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Abstract
The state of health (SOH) is a key indicator of lithium-ion battery degradation, whose accurate
assessment is essential for the reliable operation of battery driven systems. Most existing
methods rely on features derived from individual or adjacent cycles, which cannot exploit
variation information hidden in monitored signals across different cycles. To address this issue,
this paper proposes a novel framework that uses cross-cycle features to estimate the SOH in a
derivative manner. Firstly, cross-recurrence quantification analysis (CRQA) is applied to
compare battery signals across different cycles, constructing CRQA metric matrix families that
reflect cross-cycle variations in raw measurements. Then, the variation of SOH (∆SOH)
between any two cycles is introduced as the prediction target, instead of predicting SOH
directly. Next, a convolutional neural network with time series cross-validation is developed to
predict∆SOH, preserving the temporal dependency inherent in ∆SOH. Finally, the proposed
framework is implemented and tested on the NASA battery dataset, where the prediction
performance is evaluated and compared. The experimental results show a mean absolute error of
0.2965% and a root mean square error of 0.4156%, confirming the feasibility and potential of
the cross-cycle health indicator-based indirect approach in battery SOH estimation.
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1. Introduction

Lithium-ion batteries are widely used in electric vehicles due
to their high energy density, but they inevitably degrade with
cycling [1]. Battery degradation can increase the risk of short
circuits and thermal runaway [2]. The largest proportion of
electric vehicle fire accidents occur during the charging pro-
cess, where excessive heat generation can accelerate degrada-
tion and trigger thermal runway [3]. Therefore, accurate relia-
bility assessment of batteries is essential for effective warranty
management [4], timely replacement and accident prevention.
Reliability science provides the fundamental framework for
understanding and assessing the degradation and failure pro-
cesses of engineering systems [5]. State of health (SOH) is
a commonly used indicator that quantifies battery degrada-
tion and can guide predictive maintenance and replacement
decisions [6].

Data-driven methods, which estimate SOH from monitor-
ing data using algorithms, have been widely adopted as they
do not require knowledge of the battery’s internal mechanisms
[7], in contrast to physics-guided models that rely on elec-
trochemical parameterization. Data-driven SOH prediction
typically involves two stages: feature extraction and predic-
tion modeling [8]. During feature extraction, health indica-
tors (HIs) derived from charge-discharge cycle data, including
voltage, current, and temperature, are frequently used. Basic
features such as constant-current charging time and constant-
voltage charging time [9] are widely used. Besides, more
advanced features, including voltage change rate from 300s
to 1000s [9], the charging duration of equal voltage inter-
vals during constant current charging [10], and point-to-point
time integral impedance features derived from charging volt-
age curves [11], have also been proposed. In addition to raw
charge-discharge data, electrochemical features such as IC
curve characteristics [12] and internal resistance [13] are also
popular. Beyond manually designed features, Liu et al [1]
proposed the RCMHCRE algorithm to automatically extract
HIs directly from raw voltage and current data; Chae and
Bae [14] developed an unsupervised Bayesian convolutional
autoencoder that automatically extracts latent features from
raw signals as virtual HIs. Moreover, various feature selec-
tion and fusion strategies have been explored to obtain highly
correlated features, such as Pearson correlation, Principal
Component Analysis and grey relational analysis [15, 16].
Then, for prediction modeling, common methods include
support vector regression (SVR), long short-term memory
(LSTM) [16], convolutional neural networks (CNN) [17],
etc. To optimize model hyperparameters, techniques like the
Swarm Optimization algorithm [18], the Whale Optimization
algorithm [19], and Bayesian optimization [20] are frequently
used. However, while these conventional methods have proven
to be widely adopted and effective, they focus on static fea-
ture extraction from individual cycles, where the predictions
are easily contaminated by noise and incomplete degradation
information.

Moving beyond single cycles, several studies have
attempted to leverage multi-cycle information for SOH esti-
mation. Using a dual-sliding-window strategy, Zhao et al
[21] averaged cumulative capacity across adjacent cycles
and voltage intervals within each cycle to reconstruct input
features for low-sampling-rate SOH estimation. Zhang et al
[22] developed a multi-cycle net, which first extracts intra-
cycle features from consecutive cycles (k-n to k) using a
GRU-transformer, and then aggregates them via a GRU to
obtain inter-cycle features for predicting the SOH of the kth
cycle. Huang et al [23] simultaneously used both intra-cycle
and inter-cycle features. Intra cycle features were extracted
from 1D embedding voltage sequences for SOH estimation,
while inter-cycle features were obtained by applying Inception
convolution and self-attention across cycles for degradation
trajectory prediction. The two were then fused by cross-
attention to predict RUL. Building upon the multicycle con-
cept, Ardakani et al [24] further introduced a feedback mech-
anism that incorporates previous SOH predictions into the
input, enabling nonlinear auto-regressive modeling of battery
degradation. The employment of multi-cycle features enables
the models to utilize richer information from adjacent cycles
than single-cycle features. However, the dynamic evolution
of signal similarity across different cycles remains largely
unexplored.

