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 a b s t r a c t

Lithium-ion (Li-ion) batteries are ubiquitous in electric vehicles (EVs) as efficient energy storage devices. The 
reliable operation of Li-ion batteries depends critically on the accurate estimation of battery capacity. However, 
conventional estimation methods require extensive training datasets from costly battery tests for modeling, and 
a full cycle of charge and discharge is often needed to estimate the capacity. To overcome these limitations, a 
capacity estimation method is proposed that leverages only one cycle of the open-circuit voltage (OCV) test in 
modeling and allows for estimating the capacity from partial charge or discharge data. Moreover, by applying it 
with OCV identification algorithms, the capacity can be estimated from dynamic discharge data without requiring 
dedicated data collection tests. The proposed method exploits an invariance property observed in the OCV versus 
state of charge relationship across aging cycles. Leveraging this invariance, the proposed method estimates the 
capacity by solving an OCV alignment problem using only the OCV and the discharge capacity data from the 
battery. Simulation results demonstrate the method’s efficacy, achieving a mean absolute relative error of less 
than 0.4% with OCV test data and less than 2.6% with dynamic data in capacities across 10 aging batteries.

1.  Introduction

Electric vehicles (EVs) are gaining increasing popularity in mod-
ern transportation due to their roles in reducing greenhouse gas emis-
sions, leading to carbon neutralization (Hannan et al., 2017; Meng 
et al., 2018). Lithium-ion (Li-ion) batteries are renowned for their fa-
vorable energy density, energy efficiency, and extended service life, and 
are widely adopted in EVs as energy storage devices (Plett, 2015). As 
batteries undergo cycles of charge and discharge, they inevitably ex-
perience performance impairment, in which battery capacity declines
significantly (Peng et al., 2025). This degradation deteriorates the per-
formance of the EV’s range and raises safety concerns. As a result, ac-
curate monitoring of the battery capacity is crucial for reliable vehicle 
operation (Zhang et al., 2025).

Estimating the capacity of the battery primarily relies on three cate-
gories of approaches: direct measurement methods, model-based meth-
ods, and data-driven methods (Wang et al., 2023). Direct measurement 
approaches estimate battery capacity by applying Coulomb counting 
over a full charge or discharge cycle (Navidi et al., 2024). This method 
is straightforward, but it is inconvenient for EVs under operation as the 
battery is seldom in a fully discharged state, which can permanently 
damage the battery. Model-based methods enable online estimation of 
capacity from operational data using established battery models. Com-
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mon models encompass empirical models and physical models. Empiri-
cal model-based approaches collect historical records of the capacity and 
operating conditions, e.g., the number of cycles, C-rate, and SOC span, 
and fit an empirical model to the data to relate these characteristics 
with capacity fade (Wan et al., 2025; Zagorowska et al., 2020). Physi-
cal model-based methods utilize an electrochemical model (EM) or an 
equivalent circuit model (ECM) to identify the capacity of the battery. 
The single particle model (SPM), a commonly used EM, relates micro-
scopic degradation factors, e.g., the mass of active materials and the in-
ventory of lithium-ions, to the battery capacity and simulates the capac-
ity trajectory by modeling the trend of their degradation with the stress 
factors (El-Dalahmeh et al., 2023). The ECM correlates electrical param-
eters, e.g., internal resistance, open-circuit voltage (OCV), with battery 
capacity using data from aging tests. Then, it estimates the capacity dur-
ing operation by identifying the current values of these parameters from 
operational data (Li et al., 2024). However, the practical application of 
EMs is hindered by the difficulty of accessing battery-specific chemical 
parameters and the requirement for substantial computational power. 
The ECM needs extensive experiments to establish an accurate correla-
tion between battery parameters and degradation. These factors limit 
the application of model-based approaches in practical usage.

Data-driven methods are divided into feature-based methods 
and end-to-end methods. Feature-based methods establish machine
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learning models that relate features from the OCV curve, such as the 
curve in differential voltage analysis (DVA) and incremental capacity 
analysis (ICA), to the capacity of the battery (Bloom et al., 2005; Navidi 
et al., 2024). End-to-end-based methods directly process measurement 
data, e.g., current, voltage, and temperature from battery operation, and 
infer from usage records the capacity of the battery using neural net-
work architectures (Lianpo et al., 2025; Lu et al., 2022). Although show-
ing promising results, data-driven approaches rely on extensive training 
data, the acquisition of which is costly and time- and energy-consuming.

A mechanistic model-based capacity estimation was proposed, lever-
aging the open circuit potential (OCP) of electrodes (Dubarry et al., 
2012). The OCV of the full battery is obtained as the difference between 
the positive and the negative electrode potential. The degradations of ac-
tive materials of the two electrodes and the loss of lithium-ion inventory 
are modeled as scaling and translation of the OCP curves, and the degra-
dation of electrode capacity is estimated by fitting alignment parameters 
of the OCPs to the measured OCV (Schmitt et al., 2023). However, this 
approach requires the data of the half-cell OCP relationships, which rely 
on invasive experiments that open the battery and build a half-cell from 
samples of the electrodes. This type of experiment is repeated for each 
battery configuration, which is costly and induces safety concerns.

In this work, a capacity estimation method is proposed that lever-
ages a geometric property in the OCV-SOC relationship. The method 
requires only one cycle of the OCV measurements from the nominal 
battery, eliminating the need for cumbersome OCV-SOC measurements 
across all aging cycles and the disassembling of the battery to build 
half-cell samples. With the OCV and discharge capacity data of the aged 
battery, the capacity is estimated throughout the battery’s lifespan with 
sufficient accuracy. With an OCV estimation algorithm, this approach 
enables us to estimate the capacity from dynamic discharge data, with-
out using additional capacity diagnostic tests, showing potential for on-
line estimation of capacity from dynamic operational data.

The remainder of this paper is structured as follows. Section 2 in-
troduces the concept of calibrated SOC and the developed capacity es-
timation method, Section 3 presents the estimation results on real-life 
battery data, Section 4 discusses the validity of the approach, and Sec-
tion 5 presents concluding remarks of this study.

2.  Battery capacity estimation

In this section, the concept of calibrated state of charge for aged 
batteries is first introduced, then the invariance property observed in 
the battery’s open circuit voltage and state of charge (OCV-SOC) rela-
tionship is demonstrated, and finally, a capacity estimation method is 
proposed utilizing this invariance.

