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Abstract— A key challenge that is currently hindering the
widespread use of retired electric vehicle (EV) batteries for
second-life (SL) applications is the ability to accurately estimate
and monitor their state of health (SOH). SL battery systems can
be sourced from different battery packs with a lack of knowledge
of their historical usage. Accurate SOH estimation is critical
because it enables reliable performance, safety, and optimal
utilization of SL batteries, ensuring they meet the requirements
of various applications including grid energy storage and backup
power. In this work, for in-the-field use of SL batteries, we intro-
duce an online adaptive health estimation approach with the
guarantees of bounded-input, bounded-output (BIBO) stability.
This method relies exclusively on operational data that can be
accessed in real-time from SL batteries. The effectiveness of the
proposed approach is shown on a laboratory-aged experimental
dataset of retired EV batteries.

Index Terms— Adaptive estimation, batteries, battery man-
agement systems (BMS), clustering algorithms, data-driven
modeling, machine learning, prognostics and health management,
second-life (SL) batteries, sensitivity analysis, state of health
(SOH).

I. INTRODUCTION

ACCELERATED adoption of lithium-ion battery (LIB)
technology for various applications is pushing the tran-

sition toward sustainable energy. Electric vehicles (EVs) are
at the forefront of this adoption [1], [2], [3], [4], [5] with
some original equipment manufacturers (OEMs) announcing
a complete shift toward EV production moving away from
internal combustion engine vehicles [6]. While this shift is
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much needed to address climate change concerns, naturally,
this has also increased the pressure on the supply chain for the
raw materials needed to manufacture LIBs [7]. To tackle the
large demand of raw materials for battery manufacturing, and
fully embrace a circular economy paradigm, one promising
solution lies in the reuse of EV batteries once they retire
from their first life (FL). These batteries are expected to retain
approximately 70%–80% of their nominal capacity, and they
could be well-suited for low-power applications such as grid
energy storage and end-user services, e.g., uninterrupted power
supply [8], [9], [10].

The state of health (SOH) measures the battery’s overall
condition, indicating the extent of capacity or power loss
relative to its original specifications. A battery management
system (BMS) is an essential component that monitors the
battery operation to ensure the battery’s safe and efficient oper-
ation. In second-life (SL) applications, the SOH monitoring
function of BMS takes on additional importance, as it must
adapt to the varying conditions and histories of repurposed
batteries to maintain reliable performance. In SL batteries,
advanced SOH monitoring capability is required to account
for the lack of knowledge of historical data and varying
conditions of operation. Without reliable SOH information,
repurposed batteries may face unexpected failures, inefficien-
cies, or even safety risks in applications such as grid energy
storage [11] or backup power, where performance reliability
is paramount [12].

To meet the specific needs of SL batteries, a dedicated
battery management system, referred to as BMS2, is essen-
tial [13]. The degradation level of retired batteries significantly
depends on their usage history [14]; however, historical
data for these batteries are often unavailable [13], [15].
To address this challenge, the proposed online adaptive health
estimation method enables the model to adapt to new, real-
time data, ensuring accurate SOH estimation without relying
on historical usage information or extensive predeployment
characterization.

II. LITERATURE REVIEW

Numerous studies have used semiempirical methods [16],
[17], [18], [19] and physics-based models [20], [21], [22],
[23] for SOH estimation. Semiempirical methods use algebraic

2332-7782 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence
and similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Stanford University Libraries. Downloaded on August 17,2025 at 23:14:41 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0000-0002-8575-8990
https://orcid.org/0009-0008-7506-9690
https://orcid.org/0000-0002-6556-2608


CUI et al.: TOWARD A BMS2 DESIGN FRAMEWORK: ADAPTIVE DATA-DRIVEN STATE-OF-HEALTH ESTIMATION 7685

TABLE I
COMPARISON OF THE PROPOSED METHOD WITH EXISTING SOH ESTIMATION TECHNIQUES FOR SL BATTERIES

equations to relate SOH to factors such as time, Ampere-
hour (Ah) throughput, operating conditions, and stress factors.
While these methods perform well under controlled laboratory
conditions, their accuracy often declines when applied in real-
world, on-the-field environments [24].

The physics-based model offers detailed insights into a
battery’s internal states, making it well-suited for extrapolation
to previously unobserved operating conditions. It describes
battery dynamics through coupled partial differential equa-
tions, providing a comprehensive representation of internal
processes. However, these models are computationally inten-
sive and require the identification of numerous parameters,
along with prior knowledge of specific cell characteristics [20].
While physics-based models are widely applied to new batter-
ies, their use in SL batteries remains limited.

Data-driven models are capable of learning complex battery
degradation behaviors from the historical data (e.g., voltage,
current, and temperature) and the choice of the model can
be adjusted based on the computational resources needed to
run these models onboard [25], [26]. SOH estimation using
data-driven models has used techniques such as linear regres-
sion [27], support vector regression [28], Gaussian process
regression [29], and neural networks [30], [31]. Traditionally,
the performance of these models tends to deteriorate if the
incoming data are out-of-distribution [32] in the sense of being
statistically different from the kind of data that were used to
train the model.

Health estimation for BMS2 not only requires online func-
tionality but also demands adaptability. This requires the
estimator model to dynamically adjust and evolve as more
online measurements become available. In principle, it should
enhance the model’s generalizability to various operating
conditions and unforeseen SL batteries once they are deployed.
From a practical standpoint, it is essential for the health
estimators to guarantee that the error stays within specific
bounds. The existing work around adaptive estimation uses
a periodic stream of health indicators by performing refer-
ence performance tests (RPTs) and using feedback to update
the model [33], [34], [35], [36]. Evidently, this is infeasi-
ble for BMS2 since SL batteries cannot be easily removed
from service and diagnosed once they are deployed [33].
Another popular approach adopted for this problem uses

transfer learning in which a baseline model is trained using
a neural network. Afterward, the initial layers of the model
are frozen while the final few layers are retrained on the
target domain data [37], [38], [39]. The limitation of transfer
learning resides in the target domain used to retrain the model.
In field operation, the uncertainty of the incoming data is
high and it is difficult to ensure that the model performs
consistently.

