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Abstract

To meet the fairly high safety and reliability requirements in practice, the state of health (SOH) estimation of Lithium-
ion batteries (LIBs), which has a close relationship with the degradation performance, has been extensively studied with the
widespread applications of various electronics. The conventional SOH estimation approaches with digital twin are end-of-cycle
estimation that require the completion of a full charge/discharge cycle to observe the maximum available capacity. However,
under dynamic operating conditions with partially discharged data, it is impossible to sense accurate real-time SOH estimation for
LIBs. To bridge this research gap, we put forward a digital twin framework to gain the capability of sensing the battery’s SOH
on the fly, updating the physical battery model. The proposed digital twin solution consists of three core components to enable
real-time SOH estimation without requiring a complete discharge. First, to handle the variable training cycling data, the energy
discrepancy-aware cycling synchronization is proposed to align cycling data with guaranteeing the same data structure. Second,
to explore the temporal importance of different training sampling times, a time-attention SOH estimation model is developed with
data encoding to capture the degradation behavior over cycles, excluding adverse influences of unimportant samples. Finally, for
online implementation, a similarity analysis-based data reconstruction has been put forward to provide real-time SOH estimation
without requiring a full discharge cycle. Through a series of results conducted on a widely used benchmark, the proposed method
yields the real-time SOH estimation with errors less than 1% for most sampling times in ongoing cycles.
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I. INTRODUCTION

HE global climate change and energy crisis have stimulated renewable energy development and booming demands for
Lithium-ion batteries (LIBs). LIBs are recyclable electrical energy storage components with high energy density, low
cost, and high portability [1]. The whole world has witnessed the vital role of LIBs in the incoming energy revolution, and
the major economies have put forward a series of policies and given extensive financial support to spur the development of
LIBs and the relevant industries, such as electric vehicles (EVs) [2] and smart grid [3]. For this reason, ubiquitous LIBs have
been observed, from electric transportation to energy storage to replace traditional fossil fuels, specifically in the field of the
Industrial Internet of Things (IIoT). IIoT has fundamentally transformed industrial predictive management by interconnecting
and leveraging data for their benefits [4], offering a digitalization solution to avoid the abrupt breakdown of critical assets.
LIBs have been an essential part of this evolution and are widely deployed in remote IIoT devices or placed on moving assets
that cannot be connected to the electricity grid. Besides, LIB has received increasing attention in grid-level energy storage,
balancing power generation and utilization [5]. Considering that the healthy performance of LIBs has prominent effects on
their powered devices, it is a compelling research topic to timely evaluate the health status of LIBs throughout their lifespan.
Nowadays, the prospect of the digital twin has attracted extensive attention to fully understand the degradation behavior
and avoid anomalous events in the predictive maintenance field [6]. The superiority of the digital twin paradigm is to mirror
the complicated physical systems with sensing data into an interpretable and straightforward digitalization world [7]. The
digital twin has attracted much attention from the research field of predictive maintenance since 2012 [8], when the National
Aeronautics and Space Administration raised higher requirements for future vehicles. Khan et al. [9] presented the general
requirements of a successful digital twin for autonomous maintenance. Ren et al. highlighted the potential of the digital
twin for predictive maintenance with the example of diesel locomotives [10]. Although the digital twin is in its infancy for
predictive maintenance, it is becoming a research hotspot. In terms of battery health evaluation, the digital twin brings a
promising way for accurate sensing of the physical battery in the virtual world [11] through accessible measurements, such
as charge/discharge voltage, surface temperature, and charge/discharge current, etc. Battery state of health (SOH) estimation
allows for the determination of available capacity for used batteries, enabling the proactive replacement of exhausted batteries
in advance.
The early digital twin models for SOH estimation relate historical cycling data or health indicators with labeled maximum
available capacity (MAC) using various machine learning models. Before the invention of deep learning approaches, statistical
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machine learning models, such as Gaussian process regression, support vector machine, and random forest regression, have
been popular. For instance, Liu et al. [12] constructed health indicators from charging measurements and then adopted Gaussian
process regression to predict the capacity. Li et al. [13] adopted the random forest regression to regress the measurements on
historical capacities to figure out the incoming capacities. However, limited by the short-length time series processing ability,
the statistical machine learning approaches fail to extract useful information from the battery cycling data completely. Since
2016, the long short-term memory network (LSTM) [14] has become one of the most prevalent advanced machine learning
techniques for SOH estimation, which exhibits superiority in memorizing crucial information from long sequence time series.

