in optimal classification. To further
optimize the classification outcome, the model parameters are
tuned. Various parameters, like kernel type, cost function, allowed
degree of freedom, allowed error rate and gamma value are
altered to enhance accuracy of the classification. Once the values
are fixed, the same values are used in final MATLAB implementa-
tion. The flow chart of training classification model is described
in Fig. 1a.

3.3. Regression model

The regression model is used for accurate RUL estimation of the
battery data classified as ‘‘class D”. For a cell at Ni cycles, RUL is
defined as:

RUL ¼ NEOL�Ni

NEOL
� 100 ð16Þ

The first step of constructing regression model is to prepare the
dataset. Dataset preparation involves segregation of parametric
data of the batteries considered for model creation (refer Fig. 1a).
Once the data is segregated for each battery, discharge cycles
belonging to ‘‘class D” are scaled. A MATLAB model based on SVR
is developed for accurate regression. Various kernels like the Gaus-
sian, exponential, hyperbolic, Wavelet, and multi-layer perceptron
(MLP), were assessed for the best performance. Models are tuned
by changing kernel type and optimizer parameters, and it was
observed that a multi-layer perceptron (MLP) based kernel, as
given in Eq. (17), gives the most reliable results.

Kðxi; xjÞ ¼ tanh � ki;j
2r2

� �
ð17Þ
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Fig. 2. Sub-figures (a)–(d) depicts all feature parameters computed for battery B0036 across its discharge cycle. (a) Parameters: TCE, tminV, tmaxT, TC_FI. (b) Parameters: VCE,
Tmin, Tmax, TmaxV, TminT, VC_FI. (c) Parameters: minV, maxV, Cap, VC_KI, TC_KI. (d) Parameters: VC_SI, VC_CI, VC_CCI, TC_SI, TC_CI, TC_CCI.
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Fig. 3. Scatter plots displaying spread of battery parameters across classes. (a) Cap
v/s tmaxT and (b) Cap v/s tminV.
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In Eq. (17), ki;j is a distance between the data points and the support
vectors. r is the standard deviation in the data, and is treated as a
fitting parameter. As mentioned earlier, the present study considers
multiple features extracted from the data set as the input variable.
Hence the xi and xj are vectors, and a scalar distance defined by:

k2i;j ¼
X
i;j

ðxi � xjÞ2 ð18Þ

is used in Eq. (17).
4. Results and discussion

In this section the performance–accuracy values as well as
simulation time – of classification and regression models is investi-
gated. The Section 4.1 discusses the accuracy statistics of the
models along with computation time on a set of batteries. Sections
4.2–4.5 discusses the adaptability of these models across wide
range of batteries; ranging from single battery to a set of batteries
operated in diverse load and environment conditions. The overall
approach of estimating RUL of an unknown battery is given in
Fig. 1b.
4.1. Case 1: Multiple battery data

In the first case study, effectiveness of the proposed method for
RUL estimation is demonstrated for a set of three batteries (B0033,
B0034 and B0036). As can be observed from Table 1, these batteries
have same EOL condition, operating temperature and number of
cycle, however, their discharge current and end voltage are differ-
ent. The purpose of this case study is to evaluate performance of
the proposed method on a set of batteries that have similar oper-
ating characteristics but each battery has its own independent sig-
nature. This methodology helps in understanding the applicability
of proposed method as a generic tool that can suit any of the bat-
teries. The evaluation of accuracy of both the stages-classification
and regression-are done separately, however the overall time-
complexity of the approach is measured to check its applicability
in real-time scenarios.

For classification purpose, all the discharge cycles from three
batteries are aggregated. The aggregated data constitutes 591
cycles, 70% of this data is considered for classification model train-
ing (414 cycles) and rest for model testing (177 cycles). To ensure
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Table 2
Class-level accuracy of the classification model.

Class TP rate FP rate Precision Recall F-measure ROC area

A 0.957 0.023 0.936 0.957 0.946 0.967
B 0.933 0.023 0.933 0.933 0.933 0.955
C 0.833 0.037 0.875 0.833 0.854 0.898
D 0.909 0.038 0.889 0.909 0.899 0.936
Wt. avg. 0.91 0.03 0.909 0.91 0.909 0.94

TP: true positive.
FP: false positive.
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an unbiased sample, the testing and training dataset is created
using a random number generator. Training dataset consists of
101 cycles representing class A, 105 cycles representing class B,
105 cycles representing class C and 103 cycles representing class
D. Classification model is created using SVM classifier with ‘Radial
Basis Function’ as the kernel. During training phase, parameters are
optimized and final optimized parameter list is derived to create a
robust model. Features selected for final training after optimization
are VCE and VC_FI.