2.1.  State of charge of aged batteries

The state of charge (SOC) is a critical component closely related to 
the capacity of the battery. It is the ratio of the charge stored in the 
cell to its total capacity. The correctness of SOC with respect to the true 
value of the battery is critically dependent on the capacity with which 
the SOC is computed. For an aged battery with a total capacity of 8 Ah 
and a nominal capacity of 10 Ah, when the battery is fully discharged, 
the SOC computed with 10 Ah is 20% while the actual SOC is 0%. This 
discrepancy in SOC can be used to estimate capacity with an invariance 
property in the shape of the OCV-SOC relationship.

To distinguish different ways of computing SOC, notations 𝑎 and 𝑛
are used to denote the aged and the nominal battery. 𝐶𝑖 ∈ ℝ>0 is de-
fined as the capacity of the battery and 𝑖 ∈ {𝑎, 𝑛} denotes the type of the 
battery, e.g., 𝐶𝑎 is the aged capacity and 𝐶𝑛 is the nominal capacity.

The discharge capacity is defined as the amount of charge withdrawn 
from the battery, and it is computed via Coulomb counting as:

𝑄𝑖
𝑑𝑐 (𝑡) = − 1

3600 ∫

𝑡

𝑡0
𝐼𝑏(𝜏)𝑑𝜏, (1)

where 𝑄𝑖
𝑑𝑐 (𝑡) ∈ ℝ is the discharge capacity for battery 𝑖, 𝑖 ∈ {𝑎, 𝑛} in 

Ampere-hour (Ah), 𝐼𝑏(𝑡) ∈ ℝ is the load current of the battery (positive 
for charging), and 3600 is the factor converting Coulombs into Ah. 𝑡0
is the initial time from which 𝑄𝑖

𝑑𝑐 starts being recorded for capacity 
estimation, and the initial discharge capacity 𝑄𝑖

𝑑𝑐 (𝑡0) is defined as zero 
independent of the initial value of SOC. The SOC can be computed from 
𝑄𝑖

𝑑𝑐 (𝑡) and the battery’s total capacity 𝐶𝑗 as:

𝑍 𝑖
𝑗 (𝑡) = 𝑍 𝑖

𝑗 (𝑡0) −
𝑄𝑖

𝑑𝑐 (𝑡)
𝐶𝑗

× 100% (2)

where 𝑍 𝑖
𝑗 (𝑡) ∈ [0, 1] is the SOC of battery 𝑖 computed with the capacity 

𝐶𝑗 , 𝑖, 𝑗 ∈ {𝑎, 𝑛}, at time 𝑡, 𝑍𝑖
𝑗 (𝑡0) ∈ [0, 1] is the initial SOC, and 𝐶𝑗 ∈ ℝ>0

is the total capacity of the battery 𝑗 in Ah.
When the type of the battery actually being discharged and the type 

of capacity used to compute the SOC are consistent, i.e., 𝑖 = 𝑗, the SOC 
𝑍 𝑖

𝑗 (𝑡) is defined as calibrated, i.e., 𝑍𝑎
𝑎 (𝑡) and 𝑍𝑛

𝑛 (𝑡) are calibrated SOCs, 
and the capacity is defined as the calibrated capacity, i.e., 𝐶𝑖 is calibrated 
for battery 𝑖. When 𝑖 ≠ 𝑗, e.g., 𝑍𝑎

𝑛 (𝑡), the SOC 𝑍 𝑖
𝑗 (𝑡) is uncalibrated, and 

the capacity is an uncalibrated capacity for battery 𝑖. Only the calibrated 
SOC can reflect the real state of the battery currently being operated1.

The open circuit voltage (OCV) is the terminal voltage of the battery 
when it is disconnected from external circuits and rested for a suffi-
cient amount of time. The OCV varies with SOC, and it will be shown 
that, when the SOC is calibrated, the OCV-SOC relationship is practi-
cally invariant across aging cycles. The OCV can be obtained using OCV 
identification algorithms from dynamic discharge data (Wang & Fer-
rari, 2025). The OCV and SOC are independently collected from the 
battery with a one-to-one mapping and are treated as a high-resolution 
lookup table used for capacity estimation. The OCV of the 𝑖th battery 
is denoted by 𝑉 𝑖

𝑜𝑐 (𝑡) ∈ ℝ, 𝑖 ∈ {𝑎, 𝑛}, and the OCV-SOC relationship is de-
noted by 𝑉𝑜𝑐 (𝑍(𝑡)), 𝑍(𝑡) ∈ [𝑍̌, 𝑍̂]. 𝑍̌ ∈ ℝ and 𝑍̂ ∈ ℝ, 𝑍̌ ≤ 𝑍̂ are the up-
per and lower bounds of the SOC. The estimation of 𝑉𝑜𝑐 at any SOC point 
𝑍(𝑡) ∈ [𝑍̌, 𝑍̂] can be achieved through linear interpolation.

2.2.  Invariance in OCV-SOC relationships

The OCV-SOC relationship can reveal the aging status of the bat-
tery. When the battery undergoes continuous aging, the total capacity 
of the battery decreases, and the OCV reaches the lower cut-off volt-
age sooner with less discharge capacity extracted from the battery. This 
behavior is illustrated in Fig. 1a and b. However, when the calibrated 
SOC is computed with the calibrated capacity, examination of the OCV-
SOC relationships shows that the curves of the relationships are highly 
invariant across all degrees of aging of the battery.

This phenomenon is observed in batteries with different types of 
chemistries from different datasets. For example, Fig. 1a and b show the 
OCV versus discharge capacity relationships and the OCV-SOC relation-
ships of a LiNiMnCoO2 (NMC) battery from the Stanford Aging dataset 
(Pozzato et al., 2022). Fig. 1a shows that the maximum discharge ca-
pacity at lower cut-off voltage decreases as the battery undergoes more 
and more aging cycles, and when the OCV is related to the calibrated 
SOC computed with the calibrated capacity, it can be seen from Fig. 1b 
that the OCV-SOC curves align closely with each other across aging cy-
cles. The mean of RMSEs of the OCV-SOC relationships compared to the 
OCV-SOC curve of the nominal battery is 0.0132V, only 0.31% of the 
upper cut-off voltage of the battery. A similar observation can be made 
from a LiMO2 (LMO) battery using the data from the Oxford Battery 
Degradation Dataset (Howey & Birkl, 2017) shown in Fig. 1c and d. The 
alignment of OCV-SOC relationships after calculating the calibrated SOC 
with the calibrated capacity is noticeably close, and the mean RMSE of 
the OCV curves is 0.0274V, which is 0.65% of the battery’s upper cut-off 
voltage.

1 Note that 𝑍𝑛
𝑎 (𝑡) can be defined with the above notation, but does not have a 

physical meaning and is unused in the paper
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Fig. 1. Relationships of OCV versus discharge capacity and OCV-SOC for the 
NMC (Pozzato et al., 2022) and the LMO batteries (Howey & Birkl, 2017).