Motivated by the temporal learning ability of LSTM, You et al. [15] designed a recurrent neural network-based digital twin
for SOH estimation to handle sequential data. Zhang et al. [16] incorporated the dropout mechanism into the LSTM-based
digital twin for SOH estimation to resolve the problem of over-fitting during the training phase. To deal with the regeneration
phenomenon of LIBs, Ma et al. [17] proposed a hybrid digital twin by combining convolutional neural network and LSTM
to yield MAC with a sliding window technology. Benefiting from the fine-scaled decomposition of raw measurements with
empirical mode decomposition, Liu et al. [18] decomposed the battery capacity data into a series of components corresponding
to different frequencies, and these components serve as the input of the LSTM-based digital twin for SOH estimation to
regress on MAC. It is worth pointing out that the aforementioned approaches require the entire cycling data as inputs for both
offline training and online application. In other words, a battery has to be cycled from fully charged status to fully discharged
status during each cycle. In contrast, the partially charging/discharging profiles-based solution offers a promising alternative.
Richardson et al. [19] constructed the input data with the fixed-length charging sequence from the given starting voltages.
Liu et al. [20] manufactured the feature by computing the voltage drop from a specific starting voltage to the point with a
fixed charging length. Although data requirements can be satisfied during offline modeling, it is high requirement when these
developed models are deployed for practical demands. Therefore, the current digital twins miss the real-time SOH estimation
ability during online applications with partially discharged cycling data.

Accurate real-time SOH estimation with digital twin promotes high-efficient energy management through timely informing
battery health status to avoid the strict requirement of a complete discharge cycle. To facilitate real-time SOH estimation,
several research gaps and challenges are further highlighted regarding the complex degradation data characteristics. The first
critical challenge is the variable cycling data structure, which is caused naturally by the degradation procedure. Second, the
temporal importance of samples, indicating the importance of different discharge voltage areas, has not been discussed yet
in the current literature. For online applications, the challenge is reconstructing the partially discharged data to yield SOH
estimation with the proposed offline model. In this regard, more detailed research gaps analysis of the digital twin for real-time
SOH estimation with partially discharged cycling data are given as follows:

o Variable Cycling Data Structure: A standard data structure is required to make full use of the strength of advanced
machine learning. However, as MAC degrades with the increase of cycle, the decrease in discharging time leads to
variable cycling data in the physical battery system. The inappropriate processing of variable cycling data probably leads
to information loss or distortion in the digital world, undermining the quality of the digital twin-based SOH estimation
model. Therefore, finding a proper subspace to align the variable cycling data for offline modeling and online application
is crucial yet unsolved.

o The Different Temporal Importance: The conventional approaches assume that different samples within a cycle are
equally contributed to capacity degradation. In fact, data similarity at specific sampling times over cycles is high, meaning
that these samples are less important for capacity degradation over cycles. In contrast, assigning more weights to crucial
sampling times is reasonable. Therefore, temporal importance analysis helps to exclude unimportant samples during
modeling and ensures the high estimation accuracy of digital twin-based SOH estimation at important sampling times.

o Real-time Cycling Data Reconstruction: A practice-oriented digital twin expects to yield SOH estimation on the fly
with real-time incoming data. For the online application, only data up to the present time are available. As such, the
unknown future data challenge the real-time SOH estimation, as the MAC estimation is an accumulative behavior of the
entire cycling data. One feasible solution is to reconstruct the missing future data.

This article proposes a digital twin-based real-time SOH estimation model to address the above-concerned challenges,
consisting of three components. First, to handle the variable cycling data, cycling synchronization is approached through the
proposed energy discrepancy-aware time warping to align cycling data. The alignment ensures that cycling data have the same
structure by finding the proper subspace to maintain the temporal and spatial consistency between cycles to avoid information
loss or distortion. Second, to evaluate the importance of different sampling times, the synchronized cycling data serve as the
inputs of time-attention LSTM to regress on MAC to establish the regression model. Third, to provide real-time SOH at any
moment of incoming cycles, future data reconstruction is explored according to the known data behavior. By matching the
most similar time series from training data, similarity metrics are used to ensure the quality of the reconstructed future data.
The performance of real-time SOH estimation is verified via an experimental dataset. Overall, a real-time SOH estimation
framework with a digital twin has been achieved for the first time, providing a promising solution to estimate MAC on the
fly. The major contributions of this work are summarized as follows:

« A variable cycling data synchronization approach has been proposed using energy discrepancy-aware time warping, aligning



the variable cycling data into the same structure to facilitate the digital twin modeling.

o A time-attention SOH estimation model has been constructed with the importance analysis of sequential samplings,
enhancing the estimation accuracy with fewer samples compared to the traditional methods.

« A future data reconstruction strategy for real-time SOH estimation has been proposed with data matching and construction
strategy, facilitating the real-time digital twin of SOH estimation by evaluating the trajectory behavior.