The concept of recurrence plots, originally proposed by
Eckmann et al [25], visually illustrates the recurring patterns
in time series data. To quantitatively characterize the recur-
ring patterns, Zbilut and Webber introduced recurrence quan-
tification analysis (RQA), where metrics reveal the regular-
ity, predictability, and stability of the system’s dynamics. The
recurrence rate (RR), for example, is defined as the density of
recurrence points in the plots, measuring how often the system
returns to a previously visited state and reflecting the degree of
repetitiveness in system behavior. Furthermore, Marwan and
Kurths extended RQA to Cross-RQA (CRQA) [26], which
compares the similarity between two time sequences using
cross-recurrence plots (CRPs) [27] and associated metrics. As
CRQA enables the comparison between two systems, it has
been applied to biomedical signal analysis [28, 29], seismic
ground motion characterization [30], and ultrasonic nonde-
structive testing [31]. However, CRQA’s application to battery
degradation analysis remains largely unexplored. Xie et al [32]
convert voltage signals into recurrence plots to extract spa-
tiotemporal features for RUL prediction, while still relying on
single-cycle features without considering cross-cycle evolu-
tion. The charge-discharge process involves inherent repeated
visits to similar operating states across degradation cycles, and
CRQA is designed to quantify the evolution of such recur-
rence structures. Therefore, CRQA is well-suited for detecting
the similarity and differences of degradation trends in battery
signals.

In summary, existing methods for battery SOH predic-
tion rely on features from individual or adjacent cycles,
overlooking the dynamic evolution of measurements across
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Figure 1. The framework for SOH prognosis of lithium-ion batteries based on cross-cycle HIs and CNN.

different degradation stages. Therefore, this article proposes
a novel framework that estimates SOH using cross-cycle HIs
extracted by CRQA, as shown in figure 1. Firstly, cross-
cycle features are proposed from battery degradation sig-
nals between cycles. For discharge signals: voltage, cur-
rent, and temperature, CRQA is applied to compare raw
data between cycle i and cycle i + a, where i is the cycle
index and a is the shift parameter. This yields the CRQA
metric matrix families parameterized by a and recurrence
rate RR. Then, the variation of SOH (∆SOH) is intro-
duced, and correlation maps between CRQA metrics and
∆SOH are constructed to select highly correlated metrics as
HIs and identify optimal parameters. Finally, a CNN with
time series cross-validation is developed to predict ∆SOH
between cycles i and i + a. The SOH of cycle i + a is then
obtained by adding the predicted ∆SOH to the known SOH
of cycle i.

The main contributions of this paper are summarized as
follows:

(1) A CRQA based framework is proposed to quantify the
evolution of raw voltage, current, and temperature signals
across different cycles in battery degradation.

(2) Cross-cycle features are proposed as HIs for battery SOH
estimation, instead of focusing on static features within a
single charge-discharge cycle.

(3) An indirect method for SOH estimation is introduced
based on the cross-cycle HIs. The SOH in a future cycle is
estimated from the predicted ∆SOH, which is generated
by a CNN with time series cross-validation.

This paper is organized as follows. Section 2 describes how
CRQA metric matrix families are constructed from battery
signals using cross-recurrence quantification and how corre-
lation maps are built to illustrate the relationship between fea-
tures and battery degradation. Section 3 presents the proposed

CNN model with time series cross-validation for ∆SOH esti-
mation. Section 4 presents the experimental results based on a
NASA dataset, including implementation details of the frame-
work and its performance evaluation. Section 5 concludes the
paper with a summary of key findings.

2. Cross-cycle variability modeling for HIs
extraction of lithium-ion battery degradation by
CRQA

2.1. Cross-cycle variability modeling of battery operational
signals by CRQA

Voltage, current, and temperature are three commonly used
measurable parameters in the study of battery aging. Across
battery charge-discharge cycles, each signal follows a spe-
cific trajectory under identical operating conditions. To quan-
tify each parameter’s regular time-varying pattern, vectors V,
C, and T are defined by equations (1)–(3), each signal vector
comprises a time-series of sampled measurements:

Vi =
[
vi (t1) · · ·vi (tx) · · ·vi (tN)

]
(1)

Ci =
[
ci (t1) · · ·ci (tx) · · ·ci (tN)

]
(2)

Ti =
[
τ i (t1) · · ·τ i (tx) · · ·τ i (tN)

]
(3)

where Vi, Ci and Ti are voltage, current and temperature vec-
tors for the ith cycle, respectively. The elements vi(tx), ci(tx),
and τ i(tx) represent the instantaneous measurements of volt-
age, current, and temperature at time tx during the ith charge-
discharge cycle, and N is the number of sampling points in the
ith cycle.

With the increasing number of cycles, battery performance
degrades continuously. This phenomenon is manifested as an
earlier occurrence of specific events on each parameter’s tra-
jectory, such as the voltage reaching a fixed threshold and
the temperature attaining its peak. Therefore, to quantitatively
analyze the observed cross-cycle temporal shifts, this study
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Figure 2. Cross-recurrence plot.

introduces a shift parameter, a, characterizing the variation in
the trajectory of each signal across cycles. Vectors Vi+a, Ci+a,
and T i+a are shown in equations (4)–(6).