In this work, we introduce an adaptive SOH estima-
tion method that combines clustering-based estimation with
regression-based estimation. By grouping cells based on sim-
ilar aging behavior, clustering enables the algorithm to handle
the high cell-to-cell variability of SL batteries effectively.
Moreover, the clustering-based approach enhances robustness
by grounding the classification in historical data with a forget-
ting factor, preventing large deviations that could arise from
relying solely on recent data points. The regression-based
estimator was chosen due to its ability to capture underlying
trends in the battery’s degradation process using relatively
simple and computationally efficient models. It helps capture
long-term degradation trends and performs well during the
early phases of battery operation, when clustering may not
have enough data points to make reliable classifications. The
output from both the estimators is combined using a weighted
average by adjusting the weights assigned to each method
based on the accumulated data.

Our proposed method shows advantages compared with the
existing SOH estimation techniques, as shown in Table I.
For instance, many data-driven methods, such as transfer
learning with LSTM neural networks [40], suffer from lower
computational efficiency due to the complexity of neural
networks. In contrast, our method is computationally efficient,
making it suitable for real-time applications in SL BMSs.
The existing semiempirical and physics-based methods, such
as the accumulated wear function-based aging model [41],
offer limited adaptability to new data or changing conditions.
In addition, some methods lack formal convergence guarantees
(e.g., the data-driven + semiempirical model in [42] and
the transfer learning + LSTM model in [40]). In contrast, a
bounded-input, bounded-output (BIBO) stability guarantee is
provided in this article. In summary, our approach represents a
robust and balanced solution tailored to the complexities of SL
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Fig. 1. Experimental setup. (a) Schematic of the two thermocouples Th1 and Th2 attached on either side of the module surface to measure the surface
temperature. (b) Schematic of the experimental setup showing the battery cycler and eight modules. The modules have insulation between one another and
the thermocouples are inserted into the sides of the modules used in this work. On the front, the positive terminal is on the top, the ground terminal is in the
middle, and the negative terminal is at the bottom. The workstation is used to set the current setpoint for the battery cycler, which inputs actual current into
the modules, and voltage and temperature are measured at the output. The experimental setup is used in an HVAC-controlled laboratory of Relyion Energy
located in Santa Clara.

batteries, distinguishing it from the existing SOH estimation
techniques.

The rest of this article is organized as follows. Section III
presents the retired battery dataset and experimental procedure.
The offline data-driven estimator and online adaptive estimator
are discussed in Sections IV and V, respectively. The health
estimation results on different testing scenarios are illustrated
in Section VI. Finally, Section VII concludes this article.

III. RETIRED BATTERY DATASET

The dataset used in this work [44] consists of eight
retired pouch cells obtained from Nissan Leaf EV battery
packs (seven cells from Gen 1 and one from Gen 2)1 with
LMO/graphite chemistry. The nominal capacity (fresh cell) is
33.1 Ah, and the voltage range is from 2.5 to 4.2 V. The cells
are arranged in modules where each module contains four
pouch cells in a 2s2p configuration accessible via the three
terminals outside the module. Based on the module design,
a pair of terminals (always including the middle terminal)
can be used to access 2p cells while positive and negative
terminals together can be used to access the complete 2s2p
configuration. In this work, we access only the 2p cells using
the positive and middle terminals and refer to these 2p cells as
a single cell for the remainder of this article. Hence, the eight
cells in the dataset are, in essence, eight 2p cells. The surface
temperature of the cells is measured by a pair of thermocouples
Th1 and Th2 attached to each side of all the modules. The
complete experimental setup is shown in Fig. 1. Since these

1Cell 2.1 is from the Nissan Leaf Gen 2 battery pack and the other seven
cells are from Gen 1 pack.

are retired cells with an unknown usage history, it is important
to characterize them before starting the aging campaign.

An experimental campaign is designed which consists of
three different RPTs and an aging profile repeated multiple
times in between RPTs. The cycling profile is designed to
mimic the load expected in a grid-storage application in a
simplistic manner [45]. The RPTs consist of a C/20 capac-
ity test, a hybrid pulse power characterization (HPPC) test,
and a C/40 open-circuit voltage (OCV) test [45]. The C/20
capacity test measures the total capacity of the battery at a
slow discharge rate, providing a baseline measurement of its
usable capacity and enabling accurate assessment of capacity
fade over time. The HPPC test assesses the battery’s power
capability by applying a sequence of charge and discharge
pulses, which helps determine the internal resistance. The
OCV test is performed to capture the voltage profile at a low
discharge rate.

One important aspect of this experimental campaign is
that except for the OCV test performed between 2.5 and
4.2 V, all the other tests are performed between 3 and 4 V.
This voltage derating is well-suited for SL applications to
guarantee safe operation by limiting the growth of the solid
electrolyte interphase (SEI) layer and thereby reducing battery
degradation [46].

After the first RPT, cells are cycled within a 3–4-V range
according to a synthetic aging protocol, followed by a second
RPT, and they continue in this pattern for the remainder of the
campaign. The data used in this study were gathered between
February 2022 and May 2023. A 1C constant current discharge
reflects higher battery utilization during late evening and early
night-time hours. Once the SOC reaches 50% (with 100%
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Fig. 2. Capacity and temperature trajectories for the SL cells used in this
work. (a) C/20 charge capacity as a function of Ah-throughput (bottom x-axis)
and months (upper x-axis). (b) Temperature as a function of Ah-throughput
and months with a parabolic shape reaching a maximum value during the
months of August/September 2022 indicating the effect of seasonal variation
of temperature on all the cells. Gaps in temperature lines represent missing
data for those cells, e.g., Cell 2.3.

SOC defined by an upper cutoff of 4 V and 0% SOC by a lower
cutoff of 3 V), the C-rate decreases to C/2, indicating lower
battery usage for the remainder of the night until the SOC
reaches 0% (3 V). Following this, the battery is CC charged
at a C/2 rate until it attains 100% SOC (4 V). This entire
sequence constitutes one complete operational cycle for the
battery.