The remaining parts of this article are structured as follows: Section II investigates the data structure of LIBs and formulates
the mathematical description of the real-time SOH estimation. The details of the proposed method are explained in Section III.
Further, the performances of the proposed method are demonstrated and compared through an experimental case in Section
IV. We conclude this work and highlight future research in the last section.

II. DATA DESCRIPTION AND PROBLEM FORMULATION

This section describes the variable cycling data structure and mathematically formulates the real-time SOH estimation
problem for LIBs. Besides, the differences between the current digital twin for SOH estimation and the proposed digital twin
for real-time SOH estimation are clarified.
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Fig. 1. Visualization of Battery 22 from the Massachusetts Institute of Technology dataset [22] regarding (a) discharging voltage curves with the cycle interval
of eighty and (b) capacity fading over cycles.

A. Variable Cycling Data Structure with Cyclic Aging

LIBs follow a repetitive but non-consistent manner to absorb and release electrical energy through continuous charging
and discharging. Specifically, with the external power source, Li-ions are pushed from the anode side into the cathode. As
such, the battery voltage increases gradually to its maximum and then keeps constant until the charging current is below a
certain threshold, e.g., 20mA. During the charging procedure, Li-ions stored in the anode move back to the cathode when
an external load is connected across the battery terminals [21]. Since the discharging procedure is cycle-varying and closely
relates to the battery-powered device in real-time, this research mainly investigates the cycling data during discharging. The
term cycling data indicates the time series with multiple variables corresponding to a specific discharging cycle. On the basis of
this, the complete battery degradation procedure consists of numerous cycles. Assuming all cycling data are fully charged and
discharged, it observes a phenomenon of variable length among cycling data, as illustrated in Fig. 1 with a LIB cell provided
by the Massachusetts Institute of Technology dataset [22].

Given that J variables are measured for a discharging cycle c, its cycling data can be described as X. € R¥<*/ where
K, is the length of the c¢t* cycle. It is worth noting that the collection of cycling data X € R¥e*/*C is not a standard three-
dimensional matrix due to the variable cycle length, where X(:,:, ¢) is equal to X, and C'is the total number of discharging
cycles.

B. Digital Twin for Real-time SOH Estimation with Partially Discharged Cycling Data

Currently, the most popular way to evaluate the health status of a LIB is the value of MAC, which is commonly measured
at the end of the discharge cycle. For clarity, we denote this kind of capacity as H, for the ¢! cycle, and ground truth of
MAC of a battery are measured as H = [Hy, Hs,...,H., ..., H¢l.

Although end-of-cycle capacity is a useful metric to evaluate the health state, it is only available at the end of the discharging
cycle, as the complete time series are required for modeling. To trace real-time SOH estimation, we aim to predict the capacity
with partial information X (1 : k) = [x.(1),%c(2), -+ ,X.(k)] up to current time step k of the Cycle c. Afterward, we



Physical battery system Digital twin battery system with real-time state of health estimation

e N

[ Offline modelling The proposed machine learning model

Historical data The proposed fine-scaled

)
1
feature engineering !

[
1
g
\

Practical
battery system

Online application

. Deploy

Online

measurements Off-line well trained

machine learning model

Partially discharged data i
with online reconstruction |

’

’
1
»!
1
1
\

1
]
1
/

pm——t——

Real-time state of health

|
: I’ Various applications of Li-ion system \:
1 i > !
: | |
Battery management | 1 :
: iformation ! = : Dynamic response
____________ - - e e e
1 1
! g7 s 7 |1 Real-time state of charge
| C P o of i g
o\ !
: Grid-level |
1 ‘e . . -
i Route optimization Vehicle control energy storage j

Fig. 2. The overall structure and information flow of the proposed digital twin for real-time SOH estimation.

continuously update the estimations with the arrival of new samples. The real-time SOH estimation attempts to predict capacity
at any sampling time, which is defined as follows:

Ho(k) = W(Xo(1: k) ke LK. (1)

where H, (k) is the estimated capacity at time step k in the ¢! cycle, and W(-) is the function to yield real-time estimation.

Fig. 2 demonstrates the LIB digital twin framework with real-time SOH estimation using the proposed approach. The
traditional SOH estimation model is developed using historical data and applies the well-trained model for the incoming data.
Although this kind of SOH estimation model is easy to implement as no expert knowledge or first-principles mechanism
is required, it only yields estimation at the end of the discharging cycle. However, the missing real-time SOH estimation
significantly impedes the accurate state estimation of the battery system, which can be reached via an equivalent circuit model
(ECM). ECM is the virtual mapping of the physical battery in the digital world, and it can be derived through physics-informed
technology to monitor and control LIBs. Detailed information about the ECM model is omitted here for brevity, but references
[23], [24] are recommended for a better understanding of ECM. Timely updating of SOH is essential to gain an accurate ECM
model [23]. As shown in Fig. 2, the proposed method attempts to attain the desired real-time SOH estimation ability with
the interactive mechanism of offline model and real-time measurements without requiring the full discharge cycle. Through
offering real-time SOH information, the ECM model is enhanced and outputs reliable battery health status for the associated
services, like vehicle control. Specifically, model predictive control (MPC) has been widely reported in the driving control of
EVs because of the benefits of robustness for uncertainty and disturbance and the capability of dealing with time delay [25].
MPC-based driving control is observed in the heavy dependence on accurate values of SOH and state-of-charge (SOC). As
such, the discrepancy between the virtual model and the physical system may lead to a discount on control performance and
energy efficiency.