The OCV-SOC curve is nearly invariant under aging when the SOC 
is calculated with the calibrated capacity, as illustrated in Fig. 1. A 𝜌-
near invariance is defined for the calibrated OCV-SOC curve using the 
average absolute relative error (ARE) between the aged OCV and the 
nominal OCV as follows.

Definition 1. The OCV-SOC curve is called 𝜌-near invariant when the 
average absolute relative error of the OCV on the calibrated OCV-SOC 
curve compared to the nominal OCV-SOC curve is less than 𝜌%.

Based on the invariance behavior, a capacity estimation method was 
developed using OCV-discharge capacity data without relying on prior 
training or offline OCV tests. The proposed method is developed based 
on the Stanford aging dataset (Pozzato et al., 2022), which is collected 
from an NMC battery at a constant temperature of 23 ◦C. The used 
dataset covers a capacity loss of up to 8.6%, and the average ARE of 
the calibrated OCV curves is less than 0.6%. For the result developed 
based on this dataset, a modeling assumption about the invariance of 
the OCV-SOC curve used in this method is formulated as follows.

Assumption 1. The OCV-SOC curve 𝑉𝑜𝑐 (𝑍𝑖
𝑖 ) is assumed 𝜌-near invariant 

with 𝜌 = 0.6 under aging for the NMC battery in this work at a constant 
temperature of 23 ◦C and a capacity loss of less than 8.6%, when the 
SOC 𝑍 𝑖

𝑖  is calculated using the calibrated capacity 𝐶𝑖.

The selection of 𝜌 = 0.6 is explained in Section 3.3.
The approximate invariance has been observed in several studies. 

Pattipati et al. (2014) conducted extensive battery experiments on 34 
battery cells of 11 battery chemistries at 8 temperatures and reported 
that the OCV-SOC curves are nearly identical under different aging and 
temperature states when the SOC is computed with the calibrated ca-
pacity. Kadem (2025) examined data from different datasets of different 
chemistries and found that the OCV-SOC curve remains nearly constant 
above 20% SOC when the SOC is normalized by the degraded capacity. 
When the data are collected with a low-current OCV test, the calibrated 
OCV-SOC curves remain almost constant across the complete SOC range.

From an electrochemical perspective, the open-circuit potential 
(OCP) of battery electrodes is determined by their Gibbs free energy 
of electrode materials (Yao & Viswanathan, 2024). Battery aging of-
ten changes the storage capacity of the electrodes rather than affecting 

the material’s electrochemical properties. As a result, the OCP of elec-
trodes is often regarded as invariant during aging (Schmitt et al., 2021). 
A mechanistic modeling framework reproduces the OCV curve evolu-
tion observed in experimental data under dominant degradation modes 
(Dubarry et al., 2012). Using this framework, the full cell OCV is the 
difference between the cathode and the anode OCP:
𝑉𝑜𝑐 (𝑍𝑓𝑢𝑙𝑙) = 𝑉𝑐𝑎𝑡(𝑍𝑓𝑢𝑙𝑙) − 𝑉𝑎𝑛(𝑍𝑓𝑢𝑙𝑙), (3)

where 𝑉𝑐𝑎𝑡 and 𝑉𝑎𝑛 are the electrode OCPs and 𝑍𝑓𝑢𝑙𝑙 is the full cell 
SOC. Electrode OCPs are determined by the electrode SOCs 𝑍𝑐𝑎𝑡 and 𝑍𝑎𝑛
and the shape of relationships 𝑉𝑐𝑎𝑡(𝑍𝑐𝑎𝑡) and 𝑉𝑎𝑛(𝑍𝑎𝑛) are age-invariant. 
Curves of 𝑉𝑐𝑎𝑡(𝑍𝑓𝑢𝑙𝑙) and 𝑉𝑎𝑛(𝑍𝑓𝑢𝑙𝑙) at full cell SOC for the aged cell re-
sult from the shifting and scaling of the electrode OCPs on the SOC axis 
(Schmitt, 2023):
𝑍𝑓𝑢𝑙𝑙= 𝑍𝑎𝑛 ⋅ 𝛼𝑎𝑛 + 𝛽𝑎𝑛 (4)

𝑍𝑓𝑢𝑙𝑙= (1 −𝑍𝑐𝑎𝑡) ⋅ 𝛼𝑐𝑎𝑡 + 𝛽𝑐𝑎𝑡, (5)

where 𝛼𝑐𝑎𝑡, 𝛼𝑎𝑛 are the scaling factors and 𝛽𝑐𝑎𝑡, 𝛽𝑎𝑛 are the translation 
factors.

The OCP models are used to describe the aging behavior of the OCV 
curve due to the loss of lithium inventory (LLI) and the loss of active ma-
terials (LAMs) modes. In the LLI mode, the change in the OCP model is a 
shift of the anode OCP curve along the SOC axis. Because of the specific 
shape of the anode OCP curve, under moderate aging, normalization by 
the calibrated capacity on the SOC reverses the OCV shaping due to the 
anode OCP shifting, resulting in close alignment with the nominal OCV-
SOC relationship (Schmitt, 2023). An exemplary pair of OCP curves can 
be found in Abbasi et al. (2025).

The LLI is reported as the dominant degradation mode for moder-
ate aging with a capacity loss of up to 10% (Karger et al., 2024). To 
the moderate extent of degradation, the invariance assumption on the 
calibrated OCV-SOC curve can be adopted more reliably. As the bat-
tery approaches severe aging with a capacity loss of more than 10%, 
the LAMs can emerge, and the assumption of the OCV invariance can 
be impaired by a larger value of 𝜌. In this work, an NMC battery with a 
capacity loss of less than 8.6% at a constant temperature of 23 ◦C is con-
sidered, and the battery dataset is validated to satisfy Assumption 1. The 
quantification of the boundary for aging, temperature, and the range of 
chemistries at which Assumption 1 is not fulfilled is a limitation of the 
current study and requires further investigation.

In addition to the invariance of the OCV relationship, the following 
assumption is adopted on the data of the OCV-SOC curves obtained from 
the nominal and aged batteries.
Assumption 2. The OCV 𝑉 𝑛

𝑜𝑐 (𝑍
𝑛
𝑛 ) of the nominal battery obtained from 

the OCV test and the OCV 𝑉 𝑎
𝑜𝑐 (𝑍

𝑎
𝑎 ) of the aged battery extracted from 

the OCV test or dynamic data are strictly monotonic and bijective with 
respect to SOC.