Vi+a =
[
vi+a (t1) · · ·vi+a (ty) · · ·vi+a (tM)

]
(4)

Ci+a =
[
ci+a (t1) · · ·ci+a (ty) · · ·ci+a (tM)

]
(5)

Ti+a =
[
τ i+a (t1) · · ·τ i+a (ty) · · ·τ i+a (tM)

]
. (6)

As an external representation of battery degradation, the vari-
ations between signal trajectories of cycles i and i + a require
precise delineation and measurement. Based on the statistical
analysis of diagonal, vertical, and isolated point structures in
CRP, CRQA enables the comparison of two trajectories.

For any two signal vectors (Vi
1, V

i+a
1 ) defined, an N × M

cross-recurrence matrix (CRi, i+a) is constructed by comput-
ing pairwise distances between the two trajectories. For exam-
ple, for voltage data, when denoting the xth observation vi(tx)
in cycle i and the yth observation vi+a(ty) in cycle i + a,
the cross-recurrence matrix assigns 1 to position (x, y) if the
Euclidean distance

∥∥vi(tx)− vi+a(ty)
∥∥ is smaller than a prede-

fined threshold ε, and 0 otherwise, as shown in equation (7):

CRi, i+ax, y (ε) = Θ
(
ε−

∥∥vi (tx)− vi+a (ty)
∥∥) ,

x= 1, . . . ,N, y= 1, . . . ,M (7)

where ε is a predefined threshold distance,
∥∥vi(tx)− vi+a(ty)

∥∥
is the Euclidean norm of vectors, and the Heaviside function
Θ meets the condition: Θ(x< 0) = 0,Θ(x> 0) = 1.

The recurrence rate (RR), a fundamental metric in CRQA,
is calculated as the density of recurrence points in the matrix,
as shown in equation (8):

RR=
1

N×M

∑N

x=1

∑M

y=1
CRi, i+a. (8)

This scalar quantifies probability that the states in cycle i
recur within the ε-neighborhood of states in cycle i + a. To
practically ensure comparability across different cycle pairs,
a recurrence rate-fixed approach is adopted in this study.
By specifying a target RR value first and then inversely
determining the corresponding threshold ε, this approach
yields the desired point density in the matrix. Therefore,
by varying RR, we can modulate ε to produce a spectrum
of recurrence matrices with point densities ranging from
sparse to dense. The structure of the recurrence matrix, in
turn, affects the value of cross-recurrence metrics calculated
from it.

Then, the CRP could be obtained from the cross-recurrence
matrix CRi,i+a, where black/white points correspond to
CRi, i+ax, y = 1/0, respectively. A CRP is illustrated in figure 2.

The CRP visually represents signal variations between
cycles i and i + a. To further quantify variations across
cycles, this study leverages cross-recurrence quantification
metrics. These metrics are usually grouped into diagonal,
vertical, horizontal, and trend types. Diagonal metrics quan-
tify the similarity and regularity between two trajectories,
including determinism (DET), maximum diagonal line length
(Lmax), average diagonal line length (L), and entropy (ENTR).
DET refers to the proportion of diagonal lines to total recur-
rence points, revealing the regularity of trajectory preser-
vation between cycles i and i + a. A high DET indicates
that the signal evolves in a predictable and consistent pat-
tern as the battery ages. Lmax and L represents the maxi-
mal and average duration during which the two trajectories
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evolve similarly, respectively. ENTR measures the complex-
ity of the diagonal length distribution, revealing the diversity
of recurrent patterns. Their calculation formulas are shown in
equations (9)–(12).

(1) Determinism

DET=

∑N
lmin
l ·P(l)∑N

x=1

∑M
y=1CR

i,j
(9)

where l is the diagonal line length, lmin = 2 is the minimum
diagonal threshold (excluding isolated points), and P(l) is the
distribution of diagonal lines with length l.

(2) Maximum diagonal line length

Lmax =max({ l| l⩾ lmin}) (10)

(3) Average diagonal line length

L=

∑lmax

l=lmin
l · p(l)∑lmax

l=lmin
p(l)

(11)

where p(l) is the probability distribution of diagonal lines with
length l.

(4) Entropy

ENTR=−
lmax∑
l=lmin

p(l) · log2p(l) . (12)

Laminar related metrics describe vertical and horizontal line
structures in the cross- recurrence plot, reflecting laminar
states, which are periods where the signal remains relatively
stable or changes slowly across the two cycles. For verti-
cal structures, three metrics are defined: vertical laminarity
(LAMV), maximum vertical line length (Vmax), and vertical
trapping time (TTV). LAMV refers to the proportion of ver-
tical lines to total recurrence points, reflecting how frequently
the signal remains stable across the two cycles. Vmax and
TTV denote the maximal and average duration of such states,
respectively. They are computed by equations (13)–(15).