III. PROPOSED DIGITAL TWIN ASSISTED REAL-TIME STATE OF HEALTH ESTIMATION

Fig. 3 displays the overall framework of the proposed approach, which consists of three parts to make real-time estimation
with digital twin function well. The first part offers offline model training, in which variable cycling data are synchronized.
Next, a time-attention LSTM model is constructed to serve as the prediction model. The third part enables real-time estimation
through data matching and reconstruction of within-cycle future trajectory, yielding the estimation of MAC at each sampling
time rather than at the end of a cycle.

A. Variable Cycling Data Synchronization

1) Energy Discrepancy-aware Time Warping (EDTW): Although few studies are available for cycling synchronization of
battery data, time-series synchronization has been an active topic in many research fields, such as computer vision [27], batch
process [28]. Typical time-series synchronization approaches are briefly revisited here for better understanding. Dynamic time



Input data Variable Cycling Data Synchronization and Time-attention SOH Estimation Model (Sections 111. Aand B)
Variable Cycling Data Synchronization (Section I11. A) i Time-attention SOH Estimation Model (Section I11. B) i

Determination of Cycling data at Time-attention

i | Estimated maximum
important time steps |  important times SOH estimation model H actual capacity

Energy discrepancy-aware |Projection | Cycling synchronization
time warping (EDTW) | subspaces for training cycles

Future Data Reconstruction for Real-time SOH Estimation (Section I11. C)

Data Supplementation and Online Cycling Real-time SOH Estimation (Section 111.C.2)
Synchronization (Section I11. C.1)

—Real-time data —Synchronized data
\ Projection Input

Streaming data S Reconstructed of Synchronized Cycling data at
X(1:k) p data EDTW in data P important times
CT j GRS Section I11.A =

“ Real-time estimation
== Actual capacity

Estimated real-

Capacity

Time step k

time MAC
A Important Sampling time
samplings
1‘ Step 6: Time-attention LSTM
;”c e\slzﬁzl}oingn% Srlmrl?rllleag;)t,a Step 3: Temporal _ Step 4: Selecting Dat?eer?cgzﬁn enabled real-time SOH estimation Real-tlgiii(é)l;iteest:(matlon
~ reconstruction for X(L:k) synchronization :  important samplings 9 (Offline model from Section 111.B)

Fig. 3. Overview of the proposed real-time SOH estimation empowered by the digital twin framework.

wrapping (DTW) has been historically a fundamental method to synchronize time series with variable length, which finds the
optimal path where two aligned time series have the minimum distance. However, DTW overlooks the temporal correlation
of time series. An extension of DTW, called canonical time warping (CTW) [29], was put forward to acquire spatial-temporal
synchronization of two motion trajectories. Zhou et al. further [30] extended CTW into a more general framework by aligning
multiple time series.

Algorithm 1 The iterative solution of EDTW

1: Input: X and X;

2: Output: W,., W4, V., and V,

3: Initialize V. = Ik, V¢ = Ik,

4: for i =1,2,...,N do

5: Get the sequences for alignment as VT =VIX, and \A/,T =vIx,

6: Obtain the matrixes W and W using the traditional DTW algorithm to synchornize \A/? and V?;

7: Calculate the new V., V; corresponding to the maximum eigenvalue with the following eigenvalue decomposition problem:

X, WI'w,xTv, = XTwIw,xTv,n,

2)
X Wi W, XTIV, =XTwWiw, X'V, A,

8: With W,., W, V., and V, obtain the objective given in Eq. (4);

9: if IT converges to a predefined small value, e.g., 0.01. then

10: i = % + 1 and repeat above procedures until the convergence condition is meet or the maximum iteration steps is reached
11: end if

12: end for

EDTW-based variable cycling data synchronization
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Fig. 4. The illustration of cycling synchronization using the proposed EDTW to align variable cycling data, where two random cycles from Battery 22 of
Massachusetts Institute of Technology dataset [22] are used for demonstration.