Assumption 2 is applied to the OCV data obtained from the OCV 
test for the nominal battery, and the OCV data for the aged battery, ob-
tained through either an OCV test or identification algorithms. In this 
work, discharge data is used for capacity estimation, and the nominal 
OCV data is collected from a single discharge low-current OCV test. The 
monotonically discharged single-path profile prevents hysteresis behav-
ior from affecting the OCV data of the nominal battery. The OCV is 
strictly monotonically increasing with SOC (Yao & Viswanathan, 2024). 
In the single-path experiment, the OCV of the nominal battery is then a 
bijective function of the SOC. For an aged battery, when the OCV is mea-
sured via an OCV test, a similar result to the nominal battery’s OCV can 
be obtained, and the OCV curve will be bijective with SOC. When the 
OCV of the aged battery is obtained from dynamic data using identifi-
cation algorithms, the OCV can be imposed as monotonically increasing 
with SOC by adding constraints to the identification problem (Wang & 
Ferrari, 2025), ensuring the bijectivity in the OCV-SOC relationship. The 
bijectivity assumption allows for deriving a locally unique solution for 
capacity estimation.
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2.3.  Capacity estimation based on OCV invariance

The invariance property is leveraged to estimate the battery’s capac-
ity. For the error in the OCV curves of less than 𝜌%, when the calibrated 
SOC of the aged and the nominal battery are equal, i.e., 𝑍𝑎

𝑎 (𝑡) = 𝑍𝑛
𝑛 (𝑡), 

the OCVs of the two batteries at the calibrated SOC are assumed to be 
equal, i.e., 𝑉 𝑎

𝑜𝑐 (𝑍
𝑎
𝑎 (𝑡)) ∶= 𝑉 𝑛

𝑜𝑐 (𝑍
𝑛
𝑛 (𝑡)), and then there is: 

𝑉 𝑎
𝑜𝑐 (𝑍

𝑎
𝑎 (𝑡)) ∶= 𝑉 𝑛

𝑜𝑐 (𝑍
𝑎
𝑎 (𝑡)). (6)

The influence of the modeling error of 𝜌% will be analyzed in Section 3.3. 
The OCV of the aged battery 𝑉 𝑎

𝑜𝑐 (𝑡) can be obtained from dynamic dis-
charge data using OCV identification algorithms (Wang & Ferrari, 2025). 
When the OCV 𝑉 𝑎

𝑜𝑐 (𝑡) of the aged battery is obtained, the calibrated SOC 
𝑍𝑎

𝑎 (𝑡) can be found from the nominal OCV-SOC relationship 𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 (𝑡))

by searching for the SOC 𝑍𝑛
𝑛 (𝑡) that provides the same value of OCV 

𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 (𝑡)) as the aged OCV 𝑉 𝑎

𝑜𝑐 (𝑡).
The discharged capacity 𝑄𝑎

𝑑𝑐 (𝑡) of the aged battery is computed using
(1) and the calibrated SOC 𝑍𝑎

𝑎 (𝑡) is defined with an unknown calibrated 
capacity 𝐶𝑎 and unknown initial SOC 𝑍𝑎

𝑎 (𝑡0). Then, the aged capacity 𝐶𝑎
and the initial SOC 𝑍𝑎

𝑎 (𝑡0) can be obtained from an optimization problem 
that minimizes the error between the OCV of the aged battery and the 
OCV from the nominal OCV-SOC relationship.

Let 𝐶𝑎 ∈ ℝ be the capacity of the aged battery, 𝑍𝑎
𝑎 (𝑡0) ∈ [0, 1] be the 

initial SOC of 𝑍𝑎
𝑎 (𝑡). Using the definition of SOC (2), the calibrated SOC 

𝑍𝑎
𝑎 (𝑡) of the aged battery can be expressed as:

𝑍𝑎
𝑎 (𝑡) = 𝑍𝑎

𝑎 (𝑡0) −
𝑄𝑎

𝑑𝑐 (𝑡)
𝐶𝑎

× 100%. (7)

By letting the OCV of the nominal OCV-SOC relationship 𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 (𝑡))

evaluated at the calibrated SOC 𝑍𝑎
𝑎 (𝑡) equal the OCV 𝑉 𝑎

𝑜𝑐 (𝑡) of the aged 
battery, the calibrated capacity 𝐶𝑎 and the initial SOC 𝑍𝑎

𝑎 (𝑡0) can be 
estimated by solving the following optimization problem:
min

𝐶𝑎 ,𝑍𝑎
𝑎 (𝑡0)

‖𝑉 𝑎
𝑜𝑐,𝑚 − 𝑉 𝑛

𝑜𝑐,𝑚(𝑍
𝑎
𝑎,𝑚)‖

2
𝐹 (8)

s.t. 𝐶𝑎 > 0 (9)

𝑍𝑎
𝑎 (𝑡0) ∈ [0, 1], (10)

where ‖ ⋅ ‖𝐹  is the Frobenius norm, 𝑉 𝑎
𝑜𝑐,𝑚 ∈ [𝑉 𝑛

𝑜𝑐 , 𝑉
𝑛
𝑜𝑐 ] ⊂ ℝ𝑚+1 is the vector 

of OCVs of the aged battery 𝑉 𝑎
𝑜𝑐 (𝑡), 𝑉 𝑛

𝑜𝑐 , 𝑉
𝑛
𝑜𝑐 ∈ ℝ, 𝑉 𝑛

𝑜𝑐 ≤ 𝑉 𝑛
𝑜𝑐 are the lower 

and upper bounds of the OCV in the nominal relationship 𝑉 𝑛
𝑜𝑐,𝑚(𝑍

𝑛
𝑛,𝑚), 

and 𝑉 𝑛
𝑜𝑐,𝑚(𝑍

𝑎
𝑎,𝑚) ∈ ℝ𝑚+1 is the vector of OCVs of the OCV-SOC relation-

ship 𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 (𝑡)) evaluated at 𝑍𝑎

𝑎,𝑚: 

𝑉 𝑎
𝑜𝑐,𝑚 =

⎡

⎢

⎢

⎢

⎢

⎣

𝑉 𝑎
𝑜𝑐 (𝑡0)

𝑉 𝑎
𝑜𝑐 (𝑡1)
⋮

𝑉 𝑎
𝑜𝑐 (𝑡𝑚)

⎤

⎥

⎥

⎥

⎥

⎦

, 𝑉 𝑛
𝑜𝑐,𝑚(𝑍

𝑎
𝑎,𝑚) =

⎡

⎢

⎢

⎢

⎢

⎣

𝑉 𝑛
𝑜𝑐 (𝑍

𝑎
𝑎 (𝑡0))