(5) Laminarity

LAMV =

∑N
v=vmin

v · p(v)∑N
v=1 v · p(v)

(13)

where v is the vertical line length, vmin = 2 is the minimum
diagonal threshold (excluding isolated points), and P(v) is the
distribution of diagonal lines with length v.

(6) Maximum Vertical Line Length

Vmax =max({v|v> vmin}) (14)

(7) Trapping Time

TTV =

∑N
v=vmin

v · p(v)∑N
v p(v)

(15)

where p(v) is the probability distribution of diagonal lines with
length v.

The horizontal counterparts, LAMH, Hmax, and TTH,
are defined analogously and share the same physical
interpretations.
TREND+ and TREND_ are the linear slopes of recur-

rence rates in the positive and negative delay regions of the
recurrence plot. TREND+ represents how the recurrence rate
changes as the positive delay increases, while TREND_ rep-
resents how the recurrence rate changes as the negative delay
decreases.

(8) TREND

TREND=

∑N
k=1

(
k− k

)(
RRk−RR

)∑N
k=1

(
k− k̄

)2 (16)

where RRk is the recurrence rate of the kth diagonal (with an
offset of k from the main diagonal), RR is the average value of
all RRk, and k denotes the average value of the diagonal offset
quantity k.

According to the abovementioned twelve CRQA metrics,
features of battery status variations could be quantified by
twelve metrics {Q1,Q2, . . . ,Q12}, each metric Qn (n = 1, 2,
3, …,12) corresponds to: DET, Lmax, L, ENTR, LAMV, TTV,
Vmax, LAMH, TTH, Hmax, TREND+, TREND_.

2.2. Cross-cycle HIs of batteries based on cross-cycle
variability modeling

In section 2.1, twelve CRQAmetrics are defined by line struc-
tures in the recurrence plot. Also, shift parameter ‘a’ deter-
mines which two signal vectors are used for HIs by cross-
recurrence quantification and recurrence rate (RR) serves as a
threshold that directly controls the density of recurrence points
in the recurrence plot. Therefore, both ‘a’ and ‘RR’ influence
the values of computed CRQA metrics.

For battery degradation with a total of C complete charge-
discharge cycles, signals of discharging cycles i and i + a are
analyzed by cross-recurrence quantification, where ‘a’ is an
integer lag. The starting cycle index i runs from 1 to K, where
K= C− a ensures the paired cycle i + a remains within the
available cycles.

Let Qn(i, i + a;RR) denote the value of the CRQA met-
ric Qn between cycles i and i + a at recurrence rate RR.
Therefore, for a fixed a, the matrix of one specific metricQn ∈
{Q1,Q2, . . . ,Q12} for the voltage in battery degradation across
a range of recurrence rate {RR1,RR2, . . . ,RRk, . . . ,RR95} is
defined as follows:
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MV
n (a) = QV

n (i, i + a;RRk) , i = 1, . . . ,K, k= 1, . . .95

=


QV
n (1,1+ a;RR1) QV

n (1,1+ a;RR2) · · · QV
n (1,1+ a;RR95)

QV
n (2,2+ a;RR1) QV

n (2,2+ a;RR2) · · · QV
n (2,2+ a;RR95)

...
...

. . .
...

QV
n (K,K+ a;RR1) QV

n (K,K+ a;RR2) · · · QV
n (K,K+ a;RR95)

 . (17)

In this matrix, each row corresponds to a fixed cycle pair
(i, i + a) for the discharge voltage signal, which contains the
value of the CRQAmetricQn computed across all recurrence-
rate thresholds from RR1 to RR95. Conversely, each column
represents the value of the same metric Qn for the same volt-
age signal at a fixed recurrence rate RRk, computed across all
cycle pairs (i, i + a) where i = 1, . . . ,K.

Then, when a values from a ∈ {a1,a2, . . . ,aL}, cross-
cycle battery HIs based on varying a and RR form a fam-
ily of metric matrices

{
MV
n (al) |l= 1,2, . . . ,L

}
. Similarly,

metric matrices for current and temperature are obtained:{
MC
n (al) |l= 1,2, . . . ,L

}
and

{
MT
n(al) |l= 1,2, . . . ,L

}
. Thus,

12 CRQA matrix families are obtained for each signal, one
corresponding to each CRQA metric Qn (n = 1, 2, …, 12).

2.3. Correlation map analysis of cross-cycle HIs of batteries

The SOH is defined as the ratio of current capacity to nominal
capacity, as shown in equation (18), which is a key indicator
of battery performance and operational states

SOH=
Ccur

C0
(18)

where Ccur denotes the measured capacity at the current cycle,
andC0 represents the rated capacity at the defined initial cycle.

Most existing SOH prediction models rely on current cycle
signals. However, the degradation of battery capacities has
great uncertainties, and this method is unable to grasp the
uncertainty hidden in historical status information. Therefore,
the variation of SOH (∆SOH) between any two cycles i and
i + a is introduced in this section. The vector of ∆SOH for K
cycles is defined as:

∆SOH(a) =


∆SOH(a)

1+a

∆SOH(a)
2+a

...