Since the objective function of CTW minimizes the difference between two time series, it is improper to be directly applied
for battery cycling data since the discrepancy between cycles will be erased. However, the variable length of cycling data is



an important indicator of performance degradation, which leads to energy discrepancy among cycling data. It is reasonable
to consider energy discrepancy during cycling synchronization to ensure the final estimation accuracy. As shown in Fig. 4,
synchronization of battery data with variable lengths should take the following concerns into account:

o Temporal correlation: Temporal alignment of discharging procedure behaves similar shapes across different cycles;

e Spatial relationship: The shape of the synchronized cycling data are expected to keep similar with the cycling data before

synchronization. For instance, discharging voltage varies from high to low for each cycle;

o Energy discrepancy: The energy of a cycle is expected to be the same before and after synchronization.

Given two cycling trajectories X, € RX+*/ and X; € RX:*/ EDTW handles the desired purposes to design cycling
synchronization to minimize the following objective function:

min 11 = [VIX, W] - VIX,W[|?
+([VIX,WIW, XTIV, 12— | XTX, (%) 3)
+ (||VtTXtW?WtX?VtH2 - ||X?Xt||2)

subject to,
X?'ngm = OKMXtW;F]-m = OKt
VX, W'w, X'V, = VI X,WIW, XV, =1y 4)
VIX, WI'WIXIV, = A

where X, is the reference cycling trajectory and X, indicates the trajectory to be aligned; V, € RE-*M and vV, ¢ RE*xM
determine the spatial warping by projecting the sequences into the same coordinate system corresponding to X,. and X, where
M < min (K,, K;); W, and W, warp the reference and target signals in time to achieve optimum temporal alignment; m is
the number of steps required to align cycling times; A is a diagonal matrix.

The first constraint in Eq. (4) encodes the alignment path to follow continuity and monotonicity. The second constraint
ensures the decomposed features in V' X, W are orthogonal to each other. The same operation is conducted for V' X; W}
in the second constraint. The third constraint maximizes the correlation between a pair of decomposed features from X, and
X¢, while keeping them uncorrelated with other features.

The Lagrange multiplier is employed to handle the constraints, and the objective function is rewritten as below:

min Il = |[VIX, W} - VX, W] |?
+ (A3 ViX, WIW, XV, 1y — 15 XTX, 1)
+ (1 VIXWIW X Vil — 15, X X1k, )
+ MVIX,WI'W, XTV, — 1)
+ (VX WIW, XV, — 1))

where A\ and v are the Lagrange coefficients.

Finding the minimum of II equals to obtain the optimal W,., W,, V., and V. As a closed-form solution cannot be directly
calculated, a two-step iterative optimization method has been detailed in Algorithm 1, which conducts DTW to obtain initial
W, and W, and then calculates V,. and V; according to Eq. (5). The final results are outputted when the value of II converges
to a defined value, e.g., 0.01 here.

2) Cycling Synchronization for Training Cycles: Assuming that a source battery is cycled to the end of life, the varying-time
trajectories of a source battery consisting of C' cycles are denoted as X; € RE1*/ X, € RF2*J ... X, € REo*/ The
first cycling data X; typically has the longest length, and it is treated as the reference data X, of Eq. (5). EDTW allows
temporal synchronization between sequential cycles with X,.. According to Algorithm 1, the synchronized trajectory of X,
will be arranged as below:

X.=VIX W], ce[1,0] (6)

where VtTC and WtT . stand for the calculated spatial subspace and temporal subspace for the ct* cycle, respectively.

Through the derived spatial and temporal subspaces, each raw cycling data with the variable structure are synchronized into
a carefully designed structure. In this new structure, temporal correlation, spatial correlation, and energy discrepancy of the
raw data are retained to avoid information loss.

B. Time-Attention SOH Estimation Model

With the assistance of cycling synchronization, this section introduces the time attention mechanism to distinguish the
important sampling times from the less important sampling times. The basic idea is that samplings do not equally contribute
to the final estimation. The estimation is more likely to be determined by the sampling times with large variations over
cycles, responding to the discrepancy over cycles. In contrast, the inclusion of unimportant samples may weaken the estimation
accuracy.
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1) Determination of Important Sampling Times: With the consistent cycling data structure, the synchronized trajectories are
arranged into a three-dimensional structure to identify the important sampling times. A series of two-dimensional data matrices
X, (k) € RE*7 are sliced along the time dimension, each of which indicates the data distribution of different trajectories at the
same synchronized time interval k. Here, we employ the covariance matrix A (k) = XT (k)X (k) to infer the data similarity
at time k. Noting the maximum covariance is Ay,qe, Which is calculated by summing the diagonal value of A(k) k € [1, K],
the importance degree at each sampling time can be computed as below:

I(k) = M pe 1, K] )
Amaw
where I(k) indicates the importance degree at time k, and Ay is the sum of the diagonal value of A(k).