The model with the above mentioned 2 parameters is tested
with the 30% of the data (177 cycles). The model correctly classifies
161 out of 177 cycles; thus the resultant classification accuracy is
94.15%. The root mean squared error for classification is 0.2126
with Kappa statistic of 0.8794. Table 2 provides detailed classifica-
tion accuracy for each class along with other statistical parameters
and Table 3 provides the confusion matrix of the classification.

The regression model is built using the class D cycle data from
the dataset of 3 batteries. This model is built using 103 (70% of
data) cycle data and remaining 44 cycles are used to test the
model. The regression model is built using SVR code developed
in MATLAB. Based on the classification exercise, VCE and VC_FI
are the inputs to the SVR and RUL is the output. In Fig. 4, the
regression model prediction is compared against the training and
testing data. The root mean squared error for the test data is
0.2420%, thus the resultant prediction accuracy is >99%. The results
Table 3
Confusion matrix. Bold values indicate correctly classified samples.

Class Classified as

A B C D

Case 1
A 44 2 0 0
B 0 42 3 0
C 1 1 35 5
D 2 0 2 40

Case 2
A 13 0 0 0
B 0 12 0 0
C 1 0 15 1
D 0 0 0 17

Case 3
A 21 0 0 0
B 4 16 1 0
C 0 3 19 0
D 0 0 1 16

Case 4
A 86 6 0 0
B 5 84 3 1
C 2 3 77 10
D 1 0 6 85

Case 5
A 146 12 0 4
B 13 123 25 1
C 4 16 122 20
D 4 1 22 135
for the model comparison with the data used in the training phase

are shown in Fig. 4a, and the % error, defined as 1� RULdata
RULmodel

� �
� 100

is shown in Fig. 4b. The corresponding results for the test data are
shown in Fig. 4c and d. In Fig. 4b and d, the value of the error at 95%
confidence interval is marked as the horizontal lines. The root
mean squared error (RMSE), the values of the lower bound (LB)
and upper bound (UB) for this case are given in Table 4. The figure
shows that the model can estimate RUL with minimal error irre-
spective of the battery cycle.

A distinct feature of the model is extremely low errors for the
training set. The training and testing data sets do not have any ele-
ments in common. Under these conditions, it is to be noted that the
95% of the data points of all the 3 batteries predicted by the model
are within a reasonable error bounds. To establish computational
efficiency of the proposed method, execution time of the MATLAB
implementation on a desktop system (Intel i3 3.2 GHz dual core
processor, 4.0 GB RAM, 32-bit Microsoft Windows 7) is investi-
gated. The computation time for RUL estimation of a battery with
196 discharge cycles is 1.26ms. This time includes the time taken
by feature computation, classification and regression modules.

4.1.1. Case 1A: RUL Prediction of an untested battery
To investigate accuracy of the regression model to predict RUL

of a kind of a battery different from the batteries used for training,
the model is trained using the class D cycle data from batteries
B0033, B0036 and tested for the battery B0034. The features
selected for training are VCE and VC_FI. The regression model out-
come for testing and training data is shown in Fig. 5a–d and the
detailed statistics is provided in Table 4. The prediction RMSE for
testing data is 0.11%, making it an efficient model with average
accuracy of 99.89% for RUL prediction of new kind of batteries.

4.1.2. Case 1B: Effect of SVM classification error
In a multi-step approach, accuracy of initial steps is expected to

impact the accuracy of subsequent steps. In a proposed two step
approach, misclassification in a SVM step, where a battery belong-
ing to different class is erroneously classified as class D, may
impact RUL prediction accuracy of the SVR. To investigate the
effect of SVM classification error on the RUL prediction accuracy,
the regression model is trained using the class D data and tested
for a randomly selected mixture of class C and class D data. For
the present test case, the regression model is trained and tested
for the battery B0034. Similar to the previous test cases, VCE and
VC_FI are used as features for training. RUL prediction accuracy
of the regression model for testing and training data is shown in
Fig. 6a–d and the detailed statistics is provided in Table 4. The pre-
diction RMSE for testing data is 0.21% while the maximum RUL
prediction error is about 6%. The proposed multi-step approach,
thus, ensures high RUL prediction accuracy even in view of the
erroneous classifier output. It should be noted that the SVM classi-
fication error primarily results in a conservative estimate of the
RUL, thus, safe battery operation is ensured even in view of the
erroneous SVM classification.