The initial C/20 charge capacity, determined from the
charging phase of the C/20 test, is denoted as Qinit,ch,C/20.
Similarly, the initial C/20 discharge capacity, obtained from the
discharging phase of the C/20 test, is denoted as Qinit,disk/20.
A small discrepancy is observed between Qinit,ch,C/20 and
Qinit,disk/20. Therefore, Qinit,ch,C/20 is selected as the health
indicator in this study. The Qinit,ch,C/20 trajectories are shown
in Fig. 2(a). The capacity degradation is shown with two
aligned x-axes: Ah-throughput (cumulative cycling) on the
bottom and calendar time (months) on the top. Ah-throughput,
as used in this study, refers to the cumulative ampere-hours
(Ah) cycled through the battery over time, representing the
total charge it has delivered and received. This metric serves
as a quantitative measure of the battery’s usage intensity and

is closely related to its degradation patterns, as increased Ah-
throughput typically corresponds with higher levels of capacity
fade. Both the axes correspond to the same timeline, providing
insights into how degradation progresses as a function of both
cycling activity and time. As opposed to conventional battery
degradation profiles [47], these cells exhibit an increase in
capacity with all the cells reaching a maximum capacity point
that is higher than their initial capacities. This behavior is
attributed to the variations in cell surface temperature observed
throughout the experimental campaign [see Fig. 2(b)]. These
fluctuations stem from seasonal changes in ambient tempera-
ture in the geographical location where the experiments were
conducted. The dataset, being the first of its kind, highlights
how cells can potentially behave when used in practical
SL applications, in cases where the temperature cannot be
controlled. Furthermore, the effect of voltage derating can be
observed by the fact that cells, upon reaching the one-year
mark from the start of testing, still possess higher or equal
capacity compared with their initial capacities.

The following notation is used in the article: sequence
{an}n≤N ≜ {a1, a2, . . . , aN } where an represents the general
term of the sequence {an}, and N represents the length of
the sequence. For ease of notation, if not specified, {an} is
equivalent to {an}n≤N . ∥·∥2 represents the L2-norm. The L2-
norm of a sequence {xn} = (x1, x2, . . . , xN ) is defined by

∥{xn}∥2 =

√∑N
n=1 x2

n . ∥·∥∞ represents the L∞-norm. The
L∞-norm of a sequence {xn} = (x1, x2, . . . , xN ) is defined
by ∥{xn}∥∞ = maxN

n=1 |xn|. For the remainder of the article,
unless otherwise specified, we will denote ∥·∥∞ simply as
∥·∥. R+, defined by {z ∈ R : z > 0}, represents the
positive real number set. In the remainder of this article, three
performance metrics are used: mean absolute percentage error
(MAPE), root-mean-squared error (RMSE), and root-mean-
squared percentage error (RMSPE), which are defined as

MAPE =
1
M

∑
y∈Y, ŷ∈Ŷ

∣∣ŷ−y
∣∣

y
× 100% (1)

RMSE =

√√√√ 1
M

∑
y∈Y, ŷ∈Ŷ

(
ŷ−y

)2 (2)

RMSPE =

√√√√√ 1
M

∑
y∈Y, ŷ∈Ŷ

(
ŷ − y

y

)2

× 100% (3)

where Y is the measured SOH indicator, Ŷ is the SOH
indicator from the model estimation, and M is the number
of samples.

IV. OFFLINE DATA-DRIVEN MODEL

The SOH for SL batteries is the C/20 charge capacity
normalized by their respective initial C/20 capacity at the start
of SL.2 For this work, an elastic-net regression (ENR) model is
selected which provides ease of training and adaptability and

2Other indicators of SOH, such as the state of energy (SOE), could
potentially serve as alternative candidates. Takahashi et al. [29] have shown
a high correlation between SOE and SOH for SL batteries.
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Fig. 3. ENR model with input features X test from the test set and an estimated
scalar output Q̂test

ch,C/20 as a function of Ah-throughput.

low computational requirements. The choice of a data-driven
model is dictated by the complexity of the data, computational
resources, and the training time required to train these models.
In our case, another factor that is taken into account is the
ease of parameter adaptation when new data become available.
In ENR, the loss function used to train the model consists of a
linear combination of L1 (lasso) and L2 (ridge) regularization
terms. The following optimization problem is solved to train
the model:

β̂ = arg min
β0,β,λ

∥Y−Xβ − β01n×1∥2

+ λ (1− α) ∥β∥22 + λα∥β∥1 (4)

where Y ∈ Rn represents the SOH indicators, X ∈ Rn×m

contains m features each with n observations, β ∈ Rm contains
m regression coefficients, and β0, λ, α ∈ R are the scalar
intercept, the hyperparameter to adjust the influence of L1 and
L2, and the regularization parameter, respectively.

Fig. 3 shows the flow of data through the offline ENR
model where X test(Ahn) represents the input features of the
test set at Ahn and Q̂test

ch,C/20(Ahn) is the estimated C/20
charge capacity. More details about the offline model are given
in [45]. Although battery degradation trends are inherently
nonlinear over time, our ENR-based health estimation model
proves to be effective as it leverages linear approximations
between online features and health states. The success of the
ENR model indicates that this mapping can be effectively
approximated linearly in the feature space, despite the non-
linear time-dependent degradation.

V. ONLINE ADAPTIVE ESTIMATOR

The health estimation of BMS2 not only needs to be online
but also adaptive, meaning that the estimator model should
adapt and evolve as new online measurements are fed into
the BMS2. The algorithm presented in this article relies on an
online feature, referred to as the aging-cycle charge throughput
(Qage). In [45], we demonstrated that this feature exhibits a
strong correlation with battery health. Here, we briefly revisit
this feature

Qage(n) =

∫ tage
dis (n)

tage
ch (n)

I (t) dt (5)

where Qage(n), tage
ch (n), tage

dis (n), and I (t) are shown in Fig. 4
and its caption.