∆SOH(a)
K+a

=


SOH1+a−SOH1

SOH2+a−SOH2
...

SOHK+a−SOHK


(19)

where each element ∆SOH(a)
i+a denotes the variation of SOH

between cycle i and i + a.
As shown in section 2.2, the value of each CRQA metric

depends on both the shift parameter a and the recurrence rate
RR. Furthermore, different CRQA metrics potentially exhibit

varying levels of correlation with∆SOH. Therefore, a prelim-
inary screening of both the metrics and the a-RR candidates is
necessary.

Firstly, for a specific CRQAmetric matrixMV
n , where recur-

rence rate (RR) is an independent variable and a fixed shift
parameter a, a correlation vector is constructed:

ρVn (a) =
[
ρVn (a;RR1) ρVn (a;RR2) · · · ρVn (a;RR95)

]
(20)

where ρVn (a;RRk) = Spearman
(
MV
n (a)[:,k],∆SOH(a)

)
, and

MV
n (a)[:,k] denotes the kth column of the matrix (k = 1, 2,

…, 95).
Then, by varying the shift parameter a over the set of

{a1,a2, . . . ,aL}, above procedure is repeated for each value.
Stacking the resulting row vectors forms a correlation map:

ρVn =


ρVn (a1)
ρVn (a2)

...
ρVn (aL)



=


ρVn (a1;RR1) ρVn (a1;RR2) · · · ρVn (a1;RR95)
ρVn (a2;RR1) ρVn (a2;RR2) · · · ρVn (a2;RR95)

...
...

. . .
...

ρVn (aL;RR1) ρVn (aL;RR2) · · · ρVn (aL;RR95)

 .

(21)

This matrix ρVn comprehensively displays the correlation
between the voltage signal metricQn and the variation of SOH,
together with two parameters, a and RR.

Finally, based on the analysis of correlation maps, signal-
metric pairs with low ρwill not be adopted. Also, the impact of
both the shift parameter, a, and the recurrence rate, RR, on the
correlation matrix could be examined to identify the optimal
parameter settings.

3. CNN prediction model with time series
cross-validation

This section describes the CNN employed for battery SOH
estimation. Additionally, the time series cross-validation strat-
egy is adopted for hyperparameter tuning, and the architecture
of the model is illustrated in figure 3.
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Figure 3. CNN architecture under time-series cross-validation.

According to section 2.3, CRQA metrics with high cor-
relation are retained for prediction. These retained features,
derived from CRPs, contain rich information that reflects bat-
tery degradation. By leveraging convolutional kernels, CNNs
[33, 34] operate on local regions of the feature vector, allow-
ing it to capture local dependencies among neighboring fea-
tures. This makes it suitable for learning CRP-based met-
rics and contributes to the reliability of data-driven prognos-
tic predictions [35]. Additionally, time series cross-validation,
serving as the evaluation engine within a grid search frame-
work, is employed to systematically optimize the hyperpa-
rameters with chronological splits to avoid data leakage from
future cycles.

Let {(xt,yt)}Nt=1 be a time ordered sequence, where xt ∈ Rd

is the input feature vector at time t, yt ∈ R is the correspond-
ing target value. Standard K-fold cross-validation assumes
exchangeable samples and is therefore inappropriate for time
series data. To respect the temporal order in battery degrada-
tion, a time series cross-validation scheme is employed in this
study. Let the training set size beM. Define K validation splits
such that for each k = 1, …, K:

Tk = {(xt,yt)}Tkt=1 , Vk = {(xt,yt)}Tk+1

t=Tk+1 (22)

where Tk denotes the last index of the training set of fold k,
T1 < T2 < · · ·< TK+1 =M. The validation set Vk always fol-
lows the training set Tk in time, preventing future information
leakage.

The root mean error for split k is

ek =

√√√√ 1
|Vk|

∑
(xt,yt)∈Vk

(ŷt− yt)
2
. (23)

The overall cross-validation objective is

LCV =
1
K

K∑
k=1

ek. (24)

Grid search is performed over hyperparameters including ker-
nel size, number of filters, and dropoutRate. Then, for each
hyperparameter combination, a CNN with that configuration
is trained on Tk and validated on Vk for each fold of k = 1, …,
K. Then per-fold ek and the average cross-validation loss LCV

is computed. The combination achieving the smallest LCV is
selected as the optimal configuration.

Each input xt ∈ Rd for the CNN is reshaped into a tensor
of size d× 1× 1 to match the expected input format of the

7
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convolutional layer. The first convolutional operation is then
applied as follows:

Z (1) =W(1) ∗X+ b(1) (25)

where W(1) is the filter bank, b(1) is the bias term, and ∗ rep-
resents the convolution operation. This transformation yields
a feature map:

Z (1) ∈ Rd×1×D (26)

with D filters.
To stabilize and accelerate training, a batch normalization

layer is introduced:

Ẑ (1) = γ
Z (1) −µ√
σ2+ ∈

+β (27)

where µ and σ2 are the batch mean and variance, and γ, and β
are learnable affine parameters.