𝑉 𝑛
𝑜𝑐 (𝑍

𝑎
𝑎 (𝑡1))
⋮

𝑉 𝑛
𝑜𝑐 (𝑍

𝑎
𝑎 (𝑡𝑚))

⎤

⎥

⎥

⎥

⎥

⎦

. (11)

𝑍𝑎
𝑎,𝑚 ∈ ℝ𝑚+1 is the vector of SOCs written by discharge capacity 𝑄𝑎

𝑑𝑐 (𝑡)
and initial value 𝑍𝑎

𝑎 (𝑡0) with (7): 

𝑍𝑎
𝑎,𝑚 = 𝟏 ⋅𝑍𝑎

𝑎 (𝑡0) −
1
𝐶𝑎

⎡

⎢

⎢

⎢

⎢

⎣

𝑄𝑎
𝑑𝑐 (𝑡0)

𝑄𝑎
𝑑𝑐 (𝑡1)
⋮

𝑄𝑎
𝑑𝑐 (𝑡𝑚)

⎤

⎥

⎥

⎥

⎥

⎦

, (12)

where 𝟏 ∈ ℝ𝑚+1 is a vector of 1, 𝑡𝑘 ∶= 𝑘𝑇 , 𝑘 ∈ ℤ𝑚
1  is the 𝑘th time instant, 

and 𝑇 ∈ ℝ>0 is the sampling time.
The evaluation 𝑉 𝑛

𝑜𝑐,𝑚(𝑍
𝑎
𝑎,𝑚) of the OCV-SOC relationship 𝑉 𝑛

𝑜𝑐 (𝑍
𝑛
𝑎 (𝑡)) at 

𝑍𝑎
𝑎,𝑚 can be realized from two sequences 𝑉 𝑛

𝑜𝑐 (𝑡) and 𝑍𝑛
𝑛 (𝑡) via linear inter-

polation. As the nominal OCV-SOC curve is bijective and monotonically 
increasing, the condition 𝑉 𝑎

𝑜𝑐,𝑚 ∈ [𝑉 𝑛
𝑜𝑐 , 𝑉

𝑛
𝑜𝑐 ] ensures that the estimated ini-

tial SOC is within the range [𝑍̌𝑛
𝑛 , 𝑍̂

𝑛
𝑛 ] and is a reliable estimate without 

extrapolation. The constraints in (9) and (10) ensure that the estimated 
capacity is positive and the initial SOC is within the feasible range [0, 1].
Remark 1.  In the optimization problem (8), the parameters 𝐶𝑎 ∈ ℝ
and 𝑍𝑎

𝑎 (𝑡0) ∈ ℝ are transformed into an OCV vector 𝑉 𝑛
𝑜𝑐 (𝑍

𝑎
𝑎,𝑚) ∈ ℝ𝑚+1

Fig. 2. The surface of the RMSE of OCV in the optimization (8) over the pa-
rameters 𝐶𝑎 and 𝑍𝑎

𝑎 (𝑡0) near the true parameters of the aged battery used in this 
work.

via the SOC Eq. (12) and the nonlinear OCV-SOC relationship 𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 )

to minimize the cost function. Because of the nonlinearity of 𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 ), 

the feasible set  ⊂ ℝ𝑚+1 for the candidate 𝑉 𝑛
𝑜𝑐 (𝑍

𝑎
𝑎,𝑚) is non-convex, and 

thus the optimization problem (8) potentially has multiple minima. The 
uniqueness of the global minimum depends on the OCV measurement 
𝑉 𝑎
𝑜𝑐,𝑚, and the location the optimization converges to varies with ini-
tialization. For the OCV 𝑉 𝑎

𝑜𝑐,𝑚 of an aged battery from the data in this 
work, the RMSE of OCV in (8) is locally convex over a realistic range 
of parameters, and the minimizer is near the true parameters, as illus-
trated in Fig. 2. Problem (8) is thus empirically verified to converge to 
a unique local minimum. The precision of the estimated capacity is in-
fluenced by the invariance error 𝜌 of the OCV-SOC curves and is studied 
in Section 3.3. 

Remark 2. The initial SOC and the aged capacity are mutually depen-
dent. If the two variables were solved for independently and the solution 
for the initial SOC was inaccurate, the solution for the aged capacity 
would have needed to compensate for it in order to minimize the over-
all optimization error. Therefore, both 𝑍𝑎

𝑎 (𝑡0) and 𝐶𝑎 are simultaneously 
optimized in problem (8) to estimate the aged capacity of the battery. 

To validate the fulfillment of invariance with the obtained capac-
ity 𝐶𝑎 and initial SOC 𝑍𝑎

𝑎 (𝑡0), the calibrated OCV-SOC relationship 
𝑉 𝑎
𝑜𝑐 (𝑍

𝑎
𝑎 (𝑡)) is derived from the discharge capacity 𝑄𝑎

𝑑𝑐 (𝑡) and the OCV 
𝑉 𝑎
𝑜𝑐 (𝑡), then compare it with the nominal relationship. An uncalibrated 
SOC with an initial value of one is defined as 𝑍̃𝑎

𝑛 (𝑡) ∶= 1 −𝐷𝑎
𝑛(𝑡), where 

𝐷𝑎
𝑛(𝑡) ∶= 𝑄𝑎

𝑑𝑐 (𝑡)∕𝐶𝑛 is the depth of discharge. The calibrated relationship 
𝑉 𝑎
𝑜𝑐 (𝑍

𝑎
𝑎 (𝑡)) can be obtained from the uncalibrated relationship 𝑉 𝑎

𝑜𝑐 (𝑍̃
𝑎
𝑛 (𝑡))

by applying the following transformation to 𝑍̃𝑎
𝑛 (𝑡) as: 

𝑍𝑎
𝑎 (𝑡) = 𝑘𝑍̃𝑎

𝑛 (𝑡) + 𝑏, (13)

where 𝑘 ∶= 𝐶𝑛∕𝐶𝑎 ∈ ℝ is the scaling factor and 𝑏 ∶= 𝑍𝑎
𝑎 (𝑡0) − 𝑘 ∈ ℝ is 

the translation factor of the transformation. The transformation can be 
interpreted as a scaling and translating operation to the SOC axis of the 
OCV-SOC relationship. It is illustrated by an example shown in Fig. 3. 
Under the condition that the OCV-SOC relationship is practically invari-
ant and the 𝐶𝑎 and 𝑍𝑎

𝑎 (𝑡0) are accurately identified, the transformed 
OCV-SOC relationship 𝑉 𝑎

𝑜𝑐 (𝑍
𝑎
𝑎 (𝑡)) will align with the nominal relation-

ship 𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 (𝑡)).