A lower value of I(k) indicates the high similarity of samples over cycles, corresponding to the lower time importance.
In contrast, sampling times with significant covariance mean larger time importance. To distinguish important times from
unimportant time steps, it is recommended to use the threshold §, which is determined via the value of I(k) corresponding
to the first knee point of the synchronized discharge voltage. All sampling times are assigned into two groups by comparing
with § for each trajectory, including X for important samples and unimportant samples, respectively. Furthermore, a three-
dimensional data matrix X'P = [X{P XIP ... XZIP] is constructed to retain important samples, as shown in Fig. 5.

2) Time-Attention SOH Estimation Model: Spatial encoding is facilitated on X'” to enlarge the minor discrepancy over
cycles, especially for the early cycling data. Assuming the scale of an original variable is [Vinin, Vinaz|, the scope of Grid
L € [1,L] is defined as [Viyin + (1 — 1) % Yoaz=Vmin 37 . 4 4 Vinaz—Vmin] where L is the number of scaled grid. For cycling
data X, € RE10 %/ the variable at time k is assigned into one of the grids, and its value is encoded to be 1, as shown in Fig.
6. For brevity, the encoded cycling data matrix is still denoted as X!P ¢ R/L*Kip,

The LSTM-based temporal estimation model is adopted to relate X!” and actual capacity H, as shown in Fig. 7. The
selection of LSTM as the backbone network attributes to its superior ability in temporal learning. As LSTM has been widely
studied and applied in the topic of SOH estimation, the detailed information regarding LSTM is not repeated here, but can be
easily found in [31]- [33].

XID is fed into a multi-layer LSTM network to regress on the labels H. The network parameters are optimized by minimizing
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the estimation errors evaluated by the root mean squared error (RM SFE) as follows:
I
. 1 A 9
minEym = | 1 > (H. - H,) (8)
i=c
where
2 ID
H.= Frsrm(x.”;0p) )

and H. denotes the estimated value of ¢t cycle, H. is the corresponding ground truth, Fr s () stands for the target LSTM
model, and O is the collection of the parameters used in Frsras(-).

C. Future Data Reconstruction for Real-time SOH Estimation

A reliable real-time SOH estimation for online trajectory X7 (1 : k), which are the cycling data from the beginning up
to the time step k£ in a new cycle, requires the estimation of an unknown future trajectory. Here, we attempt to supplement
the unknown future trajectory through similarity checking. Afterward, the real-time SOH estimation is performed through two
sequential components: online cycling synchronization and real-time estimation.

1) Data Supplementation and Online Cycling Synchronization: Similarity evaluation is performed between X1 (1 : k) and
each cycling trajectory from the training dataset up to the same time step. The similarity is calculated using the Euclidean
distance between X7 (1 : k) and the candidate trajectories, which is shown as follows:

K
Se(k) = \| > _(Xp(1: k) = Xo(1: k))2 (10)
k=1
where X.(1: k) and Xr(1 : k) are the samples from 1 to k of original cycling data X. and Xr(k), respectively. It is worth
noting that if the value of k is larger than the length of partial trajectories from training data, these trajectories are naturally
out of consideration. Sequentially, the specifics for online cycling synchronization are given as follows:
o Step 1: For the given Xp(1 : k), a series of similarity Sy, = [S1(k), S2(k), ..., Sc (k)] are derived with Eq. (10) for all
training cycles. The matched future trajectory is selected from the cycle with the minimum of Sg;
o Step 2: Assuming that the selected trajectory is X, the reconstructed data are combination of Xr(1:k) and Xs(k +1:
K;), eg, Xo = [Xr(1: k), Xs(k+1: Ky)]; R .
o Step 3: Performing temporal synchronization on X7 and the synchronized data X will be computed with Eq. (6)
according to Algorithm 1;
2) Real-time SOH Estimation: The online SOH estimation can be calculated with the following steps:
o Step 4: Retaining important samples of X and the new matrix is denoted as X1P;
« Step 5: Conducting spatial encoding on XP;
o Step 6: Obtaining the real-time estimation at time k with the well-trained model given in Section IL.B as follows:

Hr(k) = psrm(XEP;©) (11)

Updating Xr(1 : k) to X (1 : k+ 1) with the time increase and processing the updated data X according to Steps 1
through 6 yields continuous SOH estimation on the fly. The iteration procedure stops when the end of a discharging cycle is



reached. The estimation at the initial stage of a cycle will be inaccurate, as the future data account for a large percentage.
Naturally, the estimation will become increasingly reliable and close to the ground truth with time increase, especially at the
important sampling times.

Remark: It is worth noting that model updating is a matter when the well-trained offline model has been used for dissimilar
batteries, or new working conditions [34]. Transfer learning is recommended to handle such an issue when the data distribution
is distinct between the training and testing domains. As such, paying attention to this issue is promising in future work.