Subsequently, the ReLU activation introduces the non-
linearity.

A(1) = ReLU
(
Ẑ (1)

)
=max

(
0, Ẑ (1)

)
. (28)

A pooling layer is applied to down-sample the feature maps:

P(1) = avgpool
(
A(1)

)
. (29)

The extracted features are then integrated through a fully con-
nected layer

Z (2) =W(2)A(1) + b(2) (30)

A(2) = ReLU
(
Z (2)

)
. (31)

Finally, the model produces the prediction through an output
layer:

ŷt =W(3)A(2) + b(3). (32)

With the predicted∆SOHi+a obtained by CNN, the final SOH
at cycle i + a is obtained by adding this predicted value to the
SOH at cycle i, as formulated below:

SOHi+a = SOHi+∆SOHi+a. (33)

To assess the proposed CNN model, the errors between the
estimated SOH values and the actual SOH values are evaluated
using mean absolute error (MAE) and root mean square error
(RMSE) [36], which are computed according to equations (34)
and (35).

MAE=
1
n

n∑
i=1

|yi− ŷ| (34)

RMSE=

√√√√1
n

n∑
i=1

(yi− ŷi)
2
. (35)

4. Experimental analysis

4.1. Cross-cycle HIs extraction under varying a and RR

In this study, the lithium-ion battery dataset (B0005) from the
NASA Ames Prognostics Data Repository is leveraged. The
battery is an 18 650-type lithium-ion cell with a rated capac-
ity of 2 Ah. The charging protocol consists of a constant cur-
rent phase at 1.5 A until the voltage reaches 4.2 V, followed
by a constant voltage phase until the current drops to 20 mA.
The discharging protocol applies a constant current until the
voltage falls to 2.7 V. The dataset provides measurements of
voltage, current, temperature and capacity after every charge-
discharge cycle.

According to equation (19), the ∆SOH curve is governed
by the shift parameter a. To ensure an adequate sample size
and CRQA HIs achieve the highest correlation with ∆SOH,
the shift parameter a is set from 28 to 31 in this study. Within
this range, the extracted HIs achieve correlations up to 91%.

The ∆SOH curves for a = 28, 29, 30, and 31 are shown
in figure 4. Notably, the four curves exhibit a pronounced
pattern: first decreases to a minimum and then slowly recov-
ers. This phenomenon reflects that the B0005 battery degrada-
tion rate first increases rapidly and then decreases gradually.
Furthermore, as a varies from 28 to 31, the slope of the∆SOH
curve becomes progressively steeper.

For HI derivation related to battery degradation, CRQA
metricmatrix families for current, voltage, and temperature are
constructed based on the methodology in sections 2.1 and 2.2.
Unlike ∆SOH’s dependency on shift parameter a, the deriva-
tion of HIs is determined by both the shift parameter a and
the recurrence rate, RR. For a recurrence rate of 5%, figure 5
shows how the CRQA metrics ENTR and TTH of voltage vary
across all cycles as a increases from 28 to 31.

A clear divergence is observed between the shapes ofENTR
and TTH, indicating the distinct response patterns for battery
degradation in each CRQA metric. Then, as a increases from
28 to 31, each curve retains its overall trend but drifts rightward
along the cycle axis.

For shift parameter a = 30, figure 6 shows the ENTR and
TTH curves of signal voltage, with recurrence rate values of
{5%,10%,15%, . . . ,95%}. In figure 6, as RR ranges from 5%
to 95% in steps of 5%, the ENTR curve first shifts upward,
then downward along the vertical axis, whereas the TTH curve
exhibits a consistent upward shift across the same RR range.

Given that the behavior of CRQAmetrics is highly sensitive
to the choice of a andRR, selecting the optimal values for these
two parameters is crucial for constructing effective prognostic
features.

4.2. Parameter selection based on correlation maps

In section 4.1, we construct CRQA metric matrices. These
matrices reveal the distinct response patterns of CRQA met-
rics to variations in the shift parameter, a, and the recur-
rence rate, RR. To select optimal parameters and correlated
metrics, correlation matrices for three signals and 12 metrics
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Figure 4. ∆SOH curves for different a values.

Figure 5. ENTR and TTH curves for different a values.

Figure 6. ENTR and TTH curves for different RR values.

are constructed according to equation (21). Only the values
of a that achieve correlation coefficients of up to 91% are
retained for subsequent parameter and metric selection. Then
3D correlation maps are generated by first unfolding the two-
dimensional correlation matrix into three column vectors, rep-
resenting the shift parameter, a, the recurrence rate, RR, and
the corresponding Spearman correlation coefficient ρ, respec-
tively. Each point in the plot thus corresponds to a unique
parameter pair (a, RR). Twelve correlation maps of voltage are
shown in figure 7.

For each a value in the range of 28–31, we further exam-
ine RR from 1% to 95%. Metric-RR combinations with cor-
relation coefficients exceeding 0.85, 0.86, 0.87, 0.88, 0.89,
0.90, and 0.91 are selected as inputs for subsequent prediction.
Tables 1–4 present the set of selected parameters and metrics
for a = 28, 29, 30, 31.