Remark 3. The linear transformation in (13) is a direct consequence of 
the SOC definition in (2). A nonlinear one could potentially increase the 
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Fig. 3. Scaling and translation of the uncalibrated OCV-SOC relationship for 
capacity estimation.

Table 1 
Specifications of the tested battery.
 Specification  Value
 Battery chemistry  LiNiMnCoO2/Graphite and silicon
 Nominal voltage  3.63V
 Nominal capacity  4.85 Ah
 Higher cutoff voltage  4.2V
 Lower cutoff voltage  2.5V

fitting accuracy, but would miss a physical interpretation. It is important 
to note that such a transformation can be validly applied independently 
of the fact that the capacity fade may experience a knee point and a 
faster degradation close to the end of the battery life. Indeed, this would 
only affect the speed at which the capacity degrades, not its effect on 
the SOC and, thanks to Assumption 1, its effect on the OCV curve.

Remark 4.  As the invariance condition can be satisfied over a par-
tial segment of the OCV-SOC curve, the developed method can also be 
applied to partial OCV data from the battery to estimate the capacity. 

The developed method utilizes the nominal OCV-SOC relationship 
𝑉 𝑛
𝑜𝑐 (𝑍

𝑛
𝑛 (𝑡)) and the OCV 𝑉 𝑎

𝑜𝑐 (𝑡) and the discharge capacity 𝑄𝑎
𝑑𝑐 (𝑡) of the 

aged battery. The nominal relationship is obtained from an OCV test 
from a nominal battery, and the aged OCV data 𝑉 𝑎

𝑜𝑐 (𝑡) can be obtained 
from dynamic discharge data using an OCV identification algorithm 
(Wang & Ferrari, 2025; Wang et al., 2025).

The advantages of the developed method are threefold. First, this 
method requires only one sequence of the OCV-SOC relationship from 
the nominal battery, without using intensive battery tests. Second, the 
developed method allows for estimating the capacity from partial dis-
charge data, eliminating the need to fully charge or discharge the bat-
tery. Third, by applying it with an OCV identification algorithm, the 
capacity can be estimated from dynamic discharge data without using 
additional battery experiments during maintenance.

In the following section, the capacity estimation method is validated 
using both OCV test data and dynamic discharge data.

3.  Simulation experiments

The effectiveness of the developed method is evaluated for capac-
ity estimation on the Stanford Accelerated Aging dataset (Pozzato et al., 
2022). The dataset consists of data from 10 battery cells; each cell under-
went intensive aging cycles with a dynamic Urban Dynamometer Driv-
ing Schedule (UDDS) profile. This profile is used to simulate real-world 
driving conditions of electric vehicles. The specifications of the tested 
batteries are tabulated in Table 1.

In the cycling test, the battery cells were discharged from 80% to 
20% SOC and charged using a constant current and constant voltage 
profile. After certain aging cycles, an offline low-current OCV test was 
performed to measure the battery’s OCV and capacity. The number of 
aging cycles experienced by each battery cell before a selection from 

Table 2 
Number of aging cycles undergone by battery cells before a selec-
tion of OCV test cycles.

Cell label  Number of aging cycles before the OCV test
 1  3  5  7  9  11  13  15

 W3  0  75  –  –  –  –  –  –
 W4  0  75  132  176  –  –  –  –
 W5  0  75  159  187  219  269  319  369
 W7  0  75  141  –  –  –  –  –
 W8  0  75  148  151  185  247  297  347
 W9  0  75  144  146  179  241  291  341
 W10  0  75  146  151  188  250  300  350
 G1  0  30  62  112  162  212  –  –
 V4  0  45  95  145  194  244  –  –
 V5  0  18  –  –  –  –  –  –

15 OCV test rounds is tabulated in Table 2. The first test was conducted 
before the aging cycles began, and the OCV and SOC data collected from 
the first test are used as the nominal OCV-SOC relationship for validation 
of capacity estimation. A total of 15 OCV tests were performed during 
the aging campaign, and some battery tests were terminated earlier; 
these tests are denoted by “-” in the table.

3.1.  Capacity estimation from OCV test data

In this subsection, the capacity estimation method is validated us-
ing the OCV test data in the accelerated aging dataset. The cells’ OCVs 
and discharge capacities were collected from each OCV test, then these 
data and the nominal OCV-SOC relationship from the first OCV test were 
used to estimate the battery’s capacity. The estimation was conducted on 
each OCV test cycle, and the estimated results were compared with the 
measured capacities from the corresponding OCV test. The calibrated 
capacity 𝐶𝑎 and the initial SOC 𝑍𝑎

𝑎 (𝑡0) are estimated by solving (8). The 
capacity estimation performance is evaluated using the Absolute Rela-
tive Error (ARE) defined as: 

ARE =
|𝐶𝑎 − 𝐶𝑎|

|𝐶𝑎|
× 100%, (14)

where 𝐶𝑎 ∈ ℝ is the estimated capacity and 𝐶𝑎 ∈ ℝ is the actual capacity 
of the aged battery measured at the OCV test. 

The capacity at each round of the OCV test was estimated for every 
cell in the dataset. The results are grouped by cell to validate the sta-
tistical robustness of the estimation across OCV test cycles. The AREs 
of capacity estimation of battery cells are illustrated in the box plot in 
Fig. 4. The median errors are shown by the middle bars, and the upper 
and lower boundaries of the boxes are the 75% and 25% percentiles. 
Fig. 4 shows that the AREs of the estimates are mostly less than 1% 
across cells, and the median ARE is all less than 0.5%. A noticeably 
small error is found for cell W3, and the two highest errors are identi-
fied for cell W7 and V5. Since cell W3 has only 2 samples and cells W7 
and V5 have only 3 sample points, reported in Table A.7, the results on 
these cells are considered less significant. These results are retained for 
completeness of the validation.

Out of 10 battery cells, the maximum AREs of 7 cells are below 0.5%. 
The median ARE for most cells is below 0.3%, and the average AREs 
of all cells are less than 0.4%. The sufficient accuracy in capacity es-
timation across 10 cells demonstrates the robustness of the developed 
method based on the OCV-SOC relationship (numerical values are pro-
vided in Table A.7 in the appendix).

A representative cell with the largest number of aging cycles, W5, 
was selected to demonstrate details of capacity estimation over the long 
aging process as well as to illustrate the transformations in the OCV-SOC 
relationship for capacity estimation.

Results from OCV test rounds 3, 7, 11, and 15, after the cell under-
went 75, 187, 269, and 369 aging cycles, respectively, are shown. The 
estimated capacities, actual capacities, and estimation AREs at the OCV 
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Fig. 4. Box plot of AREs (%) of capacity estimation for each battery cell across 
all OCV test cycles (the middle bar represents the median value, the upper and 
lower boundaries of the box are 75% and 25% percentiles, and the upper and 
lower bars beyond the box cover all data except outliers).