IV. EXPERIMENTAL RESULTS AND DISCUSSION

This section provides extensive comparisons to demonstrate the advantages of variable cycling data synchronization, time-
attention modeling, and real-time SOH estimation, verifying the efficacy of the proposed method with multiple battery cells.

TABLE I
GROUPING OF ALL BATTERY CELLS ACCORDING TO THE NUMBER OF CYCLE LENGTH.

Cycle length Grouped batteries Test battery
< 600 17, 19, 33, 34, 35, 39, 40, 43 17

601 to 700 14, 16, 18, 23, 24, 30, 38 14

701 to 800 2,3,7,8,11, 12, 13, 22, 29, 47 2

801 to 900 1, 10, 20, 21, 26, 36, 37, 41, 44, 6 1

901 to 1000 9, 15, 25, 27, 28, 32 9

> 1001 31, 42, 45, 48 31

TABLE II

COMPARISON BETWEEN THE PROPOSED METHOD AND ITS COUNTERPARTS BY ADOPTING BATTERY 22 AS THE REFERENCE DATA.

Battery No.
Method Index Average performance
1 2 9 14 16 17 31
RMSE(%) 0.97 0.74 1.08 1.02 1.66 1.43 0.64 1.08 + 0.36
The proposed method
R*(%) 98.78 99.41 98.96 98.86 95.03 96.40 98.80 98.03 + 1.65
. RMSE(%) 3.99 3.74 4.03 3.58 2.69 5.08 2.95 3.72 £ 0.76
LSTM1 (Manual trunction)
R*(%) 79.08 84.82 85.44 86.05 86.68 50.67 73.84 78.05 £ 12.93
. . . RMSE(%) 1.43 1.62 5.10 2.02 2.66 3.26 233 2.63 £ 1.25
LSTM2 (Linear interpolation)
R%(%) 87.16 97.14 76.69 95.50 87.02 79.69 83.66 86.70 + 7.59
SYM RMSE(%) 2.34 2.53 3.38 2.51 1.83 2.23 1.99 2.40 £+ 0.50
R*(%) 92.79 93.05 89.72 93.03 93.86 90.49 88.07 91.57 £ 2.16

[1] The bold text indicates the best results.
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Fig. 8. (a) Illustration of important sampling times when the threshold is 0.35, and (b) Visualization of the encoded cycling data of the 301" cycle in Battery
22.



In the employed Massachusetts Institute of Technology dataset [22], each LiFePO4 battery cell is cycled from fresh to retired
status using temperature chamber, Arbin test system, and working station. The nominal capacity of deployed cells is around 1.1
Ah, which slightly differs from each other due to subtle manufacturing inconsistency. During cycling tests, a cell repetitively
experiences fast-charging/discharging. The state-of-charge of a battery is charged to 80% with four sequential constant currents
and fully charged to the constant voltage with 3.6V.
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Fig. 9. The comparisons between the proposed method and its counterparts regarding estimations and errors.

In this study, we use the discharging data to estimate the capacity, including battery temperature and discharging voltage.
Through repetitive optimized fast-charging and constant discharging manner, the capacity of each battery will degrade naturally
and stop testing around 0.65Ah. This study uses the discharging temperature and voltage to estimate the capacity, but the
discharging current is not adopted as it is a constant value. The total number of 45 aging cells is tested for analysis and is
manually grouped into six categories according to different cycling lengths. Table I lists detailed information for these LIB
cells, and the specific batteries used are highlighted.

A. Variable Cycling Data Synchronization

Battery 22 is selected as the training battery, as it has a middle lifespan among other batteries with 862 cycles. Here, we
take its first discharging cycle as the reference cycle, which facilitates implementation for offline cycling synchronization. And
other discharging data are synchronized to the reference one according to steps given in Section III-A.

B. Time-Attention SOH Estimation Model

1) Determination of Important Sampling Times: We calculate covariance at each sampling time with the synchronized data,
and obtain a covariance vector with 272 dimensions. Fig. 8(a) illustrates the important sampling intervals in comparison with
a threshold, which is 0.35 calculated from the first knee point. It is observed that samplings from 51 to 240 are identified as
essential intervals.
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Fig. 10. The real-time estimation results regarding Battery 1 using the proposed method with an interval of 100 cycles.
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Fig. 11. Visualization of estimation error at each sampling time over cycles for Battery 1.

2) Time-Attention SOH Estimation Model: Since the first 300 cycles in Battery 22 donot experience performance degradation,
they are regarded as the healthy status and will not be used for modeling. The SOH estimation model is trained with the first
70% data from cycle 301 to cycle 862, i.e., Cycle 301 to Cycle 652. The remaining 30% cycles are used for testing.