To further validate the generalization of the proposed cross-
cycle method across different battery datasets, we additionally
applied the feature extraction procedure to multiple cells from
the Oxford battery dataset. The correlated features and their
corresponding parameters are partially presented in table 5.

Specifically, the extracted CRQA features exhibit a strong
correlation with ∆SOH, with the highest correlation reach-
ing 95%. Due to the limited number of cycles in the Oxford
dataset, this analysis focuses on feature-level validation.

4.3. Prediction results and model comparison

Based on section 3, the very end of the battery dataset is used
as the test set. We also employ LSTM, SVR, LSTM-Attention,
and CNN-LSTM-Attention as comparison models. The pre-
diction curves of the optimal threshold ρ under each value of a
are shown in figures 8–11. In each figure, subfigure (a) shows
the model’s direct prediction results for ∆SOH from cycle i
to i + a, and subfigure (b) shows the SOH results at cycle
i + a, obtained by adding the predicted ∆SOH to the SOH of
cycle i.

As illustrated in figures 8 to 11, both the SOH and ∆SOH
of the battery exhibit a fluctuating trend, and the predicted val-
ues from the models are consequently subject to fluctuations.
Meanwhile, the prediction curves of CNN-LSTM-Attention in
figure 9, CNN in figure 10, and LSTM in figure 11, shown as
brown, green, and blue lines, largely coincide with the origi-
nal degradation trajectory. LSTM achieves stable performance
across all values of a. SVR and LSTM-Attention show the
largest deviation from the original trajectories. Notably, all the
performances are sensitive to the shift parameter a.

The prediction performances are quantitatively compared
in table 6, whereMAE and RMSE are reported for shift param-
eters a = 28, 29, 30, 31.

Due to the linear relationship between∆SOH and SOH, the
MAE and RMSE values remain identical. The CNN achieves
the lowestMAE of 0.2965% at a= 31, while the CNN-LSTM-
Attention model achieves the lowest RMSE of 0.4156% at
a = 29. We attribute this to the CNN’s spatiotemporal feature
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Figure 7. Twelve correlation maps of voltage.

Table 1. Feature selection results for a = 28.

Signal RR (%) CRQA metric (HI) ρ (%)

Voltage 91 TREND_ 91.32

Temperature 2 Hmax 91.79
64 TTH 90.71
65 L 89.3

Table 2. Feature selection results for a = 29.

Signal RR (%) CRQA metric (HI) ρ (%)

Current 94 Hmax 86.23
86 TREND_ 87.3

Voltage 48 TTH 88.17
7 Hmax 88.36

92 TREND_ 91.39

Temperature 2 Hmax 92.19
67 L 90.24
68 TTH 91.14

extraction capability. In contrast, the LSTM model achieves
relatively stable and competitive performance across all val-
ues of a. Collectively, the above results demonstrate that the
proposed cross-cycle prediction method is feasible and effec-
tive for battery SOH prediction.

We select the optimal prediction results under each value of
a for comparison with the existing non-cross-cycle prediction
methods. All comparisons are conducted on the same battery
dataset. The quantitative results are presented in table 7. Our

Table 3. Feature selection results for a = 30.

Signal RR (%) CRQA metric (HI) ρ (%)

Current 91 Hmax 86.57
86 TREND_ 86.31

Voltage 49 TTH 88.44
15 Hmax 89.18
78 L 86.23
42 TREND_ 92.36
86 TREND+ 88.64

Temperature 2 Hmax 92.38
64 L 90.16
56 TTH 91.41
63 Lmax 85.27

Table 4. Feature selection results for a = 31.

Signal RR (%) CRQA metric (HI) ρ (%)

Voltage 42 TREND_ 91.75

Temperature 3 Hmax 90.70
64 TTH 90.55

method achieves a minimal MAE of 0.2965% and a minimal
RMSE of 0.4156%. The MAE and RMSE values reported by
Lin et al [7] and Zhang et al [37] are higher than almost all test
conditions of our method, which demonstrates the feasibility
of our cross-cycle method.
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Table 5. Correlation results on the Oxford dataset.

Signal RR (%) CRQA metric ρ (%)

Voltage 5 ENTR 94.8
40 L 93.36
15 LAMH 85.49

Temperature 55 Hmax 95.12
65 Lmax 90.11

Figure 8. Prediction curves for shift parameter a = 28.

Figure 9. Prediction curves for shift parameter a = 29.

4.4. Sensitivity analysis of correlation threshold

Based on the three best-performing models identified in
section 4.3, the impact of the correlation threshold on pre-
diction performance is further analyzed. Table 8 summarizes
the prediction results for correlation thresholds ranging from
0.85 to 0.91, with the value of a fixed at its optimal setting for
each algorithm.