Remark 1: Although I (t) is presented in the unit of C-rate
in Fig. 4, it must be converted into units of amperes to
calculate (5).

The C/20 charge capacity Qch,C/20 is calculated as

Qch,C/20(n) =

∫ tC/20
dis (n)

tC/20
ch (n)

I (t) dt (6)

where Qch,C/20(n), tC/20
ch (n), tC/20

dis (n), and I (t) are shown in
Fig. 4.

Remark 2: This definition is used under controlled RPT
conditions, providing a benchmark capacity measure aligned
with standard SOH definitions.

Remark 3: Although I (t) is presented in the unit of C-rate
in Fig. 4, it must be converted into units of amperes to
calculate (6).

The accumulated Ah-throughput for the nth aging cycle
Ahage

n is calculated as

Ahage
n =

∫ tage
ch (n)

0

∣∣∣I (t)
∣∣∣ dt. (7)

The accumulated Ah-throughput for the aging cycle is calcu-
lated by integrating the absolute current from the beginning of
the SL period (t = 0) up to the time right before the nth aging
cycle, denoted by tage

ch (n). This accumulated Ah-throughput
represents the total charge that has flown through the battery
since the start of its SL, up to the specified point.

The accumulated Ah-throughput for the nth C/20
charge–discharge cycle Ahch,C/20

n is calculated as

Ahch,C/20
n =

∫ tC/20
ch (n)

0

∣∣∣I (t)
∣∣∣ dt. (8)

Similarly, for the nth C/20 cycle, the accumulated
Ah-throughput is calculated by integrating the absolute
current from the start of the SL period up to the time
immediately before the nth C/20 cycle, denoted by tC/20

ch (n).
Definition 1: Given the monotonically increasing

accumulated Ah-throughput sequence {Ahage
n } =

(Ahage
1 , Ahage

2 , . . . , Ahage
N ) and the aging-cycle charge through-

put sequence {Qage} = (Qage(1), Qage(2), . . . , Qage(N )),
then the aging-cycle charge throughput trajectory is a curve
denoted by Qage({Ahage

n }) or simply Qage.
Definition 2: Given the monotonically increasing

accumulated Ah-throughput sequence {Ahn} = (Ahch,c/20
1 ,

Ahch,c/20
2 , . . . , Ahch,c/20

N ) and the C/20 charge capacity
sequence {Qch,C/20} = (Qch,C/20(1), Qch,C/20(2), . . . ,

Qch,C/20(N )), then the C/20 charge capacity trajectory is a

curve denoted by Qch,C/20({Ahch,c/20
n }) or simply Qch,C/20.

Remark 4: Qch,C/20 is calculated as shown in Fig. 4. For
ease of notation, in the following derivations, the C/20 charge
capacity trajectory is simply denoted by Q(Ah).

The normalized SOH indicator is the normalized C/20
charge capacity, calculated by

Q̄(Ahn) =
Q(Ahn)

Q(0)
(9)

where Q(0) is the C/20 charge capacity of the cell measured
at the beginning of the SL experiment. For ease of notation,
in the following derivations of this section, Q(0) is simply
denoted by Q0.
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Fig. 4. Design of experiments showing RPTs and aging cycles. RPTs contain C/20 capacity test, HPPC test, and OCV test, which makes one set. For the
complete campaign, N sets of aging cycles are performed while M + 1 sets of RPTs are performed. Within two RPT cycles, hundreds of aging cycles are
conducted. Consequently, in this dataset, N is on the order of tens, while M is on the order of thousands. Qch,C/20, the battery health indicator, is obtained
once from the C/20 capacity test of each RPT set, as highlighted in brown. Qage, the aging-cycle charge, is obtained from each cycle, as highlighted in red.
The limits of Qch,C/20(i) are given by tC/20

ch (i) and tC/20
dis (i) where i = 1, 2, . . . , M + 1, and the limits of Qage( j) are given by tage

ch ( j) and tage
dis ( j) where

j = 1, 2, . . . , n, . . . , N . Positive current indicates charge and negative current indicates discharge.

Definition 3: K cells in the training set are denoted by
indices 1, . . . , K . Therefore, the C/20 charge capacity trajec-
tories in the training set are Q1, . . . , QK , denoted by Qtrain.
The aging-cycle charge throughput trajectories in the training
set are Q1

age, . . . , QK
age, denoted by Qtrain

age . Other than the
aging-cycle charge throughput trajectories, there are many
other feature trajectories in the training set. We denote all the
feature trajectories in the training set by X train

age .
Definition 4: The one cell in the test set is denoted by index

z. Therefore, the C/20 charge capacity trajectory in the test set
is Qz , denoted by Qtest. The aging-cycle charge throughput
trajectory in the test set is Qz

age, denoted by Qtest
age. Other than

the aging-cycle charge throughput trajectories, there are many
other feature trajectories in the test set. We denote all the
feature trajectories in the test set by X test

age .
Definition 5: The adaptive battery health estimator EH is a

type of data-driven estimator of the form

Q̂test
= f

(
X test

age, X train
age , Qtrain

)
(10)

where f is a generic mapping function, Q̂test represents the
estimated C/20 charge capacity of the cell in the test set, Qtrain

and X train
age are defined in Definition 3, and X test

age is defined in
Definition 4.

The estimation error en is evaluated as

e = Q̂test
− Qtest (11)

where Qtest is defined in Definition 4.
Stability is of practical importance for adaptive estimation

laws as it ensures that the proposed estimation process does not
result in divergence. This article uses the notion of bounded-
input, bounded-output stability defined as follows.

Definition 6: An adaptive battery health estimator EH
defined in Definition 5 is BIBO stable if for any bounded
input signal with ∥X train

age ∥ <∞, ∥X test
age∥ <∞, ∥Qtrain

∥ <∞,
∥Qtest

∥ <∞, the error en satisfies ∥en∥ <∞.
Remark 5: BIBO stability ensures that any bounded input

variations, such as fluctuations in online features, lead only to
bounded variations in SOH estimation. This prevents predic-
tion divergence, even under changing operating conditions or
transient inputs.