We develop a time-attention SOH estimation model using a LSTM network with two layers, each of which contains 100
LSTM cells. The first battery from each group listed in Table I is selected for testing the performance of the proposed method,
and the well-trained time-attention SOH estimation from Battery 22 is directly applied without network fine-tuning. With
EDTW, the cycling data of each testing battery have been offline synchronized with the first cycle of Battery 22 with the
length of 272. The important sampling times are from the 51¢ to 240" intervals in the synchronized cycling data. The
selected samples will be further encoded to a two-dimensional matrix with 400 x 190 according to the ways given in Section
II-C, as shown in Fig. 8(b).

Three kinds of conventional SOH estimation models are used for further comparison quantitatively. The first approach is the
LSTM-based model with manual truncation, truncating all cycling data more than the shortest cycle length. In contrast, the
cycling data are extended to the longest length through linear interpolation for the following two approaches. Specifically, for the
second and third models, LSTM and support vector machine (SVM) are employed as the estimation approaches, respectively.
Table 1T summarizes the detailed results for seven battery cells using the indices RMSE and R? [35]. By highlighting the



best result in bold format, it is observed that the proposed method outperforms the counterparts for all battery cells largely.
In addition, Table II provides the overall performance across all battery cells through the mean and standard variation. Fig. 9
plots the predictions and RM SE error distribution of the first battery from each group, and the proposed method yields the
best estimation accuracy for all testing batteries. As such, the efficacy of the proposed method in capacity estimation has been
successfully verified in the end-of-cycle estimation.

C. Real-time SOH Estimation Model

This part further illustrates the real-time SOH estimation performance for Battery 1 at each sampling time over cycles. Future
trajectory estimation is conducted to match the most similar trajectory from the reference battery, and thus the mixed data are
sequentially synchronized and encoded in the same way as that of the offline estimation. Afterward, the estimation at time k is
calculated using the well-trained end-cycle model. From Figs. 10(a) to 10(f), a series of results have been demonstrated every
100 cycles from the 300" cycle. For each cycle, the proposed real-time estimation enables sensing the battery’s health status
on the fly. Moreover, the results are very close to the end-cycle ground truth from the 515 sampling.

Furthermore, the recently published partial data-based SOH method [36] is employed for comparison. Using partial data
from the complete cycle to infer SOH estimation, [36] finds the best starting voltage from a pool of discrete voltages through
manual selections. Afterward, the voltage drop during equal time intervals is used as the input to the extreme learning machine.
Here, the specified value of starting voltage is determined as 3.20V, and the duration is given as 50 sampling intervals. As
such, [36] yields the SOH estimation from the 101%¢ sampling interval and keeps constant until the end of the cycle. It is
observed that the proposed method dynamically yields the estimation at each sampling time and holds good accuracy.

To evaluate the overall estimation error over cycles, Fig. 11 presents the average estimation error at each sampling time over
cycles. The estimation becomes reliable after the 515 sampling interval, from which the estimation accuracy becomes stable
and close to the ground truth. In addition, the results are reasonable when compared with the sampling interval importance
analysis given in Fig. 8(a). Large estimation errors are observed before the 51%¢ sampling interval due to the high data similarity
over cycles. Due to the page limitation, the results from other batteries are not shown here, but similar results can be observed.

V. CONCLUSION

Inspired by the superiorities of the digital twin in describing the physical system with the massive offline data and online
data, this work puts forward a digital twin model for Lithium-ion battery SOH estimation to accurately estimate maximum
available capacity in a real-time way with only partial discharge data. This is the first implementation of such a critical topic
through merging physical degradation behavior and advanced data-driven modeling. Through extensive results and comparisons,
significant conclusions have been drawn. First, through the newly proposed energy discrepancy-aware time warping, the
synchronized time series are consistent over cycles regarding temporal correlation, spatial shape, and energy discrepancy,
avoiding overlooking or distorting any useful information. Second, in-depth process insights are gained with the synchronized
cycling data, revealing the importance of different sampling times and facilitating the development of the time-attention SOH
digital twin model. Moreover, real-time SOH estimation is gained with partially discharged data to estimate the capacity on the
fly. Experiments on multiple battery cells demonstrate that the proposed digital twin provides excellent results for end-cycle
and real-time estimations.

In addition to the above findings, the following promising research works deserve to further exploration:

1) Model updating is necessary when online measurements are increasingly available. Transfer learning provides a rapid and
efficient solution to address the distinction of data distribution between the incoming data and the historical data.

2) The accurate detection of “knee point”, where a battery begins to step into the degradation phase, is rarely discussed
yet. The benefit is to avoid introducing slight degradation data into the real-time SOH estimation, which may weaken the
estimation accuracy.
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