When the correlation threshold is set to 0.91, the per-
formance of CNN drops abruptly. This is because the high
threshold of 0.91 retains too few CRQA metrics for CNN
to extract meaningful spatiotemporal patterns. Apart from
this extreme threshold, CNN outperforms LSTM and CNN-
LSTM-Attention and achieves the best and most stable

performance. CNN-LSTM-Attention shows a gradual perfor-
mance decline as the threshold increases, whereas LSTM per-
forms poorly at the threshold of 0.88. In general, the correla-
tion threshold significantly affects the HIs quality input to the
model, yet CNN exhibits stable performance due to its inher-
ent spatiotemporal feature extraction capability.

4.5. Ablation study

To verify the contribution of each component in the proposed
framework, we conducted extensive ablation studies on our
optimal CNN model. As shown in table 9, replacing the CNN
with a simple MLP increases the MAE from 0.2965% to
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Figure 10. Prediction curves for shift parameter a = 30.

Figure 11. Prediction curves for shift parameter a = 31.

Table 6. Prediction performance for a = 28, 29, 30, and 31 (%).

a LSTM SVR CNN LSTM-Attention CNN-LSTM-Attention

28 MAE 0.5585 0.8729 0.7674 1.1907 0.4259
RMSE 0.7454 1.0791 0.9770 1.3618 0.5892

29 MAE 0.4298 0.5922 1.069 1.0752 0.3158
RMSE 0.5884 0.7414 1.2672 1.2682 0.4156

30 MAE 0.359 0.4116 0.2965 0.5235 0.5004
RMSE 0.4962 0.4895 0.4437 0.675 0.6754

31 MAE 0.3116 0.4347 0.5379 0.3994 0.4602
RMSE 0.4415 0.6210 0.6735 0.4907 0.6121

0.643%.When the time-series cross validation is removed and
a set of parameters is manually selected, the prediction accu-
racy decreases but remains at an acceptable level. In contrast,
when the cross-cycle features are directly used to predict SOH
instead of∆SOH, the model performance deteriorates signifi-
cantly, resulting in MAE of 2.5914% and RMSE of 2.9344%.

These results confirm that each component of the proposed
framework contributes positively to the overall prediction per-
formance. Among all modules, predicting ∆SOH instead of
SOH yields the most significant performance gain, indicating
the indispensable role of ∆SOH prediction in our cross-cycle
framework.
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Table 7. Performance comparison with the single-cycle prediction
method (%).

MAE RMSE

our framework a = 28 0.4259 0.5892
a = 29 0.3158 0.4156
a = 30 0.2965 0.4437
a = 31 0.3116 0.4115

Lin et al [7] 0.69 0.87

Zhang et al [37] 0.34 0.64

Table 8. Model performance under different correlation thresholds
(%).

a = 29
CNN-LSTM
-Attention a = 30 CNN a = 31 LSTM

MAE RMSE MAE RMSE MAE RMSE

0.85 0.3102 0.4291 0.2965 0.4437 0.3654 0.5235
0.86 0.3158 0.4156 0.4149 0.6016 0.3654 0.5235
0.87 0.4479 0.6178 0.5208 0.7374 0.4469 0.6111
0.88 0.7231 0.8911 0.5208 0.7374 0.7936 1.0176
0.89 0.9229 1.0948 0.3455 0.4637 0.3116 0.4415
0.90 0.9229 1.0948 0.3168 0.4533 0.3116 0.4415
0.91 1.1488 1.3295 0.9232 1.0591 0.3606 0.4614

Table 9. Results of ablation experiments (%).

MAE RMSE

Full CNN 0.2965 0.4437
MLP substitute 0.643 0.8159
without TSCV 0.3186 0.4748
direct SOH 2.5915 2.9344

5. Conclusions

This research proposes a novel cross-cycle framework that
leverages HIs extracted by CRQA to estimate battery SOH
degradation. Unlike conventional methods, the similarity of
signals from different cycles is quantified in this method, and
this approach provides a new perspective on battery degrada-
tion by explicitly modeling cross-cycle dynamic relationships.
A CNN trained with time series cross-validation achieves an
MAE of 0.2965% and an RMSE of 0.4156% on the NASA bat-
tery dataset, confirming the effectiveness of this cross-cycle
framework. The comparison with MLP, LSTM, and CNN-
LSTM-Attention shows that the proposed cross-cycle frame-
work is capable of achieving competitive performance against
these widely adopted models. Moreover, the stability of the
CNN observed in the sensitivity analysis of the correlation
threshold highlights its advantage in extracting informative
features from CRQA metrics.

In summary, this research proposes a feasible indirect
framework that explores the evolution of rawmeasurements in
battery degradation, realizing the accurate estimation of SOH
through cross-cycle features and the prediction of ∆SOH.
Despite the promising results, there is still room for further

improvement. In future work, more cross-cycle features could
be explored to enhance the characterization of battery degra-
dation, such as statistical features, entropy measures, and fre-
quency features between pairs of cycles. Additionally, this
research relies on correlation maps to manually select the opti-
mal shift parameter a and recurrence rate RR. Future research
could incorporate more efficient algorithms to reduce compu-
tational cost.
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