A. Clustering-Based Adaptive Estimation

The clustering-based adaptive estimation algorithm aims to
find the trajectory in the training set that is closest to the
trajectory in the test set. The closeness metric is defined by
the following distance function:

Definition 7: The distance between two aging-cycle charge
throughput trajectories Qx

age and Q y
age is defined as

dist
(

Qx
age, Q y

age

)
=

√√√√ n∑
i=1

(
Qx

age(Ahi )− Q y
age(Ahi )

)2

1 ≤ n ≤ N . (12)

Remark 6: The pseudocode to calculate the distance can be
found in Algorithm 1. dist(Qx

age, Q y
age) is a nonnegative and

a symmetric quantity.
Compared with the nearest-neighbor distance metric based

on the latest measurements, this trajectory distance met-
ric accounts for the complete historical differences between
Qx

age and Q y
age and evaluates similarities based not only on

instantaneous measurements but also on historical capacity
measurements. Therefore, this distance metric allows more
robust classification in the presence of one-shot measure-
ment noise. One shortcoming of this distance metric is that
it requires more than one data point to make a definitive
classification. However, in the long run, when the online
BMS2 has accumulated enough information, the additional
data requirement can be easily met. This distance function can
be easily generalized to measure the distance between other
trajectories such as the C/20 charge capacity trajectory.

Each time a new sample from cell z is collected, the
classification is updated to assign cell z to a cluster index.

Definition 8: Classification index sequence for cell z,
{Sz

n} = (Sz
1, Sz

2, . . . , Sz
N ), is a discrete-time sequence defined

by

Sz
n =argmin

1≤k≤K
dist

(
Qz

age
(
{Ahi }i≤n

)
, Qk

age
(
{Ahi }i≤n

))
(13)

where n ∈ [1, 2, . . . , N ], Qz
age and Qk

age are the aging-cycle
charge trajectories of cells z and k, respectively. The distance
function dist has been defined in Definition 7. An example
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Algorithm 1 Calculate Distance

function CALCULATEDISTANCE(Qx
age (Ah1, · · · , AhN ), Q y

age (Ah1, · · · , AhN ))
distance← 0 ▷ Initialize distance to zero
for i from 1 to n do

diff← Qx
age(Ahi )− Q y

age(Ahi )

distance← distance+ diff2

end for
distance←

√
distance ▷ Calculate the square root

return distance ▷ Return the distance
end function

Algorithm 2 Classification Index Sequence

function CLASSIFICATIONINDEXSEQUENCE(Qz
age (Ah1, · · · , AhN ), Q1

age (Ah1, · · · , AhN ), · · · , QK
age (Ah1, · · · , AhN ))

Initialize an empty sequence Sz

for n from 1 to N do
minDist←∞ ▷ Initialize minimum distance to positive infinity
Sz

n ← 0 ▷ Initialize the classification index for the current time step
for k from 1 to K do

dist← CALCULATEDISTANCE(Qz
age (Ah1, Ah2, · · · , Ahn) , Qk

age (Ah1, Ah2, · · · , Ahn))
if dist < minDist then

minDist← dist ▷ Update minimum distance
Sz

n ← k ▷ Update the classification index
end if

end for
Append Sz

n to Sz
▷ Add the classification index to the sequence

end for
return Sz

▷ Return the classification index sequence
end function

Fig. 5. Example of cell classification defined in Definition 8 with Cell 1.4 as
the test cell compared against Cell 1.2 (Sz

n = 2) and Cell 2.4 (Sz
n = 8). Red

arrows point to the aging-cycle charge trajectory with the minimum distance
from Qz

age—where z = 1.4—at different Ah-throughputs. The zoomed plot
shows that these are highly dense discrete points since Qz

age is extracted from
every cycle.

of cell classification is shown in Fig. 5. The pseudocode to
calculate the classification index sequence can be found in
Algorithm 2.

Theorem 1: Consider a data-driven estimator described in
Definition 5. Let the battery cells 1, . . . , K be the training
set and cell z be the test set. If the model parameters λk are
adapted according to

λk =

∑N
n=1 χ

(
Sz

n = k
)

Ahn∑N
n=1 Ahn

(14)

where

χ
(
Sz

n = k
)
=

{
1, if Sz

n = k, 1 ≤ k ≤ K
0, otherwise

(15)

and Sz
n is defined in (13). Then the clustering-based health

estimator, formulated as

Q̂ct (Ahn) = Qz
0
ˆ̄Qct (Ahn) (16)

ˆ̄Qct (Ahn) =

K∑
k=1

λk Q̄k(Ahn) (17)

where Q̂ct , the estimation target, represents the estimated C/20
charge capacity of cell z, is BIBO stable.

Remark 7: The pseudocode for the clustering-based adap-
tive estimation can be found in Algorithm 3. The tuning
parameters λk can be thought of as forgetting factors, assign-
ing greater weight to the most recent classification result
while retaining the memory of past classification outcomes
to enhance robustness.

Proof: From (14), λk is designed to be positive. Moreover,
λk satisfies

K∑
k=1

λk = 1. (18)
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Algorithm 3 Clustering-Based Adaptive Estimator
Require:

N : Trajectory length or the number of data points on a
trajectory
K : Number of cells in the training set
Sz

n : Array representing the classification index sequence
Ahn : Array representing the accumulated Ah throughput
Qz

0: Initial SOH of cell z
Initialize an array for lambda values with size K : λ =
[0] ∗ K
Initialize an array for Q̄z values with size N : Q̄z

= [0]∗N
Ensure:

Calculate the denominator for lambda:
denominator = 0
for n = 1 to N do

denominator+ = Ahn[n]
end for
Calculate lambda values for each training cell:

for k = 1 to K do
numerator = 0
for n = 1 to N do

if Sz
n[n] = k then
numerator+ = Ahn[n]

end if
end for
λ[k] = numerator/denominator

end for
Calculate Q̄z for the cell in the test set:

for n = 1 to N do
Q̄z
[n] = 0

for k = 1 to K do
Q̄z
[n]+ = λ[k] · Q̄k(Ahn[n])

end for
end for
Calculate Qz :

for n = 1 to N do
Qz
[n] = Qz

0 · Q̄
z
[n]

end for
The estimated SOH of the cell in the test set is stored in

the array Qz

This can be proved by

K∑
k=1

λk =

K∑
k=1

∑N
n=1 χ

(
Sz

n = k
)

Ahn∑N
n=1 Ahn

(19)

=

N∑
n=1

∑K
k=1 χ

(
Sz

n = k
)

Ahn∑N
n=1 Ahn

(20)

=

N∑
n=1

Ahn∑N
n=1 Ahn

= 1. (21)

To prove the BIBO stability, from Definition 6, the K SOH
trajectories {Q1

n}, . . . , {Q
K
n } in the training set are bounded

∥Qk
∥ <∞, for 1 ≤ k ≤ K . (22)

From Definition 6, the SOH trajectory {Qz
n} in the test set is

bounded

∥Qz
∥ <∞. (23)

The error trajectory between the estimated capacity and the
true capacity follows∥∥Q̂ct

− Qz∥∥ (16)
=

∥∥∥∥Qz
0
ˆ̄Qct
− Qz

∥∥∥∥ (24)

(17)
=

∥∥∥∥Qz
0

K∑
k=1

λk Q̄k
− Qz

∥∥∥∥ (25)

(18)
=

∥∥∥∥Qz
0

K∑
k=1

λk Q̄k
−

K∑
k=1

λk Qz
∥∥∥∥ (26)

(9)
=

∥∥∥∥Qz
0

K∑
k=1

λk Q̄k
− Qz

0

K∑
k=1

λk Q̄z

∥∥∥∥ (27)

= Qz
0

∥∥∥∥ K∑
k=1

λk

(
Q̄k
− Q̄z

) ∥∥∥∥. (28)

From (18) and (28)∥∥Q̂ct
− Qz∥∥ ≤ Qz

0 max
1≤k≤K

{
∥∥Q̄k
− Q̄z∥∥} (29)

≤ max
1≤k≤K

{
∥∥Qk∥∥} + ∥Qz

∥ <∞. (30)

Therefore, the error trajectory is bounded. From Definition 6,
the BIBO stability is guaranteed.

This proof aims to demonstrate that the estimation error of
the test cell’s SOH is bounded by a function of the SOH values
of all the cells in the training set. The adaptive clustering-based
approach in BMS2 addresses the distance metric issue by
progressively refining the clusters as more data are collected.
As the system accumulates operational data, it continuously
recalculates the distance metric using a weighted historical
average of prior measurements, which reduces the impact of
outliers and transient behaviors. This approach ensures that the
distance metric stabilizes and accurately reflects the battery’s
unique degradation pattern over time.

B. Adaptive Estimation by Combining the
Clustering and Regression

The clustering-based method proposed in this study can
exhibit a significant classification error when there is limited
observation available for the cell under test. To address this
limitation, we combine the clustering-based estimation and
the regression-based estimation. In this article, we use the
offline ENR model, a specific regression-based estimator,
as introduced in Section IV.

Theorem 2: Consider the data-driven estimator described
in Definition 5. The adaptive unitless weight parameters
w1, w2 ∈ R+ follows

w2 =

{
αAh, if αAh < 0.5
0.5, otherwise

(31)

w1 = 1− w2 (32)
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Fig. 6. Block diagram showing current I (n), voltage V (n), and cell surface temperature T (n) used to extract features at time n. The extracted features are
concatenated with features at time instant n−1 and this complete sequence of features is input to the adaptive estimator. Output Q̂z

ch,C/20 is obtained through
a weighted sum of the output from clustering-based estimator and regression-based estimator (offline ENR model). Clustering-based estimator uses only the
complete sequence of Ah-throughput {Ahn} and aging-cycle charge trajectory Qz

age({Ahn}) that is observed while all the signals from X z
n at the current time

instance are used for the regression-based estimation.

where α is a fixed constant, in the unit of Ah−1. Then the
adaptive estimator, formulated as

Q̂z(Ahn) = w1 Q̂rg(Ahn)+ w2 Q̂ct (Ahn) (33)

is BIBO stable.
Remark 8: The adaptive estimation is obtained by sum-

ming the two estimation results with weights assigned to
them. The weight parameters w1 and w2 allocate increasing
importance to the online model as time progresses, while still
preserving the influence of the offline model. Specifically,
w1 starts higher during the early stages of the estimation
process because, at this stage, the regression model has access
to the historical training data, which offers a more reliable
SOH estimation. As more operational data become available,
w2 increases because the clustering-based method can start
accurately grouping the test battery with similar batteries in the
training set. This tradeoff between w1 and w2 can be realized
by α.

Remark 9: α can be interpreted as a learning-rate constant,
measured in units of Ah−1, with a range of values from
0 to +∞. It is recommended to initially set α to α = 1/20
Ahmax at the outset, where Ahmax represents the largest Ah
throughputs that the batteries are expected to be cycled during
its SL. Subsequently, α can be adjusted using the data in the
training set. For example, the designer can gradually increase
α until the point at which the validation error begins to rise.
Sensitivity analysis of α for Cells 1.2, 1.4, and 2.3 is shown
in Section V-B1.