4.1.3. Prognostic horizon of multi-step approach
In the proposed approach the SVM and SVR are trained offline

and subsequently used online for RUL prediction. The predicted
RUL is expected to aid in the prognostic task of the BMS. In this
paper, the prognostic capability of the proposed multi-step
approach is demonstrated using Prognostic Horizon, which is a
widely used metric for comparing prognostic algorithms [59]. For
this test case, class D data from batteries B0033 and B0036 is used
for training the SVR and the data from battery B0034 is used for
testing. The SVR is trained using VCI and VC_FI as features. To
account for the SVM classification error, 20% data belonging to
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Fig. 4. (a) Comparison of estimated RUL% estimated by regression model with data, for the training set that includes B0033, B0034 and B0036. (b) Error in RUL% estimation by
regression model with data for the training set. The 95% confidence intervals are also shown. (c) Comparison of estimated RUL% estimated by regression model with data for
the testing set. (d) Error in RUL% estimation by regression model with data, for the testing set. The 95% confidence intervals are also shown.

Table 4
Statistical analysis of test cases.

RMSE 95% LB 95% UB

Case 1
Training set 6e�7 �0.0013 0.0012
Testing set 0.1659 �0.8882 1.6534

Case 1A
Training set 3e�7 �0.0011 0.001
Testing set 0.11 �1.85 0.96

Case 1B
Training set 1.032e�7 �0.00048 0.000494
Testing set 0.21175 �4.787 0.1553

Case 2
Training set 2.85e�7 �0.00087 0.00112
Testing set 0.3582 �0.699 1.5007

Case 3
Training set 0.0004 �0.0310 0.0352
Testing set 0.8681 �7.4849 5.7270

Case 4
Training set 0.0005 �0.0546 0.0415
Testing set 0.3766 �7.0381 8.1358

Case 5
Error (in%) RMSE 95% LB 95% UB
Training set 7.32e�06 �0.00495 0.00465
Testing set 0.4125 �7.986 7.1393

Case 6
Training set 0.0026 �0.09909 0.0729
Testing set 0.357 �10.75 7.87
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class C is also used for testing. In Fig. 7, the predicted RUL is com-
pared with the true RUL. Prognostic horizon for the test case is also
shown in the figure. The desired RUL prediction accuracy is given
in terms of �a bound, where a ¼ 2 is used in the present test case.
The shaded region in the figure shows the desired RUL prediction
accuracy. The prognostic horizon is given by the time between
the algorithm first achieves a desirable accuracy to the battery
end of life. The proposed algorithm has a prognostic horizon of
about 50 cycles for the present test case, and accurately predicts
the RUL when about 25% of the useful life of the battery is
remaining.

4.2. Case 2: Single battery data

The RUL estimation model presented in this paper is tuned for a
particular battery and its performance is evaluated. To create this
model complete discharge cycle data from the battery B0036 is
considered. Classification model is built using 70% of 197 cycles
and tested for the remaining 59 cycles. Following the parameter
optimization, VCE and VC_FI are identified as critical parameters
and used for classification and regression model building. The clas-
sification model correctly classifies 57 out of 59 cycles, represent-
ing 96.61% accuracy and kappa of 0.9545. Table 3 provides the
confusion matrix for this model.

The corresponding regression model is built using class D cycles
of battery B0036. There are total of 49 cycles belonging to class D,
out of which 70% of cycles are randomly picked for training pur-
pose and rest are used for testing the regression model using the
MLP kernel. The testing outcome shows that model has very low
error (RMSE) of 0.16554% while testing, making it an efficient
model with average accuracy of 99.80%. Fig. 8a–d shows the
regression model outcome for training and test data and the
detailed statistics is provided in Table 4. It can be seen that this
model has very good classification as well as regression accuracy;
hence can be readily used for batteries operating in same environ-
ment as B0036.