Table 3 
Estimated capacities (Ah) and AREs (%) of capacity esti-
mation of cell W5 using OCV test data.

 Aging cycle
Estimated
capacity (Ah)

Actual
capacity (Ah)  ARE (%)

 75  4.78  4.78  0.07
 187  4.58  4.57  0.11
 269  4.53  4.52  0.32
 369  4.47  4.45  0.45

test rounds are tabulated in Table 3. It can be seen from the table that 
the estimated capacities closely align with the actual capacities across 
all 4 test rounds and exhibit AREs of less than 0.5%.

The OCV-SOC transformations for capacity estimation for the 4 test 
cycles are illustrated in Fig. 5. The figure shows that the calibrated OCV-
SOC curves closely align with the nominal OCV curve, satisfying the 
practical invariance property of the OCV-SOC relationship. This result 
indicates the effectiveness of using the invariance relationship in OCV-
SOC curves for capacity estimation.

The estimation results on 10 battery cells across 15 test rounds, and 
the satisfaction of OCV-SOC invariance in capacity estimation, demon-
strate the robustness and efficacy of the developed method for capacity 
estimation using battery’s OCV data.

3.2. Capacity estimation from partial OCV test data

The validation of the capacity estimation for partial OCV data was 
conducted for each cell across all OCV test cycles. For each cycle, 33% of 
the OCV data from the beginning, middle, and end were used to estimate 
the capacity. The truncated OCV data with the full nominal OCV-SOC 
data were used to estimate capacity by solving the optimization problem
(8).

Fig. 6 depicts the box plots of estimation AREs of each cell for the 
three segments across all test cycles. It can be seen from the figure that 
the aged capacities were effectively estimated with a small estimation 
ARE. The AREs of using the beginning and last parts of the OCV data 
are mostly less than 8%, and the AREs of using the middle data exhibit 
a lower error, mostly less than 4%. The reason for the performance dif-
ference is that the middle region of the OCV-SOC curve exhibits greater 
invariance to the nominal OCV relationship than the beginning and end 
parts of the OCV data. This is due to the milder nonlinearity in the OCV 

Fig. 5. OCV-SOC transformations of capacity estimation for cell W5 on valida-
tion cycles using OCV test data.

Fig. 6. AREs of capacity estimation across cells and test cycles using the begin-
ning, middle, and last 33% of the OCV data.

Table 4 
Estimated capacities (Ah) for cell W5 and W10 using the 
beginning, middle, and last 33% of the OCV data.
 Cell  Cycle  Begin.  Middle  Last  Avg.  Act.
 W5  159  4.75  4.58  4.74  4.69  4.63
 W5  369  4.78  4.57  4.17  4.51  4.45
 W10  146  4.70  4.41  4.93  4.68  4.65
 W10  350  4.73  4.40  4.34  4.49  4.46

curve in the middle SOC region. The error of using partial OCV data 
increased, compared to that with complete OCV data, indicating that 
incorporating a wider range of OCV for capacity estimation improves 
estimation accuracy.

The results on two exemplary cells, W5 and W10, which have the 
largest number of aging cycles, are shown to illustrate the estimated 
capacities and the transformation of the partial OCV-SOC relationship. 
The validation was conducted on cell W5 after 159 and 369 cycles, and 
on cell W10 after 146 and 350 cycles. The estimated capacities of the 
battery cells are shown in Table 4. The average estimated capacities of 
the two cells closely agree with the actual values, with average AREs 
of less than 5.5% (numerical values are provided in Table A.8 in the 
appendix).

The OCV-SOC transformations of cell W5 and W10 using three parts 
of the OCV data after the two aging cycles are illustrated in Figs. 7 
and 8, respectively. The figure shows that transformations using partial 
OCV data from the beginning, middle, and last parts of the OCV cycles 
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Fig. 7. OCV-SOC transformations of capacity estimation using partial OCV test 
data of cell W5. (a)(c)(e): transformation after 159 aging cycles. (b)(d)(f): trans-
formation after 369 aging cycles.

all achieve good alignment with the nominal relationships across two 
cycles in the two cells.

The simulation results using partial OCV data demonstrate the effec-
tiveness and robustness of the developed method for capacity estimation 
of aged batteries using the practical invariance of the OCV-SOC relation-
ship.

3.3.  Influence of OCV invariance on capacity estimation

The influence of the degree of the OCV invariance between the cal-
ibrated nominal and aged OCV-SOC relationships on the accuracy of 
capacity estimation was studied in this section. First, the influence of 
the range of SOC covered by the data on the estimation performance of 
the developed method was analyzed. The analysis was conducted using 
a sliding-window method. The sliding window moves along the cali-
brated SOC axis from 0% to 100% and collects OCV-discharge capac-
ity data to estimate the aged cell’s capacity. The window length varied 
from 1% to 100% SOC, with the 100% length indicating a single win-
dow covering the full discharge cycle data, and the window step size 
is 1% SOC. The operation was performed on all OCV test data from 
4 cells of the largest aging cycles: W5, W8, W9, and W10. Data from 
56 test cycles (14 per cell) was collected and the average AREs of es-
timated capacities across the cycles for each window length were com-
puted. The capacity ARE over the window length is depicted in Fig. 9. 

Fig. 8. OCV-SOC transformations of capacity estimation using partial OCV test 
data of cell W10. (a)(c)(e): transformation after 146 aging cycles. (b)(d)(f): 
transformation after 350 aging cycles.

The figure shows that the ARE decreases monotonically with increasing 
window length; a steeper drop is observed at the small and large ends 
of the window length, and a moderate decrease is shown in the mid-
dle SOC range. The result indicates that for a window length less than 
3%, the data coverage is insufficiently large to reveal the OCV varia-
tion of the entire OCV curve, and adding window length significantly 
reduces the estimation error. Increasing the window length allows for 
matching the nominal and aged OCV curves over a wider range. With 
a SOC range above 80%, the error in locations where the OCV devi-
ation is more significant is averaged, and a more reliable estimation
results.