Proof: The error trajectory between the estimated capacity
and the true capacity follows

∥Q̂z
− Qz

∥ (34)

(33)
=

∥∥∥∥ (
w1 Q̂rg

+ w2 Q̂rg
)
− (w1 + w2)Qz)

∥∥∥∥ (35)

=
∥∥w1(Q̂rg

− Qz)+ w2(Q̂ct
− Qz)

∥∥ (36)

≤ w1
∥∥Q̂rg

− Qz∥∥+ w2
∥∥Q̂ct

− Qz∥∥. (37)

From Theorem 1, the second term w2∥Q̂ct
− Qz

∥ in (37) is
bounded. To prove the stability, from Definition 6, the feature

trajectories in the training set are bounded∥∥∥X train
age

∥∥∥ <∞. (38)

From (38) and (23), the first term in (37) is bounded by∥∥Q̂rg
− Qz∥∥ (39)

=

∥∥∥X train
age β + β0 − Qz

∥∥∥ (40)

≤

∥∥∥X train
age

∥∥∥ ∥β∥ + ∥β0∥ + ∥Qz
∥ <∞. (41)

Therefore, the error trajectory is bounded and the BIBO
stability is guaranteed.

By combining (30) and (41), we confirm that the adaption
error remains bounded and does not diverge to infinity. This
result satisfies the criteria for BIBO stability in Definition 6,
meaning that any bounded fluctuations in online features lead
only to bounded variations in SOH estimation. The complete
flow of information for the adaptive estimator is shown in
Fig. 6. In summary, the adaptive law used in the estimation
process does not cause the estimation to diverge, and the worst
case error in health estimation can be bounded. The size of
the error ball is determined by the errors of the offline model
and adaptive model. Furthermore, the radius of the error ball
can be further reduced by tuning the gains w and λ.

1) Sensitivity Analysis of Learning-Rate Constant α: For
the adaptive estimator given in Section V-B, α is used to adapt
w2 to control the contribution of Q̂ct (Ahn) in the output. The
range is given by α = [0,+∞), which means it is important
to choose a suitable value of α to ensure the best performance
from the estimator. In this sensitivity analysis, three different
ranges of α values are tested, and each range consists of five
linearly spaced points, including the boundary values. These
ranges are given by: 1) range r1 = [0, 5 × 10−6

]; 2) range
r2 = [6 × 10−6, 1]; and 3) range r3 = [11, 100] as shown in
Fig. 7.

For sensitivity analysis, the RMSE is observed for different
α values and the results are compared with the current α

value used in our results. Fig. 8 shows the sensitivity of α

for Cell 1.2. It can be seen that αcurrent—the current value
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Fig. 7. Range of α values used for sensitivity analysis shown on a log-scale.
Three distinct ranges r1, r2, and r3 are considered that contain linearly spaced
points at different α values. Note: Due to the use of log-scale, α = 0 is not
visible in r1.

Fig. 8. Sensitivity analysis of α for Cell 1.2. αcurrent = 5 × 10−6 has the
lowest RMSE among all α values.

of α—gives the lowest RMSE for the entire range of values.
In fact, using values smaller or greater than αcurrent increases
the RMSE value. Repeating the same analysis for Cell 1.4 as
shown in Fig. 9, we can see that αcurrent does not give the
smallest RMSE; instead, the smallest RMSE is obtained at
α = 6 × 10−6. An extra set of linearly spaced 10 points
between [6 × 10−6, 0.25] is analyzed and it can be seen that
lowest RMSE is still obtained at the same value. It should
be noted that α = 5 × 10−6 is a close second in terms of
lowest RMSE with a difference of less than 0.1% for the
lowest RMSE value.

Finally, for Cell 2.3, the sensitivity analysis results are
shown in Fig. 10. It can be seen that neither α = 5 × 10−6

nor α = 6 × 10−6 give the lowest RMSE value. Instead,
by analyzing 18 further points between [6 × 10−6, 0.25],
it can be seen that the lowest RMSE is obtained for a range of
values at α ≥ 2.8 × 10−4. One thing to note here is that Cell
2.3 has the largest errors in the offline ENR model which
means relativity larger contribution of the clustering-based
estimator Q̂ct (Ahn) is needed to improve the estimation of
the model.

Fig. 9. Sensitivity analysis of α for Cell 1.4. α = 6 × 10−6, which is
greater than αcurrent, has the lowest RMSE value. Between α = 6 × 10−6

and α = 0.25, ten extra values of α are analyzed; however, the lowest RMSE
is still obtained at α = 6 × 10−6.

Fig. 10. Sensitivity analysis of α for Cell 2.3. α ≥ 0.25 has lower RMSE
than αcurrent. Between α = 6 × 10−6 and α = 0.25 18 extra values of α

are analyzed, and it is observed that the lowest RMSE value is obtained for
α ≥ 2.8 × 10−4.

VI. RESULTS AND DISCUSSION

The performance of the proposed online adaptive estimation
algorithm is demonstrated in several case studies. In the
first demonstration, we leave out Cell 1.4 for testing and
train the model using the remaining seven cells. The C/20
charge capacity trajectories estimated by the ENR model and
online adaptive model are illustrated in Fig. 11(a) and (b),
respectively.

Initially, when the Ah-throughput is lower, the weight
w1 is large, while the weight w2 is small. The ENR-based
estimate dominates the overall estimate. Therefore, the ENR
model and adaptive model coincide at the same starting point,
as demonstrated in Fig. 11(a). As Ah-throughput increases
to Ah > 2 × 104 Ah, the classification index converges
to the nearest cluster (cluster 8/Cell 2.4), as depicted in
Fig. 11(c). However, it is observed that after Ah-throughput
increases to Ah > 6.5 × 104 Ah, the classification index
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TABLE II
LEAVE-ONE-OUT TESTS OF TWO HEALTH ESTIMATION METHODS

Fig. 11. Performance evaluation of the online adaptive estimator for
Cell 1.4. (a) C/20 charge capacity trajectories estimated from the offline
ENR and online adaptive model are compared against the measured capacity.
(b) Pointwise absolute capacity estimation percentage error of the offline ENR
is compared against that of the online adaptive model. RMSE of the online
adaptive model is 0.8610%. (c) Classification index sequence, as defined in
Definition 8, of the online adaptive estimator.

is again perturbed to the wrong cluster (cluster 2/Cell 1.2).
Due to the weight adaptation law (14), the overall estimation
output is only slightly impacted by the wrong classification.
Early in the aging campaign, ENR estimation dominates the
overall prediction, so changes in the classification index—and
consequently in clustering-based estimation—have a limited
impact on SOH estimation. However, as aging progresses, the
clustering-based component gains influence, providing more
accurate adjustments to the SOH. This is why, in the latter half
of the aging cycle, as shown in Fig. 11, the adaptive estimation
using clustering-based methods becomes more prominent and
eventually surpasses ENR.