4.3. Case 3: Two batteries at various temperatures

The next experiment is performed on data created by combin-
ing discharge cycles of B0005 and B0056. As can be noted from
Table 1, these batteries are tested with the same discharge param-
eters; however, the operating temperature of the batteries is differ-
ent. B0005 is tested at an ambient temperature of 24 �C whereas
B0056 is tested at 4 �C.
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Fig. 5. Figure shows regression model outcome trained using data from batteries B0033, B0036 and tested for the battery B0034. The figures a–d represents the
corresponding results as Fig. 4. In (a and c) of this figure, estimated RUL% value is represented in black color and experimental data in red color. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 6. Figure shows regression model outcome when SVM classifier erroneously classifies class C data as class D. For the test case, class D data of the battery B0034 is used for
training and randomly selected 20% data from class C is used for testing. The figures a–d represents the corresponding results as Fig. 4. In a, c of this figure, estimated RUL%
value is represented in black color and experimental data in red color. (For interpretation of the references to colour in this figure legend, the reader is referred to the web
version of this article.)
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Classification model is created using 70% of total discharge
cycles, i.e. out of 270 cycles 189 cycles are used for model training
and remaining 81 cycles are used for model testing. 270 cycles are
divided almost equally across classes; classes A, C having 68 cycles
and classes B and D having 67 cycles. Model feature vectors are
optimized and finally two features, VCE, and VC_FI are used. Model
parameters are set to same value as mentioned in Section 4.1. The
model correctly classifies 72 cycles (88.88%) with kappa of 0.8513.
Table 3 provides the confusion matrix for this model.

Regression model is built using 47 cycles of class D data (70%).
This model is built using the same input parameters defined above,
VCE and VC_FI. The model is tested using remaining 20 cycles of
data. The testing and training datasets are mutually exclusive
and are randomly selected. This model has RMSE of 0.86% on
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Fig. 7. Figure shows prognostic horizon of the proposed approach.
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testing (results not shown), resulting in average accuracy of 99%.
The 95% bounds on under and over estimation error are given in
Table 4.

From the results, it can be observed that model performance is
low compared to single battery case. It is interesting to note that
the accuracy is also lower than 3 battery case discussed in Sec-
tion 4.1. It is a well-known fact that batteries operated at different
temperature ranges behave differently. Hence it can be seen that
the model described in this work is able to distinguish such changes
due to operating conditions as well. It is also important for designer
to choose right set of batteries for combining and training models.

4.4. Case 4, 5: Multi-battery data at high and low temperatures (HT/
LT)

This experiment is carried out to check performance of the pro-
posed approach on a set of batteries operated at a similar operating
temperature, but with totally different operating profiles. From
Table 1, nine batteries are chosen that have operating temperature
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Fig. 8. (a–d) Figure shows single battery (B0036) regression model outcome. The figures a
% value is represented in black color and experimental data in red color. (For interpretati
version of this article.)
of 24 �C or 44 �C for the study at HT. For the LT studies, the data of
10 batteries at 4 �C were chosen.

To build classification model at HT, discharge cycle data from
the nine batteries is aggregated, which makes total number of data
point as 1236. Data splitting for testing and training is carried out
in same way as mentioned earlier. For training, total 867 cycles are
used comprising of 217 cycles from class A, 219 cycles from class B,
214 cycles from class C and 217 cycles from class D. In this exper-
iment too, SVM classifier with ‘Radial Bases Function’ is used to build
the classifier model. The features selected after parameter optimiza-
tions are VCE, and VC_FI. The classification accuracy for this test case
is 89.97% with kappa value of 0.8663 and RMSE of 0.2239. Table 3
provides confusion matrix for the tested cycles. Regression model
is built using 216 discharge cycles belonging to class D and rest 93
(30%) cycles are used to test themodel. Model is built using the same
2 features as defined above, and MLP kernel is used. Fig. 9 shows
comparison of the model with respect to experimental data, and
the accuracy values are given in Table 4. The regression model for
HT scenario has a RMSE of 0.3766. The 95% over and under estima-
tion errors are at 8.13 and 7.04 percentage. As mentioned earlier, the
accuracy is much higher for the training set.

In a similar manner, the model is tested at LT case, and the
results are seen in Fig. 10. For this experiment all the batteries that
operate with an ambient temperature of 4 �C are chosen. After clas-
sification the total data set is 231 cycles. Regression model is built
using 162 of these data, and the model is tested using 69 discharge
cycles belonging to class D. Model is built using the same parame-
ters and kernel as discussed above. For the LT case, the accuracy
(Table 4) is in the same range as the HT, demonstrating that the
model can be used with equal confidence across temperatures.