Because the adaptive SOH estimator continuously processes
the real-time influx of data, it yields reduced estimation errors.
As displayed in Fig. 11(b), using solely the ENR model
yields a maximum absolute pointwise percentage error of
3%, and a root-mean-squared pointwise percentage error of
1.8166%. In contrast, by leveraging the online adaptive model
that combines the ENR-based estimation and clustering-based
estimation, the maximum pointwise percentage error decreases
to 2%, and the root-mean-squared pointwise percentage error
decreases to 0.8610%.

Weight adaptation avoids the hazards that the online
clustering-based model causes by underinformed classification

Fig. 12. Performance evaluation of the online adaptive estimator for
Cell 1.2. (a) C/20 charge capacity trajectories estimated from the offline
ENR and online adaptive model are compared against the measured capacity.
(b) Pointwise absolute capacity estimation percentage error of the offline ENR
is compared against that of the online adaptive model. The RMSE of the online
adaptive model is 1.2182%. (c) Classification index sequence, as defined in
Definition 8, of the online adaptive estimator.

in the beginning when little data are collected. Weight λ bal-
ances the contributions of the current-step classification result
and historical-step classification results. These historical-step
classification results are memorized by summing their corre-
sponding Ah-throughput. This effectively decreases the high
sensitivity of the online clustering-based estimation method to
the current-step classification result.

The adaptive model’s classification index can sometimes
shift due to transient changes in the battery’s internal state,
such as temporary variations in environmental factors such
as temperature fluctuations. These short-term variations may
cause the algorithm to momentarily assign an incorrect cluster,
particularly at specific Ah-throughput levels where degradation
patterns exhibit subtle changes. However, the adaptive nature
of the model allows it to recalibrate as more data are collected
and correct these misclassifications over time to preserve the
overall model stability. From a practical perspective, while
these temporary misclassifications may introduce slight devi-
ations in SOH estimation, the model’s BIBO stability ensures
that they do not significantly affect long-term accuracy.

In another demonstration, as shown in Fig. 12, the online
adaptive estimation algorithm was tested on Cell 1.2, where the
ENR had already demonstrated good performance. Incorporat-
ing the online adaptive estimator further reduced the pointwise
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Fig. 13. Performance comparison between the online adaptive estimator and
the offline ENR estimator. The C/20 charge capacity trajectory estimations
for Cell 2.1 and Cell 2.3 are shown in (a) and (c), respectively. The pointwise
absolute percentage errors in capacity estimation for Cell 2.1 and Cell 2.3 are
illustrated in (b) and (d), respectively.

percentage RMSE of capacity estimation from 1.4686% to
1.2182%.

Moreover, the adaptive estimation algorithm has been tested
on the remaining six cells. In each test, we perform a leave-
one-out test on the entire dataset, leaving only the cell under
test in the test set and including the rest of the seven cells in the
training set. The averaged RMSPE over eight test cases of the
ENR-based estimation is 3.40%, while the RMSPE over eight
test cases of the adaptive estimation is 3.27%. The RMSPE
for each training–testing set split is presented in Table II.

For Cells 2.1 and 2.3, an additional year of new data (from
April 2023 to April 2024) was used to assess the algorithm’s
generalizability. The training set consisted of the original data
from six other cells (collected from January 2022 to April
2023). As illustrated in Fig. 13, the absolute percentage error
at the end of the experiment remains below 0.5% for Cells
2.1 and 2.3, demonstrating the robustness and generalizability
of the proposed algorithm.

In addition to accuracy, the computational efficiency of the
adaptive estimation model is critical for large-scale BMS that
requires real-time processing. The adaptive SOH estimator is
designed to operate efficiently on standard embedded proces-
sors commonly used in BMS. The computational requirements
primarily involve matrix operations for ENR and iterative
clustering algorithms for the adaptive component. On a mod-
ern embedded processor, these operations can be executed
within milliseconds, ensuring real-time adaptability without
significant processing overhead. Memory usage is minimized
by storing only the most recent clusters and model parameters,
enabling the estimator to run continuously without substantial
hardware upgrades.

The adaptive SOH estimator can be modularly embedded in
existing BMS software architectures. The estimator requires
real-time data inputs, such as voltage, current, temperature,
and cumulative charge/discharge cycles, which are already
monitored by conventional BMS. This flexibility makes the
estimator a suitable retrofit option for the existing BMS frame-
works, enhancing their capability for SL applications without
substantial redesign. In addition, the lightweight computational

footprint of the estimator ensures it can scale across a
range of battery configurations and capacities typical of SL
deployments.

VII. CONCLUSION

Due to its high flexibility and model agnosticism, data-
driven health estimation has emerged as a valid and viable
method for assessing the health of SL batteries. To enable the
in-the-field operation of SL battery energy storage systems,
we present an online adaptive data-driven health estimation
method with guaranteed BIBO stability. The clustering-based
estimation is combined together with the ENR. We have
validated this method using a dataset of laboratory-aged SL
batteries retired from commercial EVs. Our method gives
good performance on different test cells and also shows
improvement in RMSE for certain test cases.

Further work can focus on enhancing the robustness of this
method. One limitation is its reliance on operational data,
which can introduce variability in estimation accuracy due
to differences in battery operating conditions that the model
may not fully capture. To address this, future research could
explore integrating additional real-time sensors to capture
more detailed operational metrics, such as stress and strain,
thereby improving the accuracy of the estimations. Alterna-
tively, acknowledging the inevitable errors in SOH estimation,
another promising direction is to design power electronics with
built-in redundancy. This approach would enable the system
to compensate for the uncertainties arising from the SOH
inaccuracies of heterogeneous SL batteries [48], [49].
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