4.5. Case 6: All battery data

Purpose for this experiment is to check generalizability of the
model on a given set of diverse data. Hence to carry out this exper-
iment discharge cycle data from all 19 batteries are aggregated.
Total data available after aggregation is 2166 cycles. To build the
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–d represents the corresponding results as Fig. 4. In a, c of this figure, estimated RUL
on of the references to colour in this figure legend, the reader is referred to the web
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Fig. 9. (a–d) Graph displaying regression outcome for multi-battery same temperature case (HT). In a, c the estimated RUL% value is represented in black color and
experimental data in red color. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 10. (a–d) Graph displaying regression outcome for multi-battery same temperature case (LT). In a, c estimated RUL% value is represented in black color and experimental
data in red color. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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classification model, the complete data is split into training (70%)
and testing (30%) data. Training dataset of 1518 cycle is composed
of 381 cycles from class A, 382 cycles representing class B, 377
cycles representing class C and 378 cycles representing class D.
Testing data (648 cycles) has equal representation of 162 cycles
from each class. In this experiment also same classifier parameters
are used as described in previous experiments. The critical features
selected for final training after optimization are VCE, and VC_FI.
The classification model can correctly classify 526 cycles out of
648 cycles – the accuracy of classification is 81.17%. RMSE of this
model is 0.3068 with better Kappa value of 0.749. Table 3 provides
confusion matrix. To build regression model 540 discharge cycles
belonging to class D are chosen. 70% of this data (378 cycles) is
used for regression model training and remaining 30% of data
(162 cycles) is used for testing the model. Model is built using
the above mentioned features and SVR with MLP kernel is used
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Fig. 11. (a–d) Graph displaying outcome of all battery regression model. In a, c the estimated RUL% value is represented in black color and experimental data in red color. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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to build the regression model. The model performance against the
experimental data is shown in Fig. 11.

This model has a RMSE of 0.357%, with 95% over and under esti-
mation error of 7.87% and 10.75% (Table 4). The models built in this
experiment have larger errors compared to the ones discussed in
previous scenarios. This level of performance is justifiable as the
input data is diverse in all directions of measurement. The average
accuracy of both classification and regression models although are
comparable with existing literature, it should be noted that this
experiment involves multi-battery data. Hence this kind of generic
models can be used for the batteries whose past operating history
is unknown. It is also interesting to observe that cycling data of
multiple batteries can be represented in terms of only 2 critical fea-
ture vectors. The accuracy can be enhanced further by training the
model with larger datasets.

4.6. Model limitations and future work

The multi-step model proposed in this paper is extensively
tested across a set of batteries to demonstrate accuracy. In the
future, authors will investigate the accuracy of the multi-step
approach for RUL prediction of batteries cycled using continuously
changing load profiles, like UDDS and HPPC drive cycles. Being a
data-driven approach, accuracy of the multi-step model depends
on the data availability in the testing region. Multilayer frame-
works for a SVM and SCR can be investigated for improved predic-
tion accuracy of the model with limited training data set. In the
present implementation, the model is trained offline, which is sub-
sequently used online for RUL estimation. In the future, active
online learning algorithms can be investigated such that the
multi-step approach can adaptively learn online whenever new
data is available.

5. Concluding remarks

A novel data-driven method for Li-ion battery RUL estimation is
presented in this work. The proposed approach uses a combination
of classification and regression stages to develop an efficient RUL
estimation algorithmwhich is amenable for on-board implementa-
tion. Effectiveness of the algorithm is demonstrated using a publi-
cally available cell cycling data. A minimal set of critical features
are extracted from the battery data set, and is used as the input
to the classification and regression models. The multistage method,
in addition to increasing the accuracy and reduction in simulation
time, also enables accurate RUL estimation of multiple batteries
simultaneously and hence is generic in nature. The model is tested
for various case scenarios, for batteries at varying temperatures
and operating conditions with sufficient accuracy.

From the model performance for the case studies presented in
the earlier sections, it can be concluded that this approach can
be used as a potential on-board RUL estimation tool for EVs. Once
the trained model is used online, from measured signals, the criti-
cal features can be estimated. Based on these critical features, a
quick classification step can identify if the battery is near EOL. If
that were the case, the regression model can subsequently esti-
mate the accurate RUL, and this information can be indicated to
the driver while the vehicle is in operation.
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