To analyze the effect of the SOC location on the estimation perfor-
mance, the smallest window length before the ARE curve flattens was 
selected, which is 3% SOC at the knee point of the curve shown by 
the circle in Fig. 9, to conduct the sliding window analysis. The av-
erage ARE across 56 tests for each window was computed. The me-
dian SOC of the window was used to denote the window location. 
The capacity ARE versus SOC curve is depicted in Fig. 10. The fig-
ure shows that the capacity ARE increases at around 20%, 40%, 60%, 
and 90% SOC. To study the reason for the increased estimation ARE, 
the derivative of OCV with respect to calibrated SOC (dOCV/dSOC) 
for the aged and nominal OCV-SOC curves, and the ARE between the 
two derivatives was computed. The derivative AREs over the calibrated 
SOCs are depicted in Fig. 10. The figure indicates that the capacity 
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Fig. 9. Average capacity ARE of 56 OCV test data from cells W5, W8, W9, and 
W10 in relation to the SOC range of capacity estimation data computed using a 
sliding window with a window length ranging from 1% to 100% SOC.

Fig. 10. Capacity estimation ARE and dOCV/dSOC ARE in relation to the cali-
brated SOC on 56 OCV test data from cells W5, W8, W9, and W10. The correla-
tion coefficient of the two average curves is 0.64.

ARE is correlated with the dOCV/dSOC ARE. The correlation coeffi-
cient is 0.64, indicating a moderately high alignment. The correlation 
exists because the capacity is estimated by matching the slope 1∕𝐶𝑎 of 
the aged OCV-SOC curves in (12) to that of the nominal OCV curve; a 
larger error in dOCV/dSOC results in a greater distortion of the trans-
formed OCV curve on the SOC axis, leading to a larger error in capacity
estimation.

The capacity AREs of a 100% SOC window for all 56 OCV tests, 
and the average ARE of OCV between the aged and the nominal OCV-
SOC curves over the SOC axis were computed. The AREs of estimated 
capacities in relation to the AREs of the OCV curves of each test are 
illustrated in Fig. 11. The figure shows that the capacity ARE is pos-
itively related to the OCV ARE; a linear equation can be fit with the 
expression: 𝑦 = 0.74𝑥 + 0.05. This result shows that when the OCV ARE 
is below 0.6%, the capacity estimation error is relatively small, indicat-
ing satisfactory performance. The results support the selection of 𝜌 = 0.6
as a practical value for near invariance of the OCV curve in capacity es-
timation.

Fig. 11. Capacity estimation ARE in relation to the OCV curve ARE over 56 
OCV test data from cells W5, W8, W9, and W10.

Fig. 12. Box plot of AREs of capacity estimation of each cell using OCV data 
identified from dynamic discharge data.

3.4.  Capacity estimation from dynamic discharge data

The efficacy of estimating capacities using OCVs identified from dy-
namic discharge data was validated. The OCV data were identified with 
an identification algorithm developed in Wang and Ferrari (2025). Dy-
namic data from the first cycle after each OCV test were used to identify 
the OCV, and the obtained OCV values were then used to estimate the 
capacities. The estimated capacities were compared with the capacities 
measured from the most recent OCV test.

The AREs of capacity estimation for every cell across all OCV test 
cycles are depicted in the box plot in Fig. 12. The figure shows that all 
capacity estimation AREs are below 4%, with the median values of 9 
battery cells being less than 2%. The maximum ARE for all cells is less 
than 3.5%, and the average AREs are less than 2% for 9 cells (numeri-
cal values are provided in Table A.9 in the appendix). The satisfactory 
accuracy across multiple test cycles and different cells demonstrates the 
effectiveness of the developed method for capacity estimation with OCV 
identified from dynamic discharge data.

The estimated capacities, actual capacities, and the AREs of capacity 
estimation for cell W5, W10, and V4 at the first and the last estimation 
cycle are tabulated in Table 5. The results showed that the estimated 
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Table 5 
Estimated capacities (Ah) and estimation ARE (%) using 
identified OCV-SOC relationships for cell W5, W10, and V4 
at the first and the last estimation cycle.

 Cell  Cycle
Estimated
capacity (Ah)

Actual
capacity (Ah)  ARE (%)

 W5  0  4.93  4.86  1.52
 W5  344  4.51  4.47  0.84
 W10  0  4.87  4.87  0.13
 W10  325  4.52  4.48  1.03
 V4  0  4.76  4.87  2.14
 V4  219  4.52  4.62  2.01

Fig. 13. Transformation of OCV-SOC relationships identified from dynamic dis-
charge data. (a)(b): cell W5 after cycle 0 and 344. (c)(d): cell W10 after cycle 0 
and 325. (e)(f): cell V4 after cycle 0 and 219.

capacities exhibit satisfactory agreement with the actual capacities in 
both the first and last estimation cycles for the three cells.

The identified OCV, actual OCV, and transformed OCV-SOC relation-
ships for cells W5, W10, and V4 at the first and the last estimation cycle 
are depicted in Fig. 13. The figures illustrate that the OCV curves are 
effectively identified from the dynamic data for these battery cells, and 
the transformed OCV-SOC relationships align with the nominal relation-
ships with satisfactory accuracy. The accurate estimation demonstrates 
the feasibility of using the developed method to estimate battery capac-
ity directly from dynamic operating data without relying on additional 
OCV tests.

Fig. 14. Box plot of AREs (%) of capacity estimation from dynamic discharge 
data for each battery cell across the first cycle after OCV tests. Part 1 covers 
dynamic data from 80% to 50% SOC, and Part 2 covers data from 50% to 20% 
SOC.

To validate the efficacy of using partial dynamic discharge data to 
estimate the battery’s capacity, the dynamic data is split into two parts. 
Part 1 covers the data from 80% to 50% of SOC, and Part 2 covers the 
data from 50% to 20% of SOC. The SOC values were not provided to the 
capacity estimation algorithm; only discharge capacity was computed, 
and it was computed anew for each part of the dynamic data. The OCV 
data were identified for each part of the dynamic data, and the identified 
OCVs were used to estimate the battery’s capacity. The validations were 
conducted for every cell across the first dynamic data after each OCV 
test. The AREs of capacity estimation for each cell are depicted in Fig. 14. 
The figure shows that cell capacities were effectively estimated from 
partial discharge data. The AREs of part 1 are mostly below 6%, and 
those of part 2 are mainly below 8%. This is sufficient accuracy, given 
that the partial data were derived from dynamic discharge data and 
cover only 30% of SOC.

Results from partial dynamic discharge data demonstrate the ro-
bustness of the developed method for capacity estimation. The results 
present potential for efficient capacity estimation using only dynamic 
discharge data.

3.5. Comparison with different estimation methods

In this section, the developed approach is compared with the 
modified-linear model method (Sivalertporn et al., 2025) and the equiv-
alent circuit model (ECM) method (Li et al., 2024) for capacity estima-
tion. The comparison was conducted on cells W5, W8, W9, and W10, 
which have the highest cycle counts.

The modified linear model was trained on the cell’s capacity-cycle 
data before cycle 80 and used to estimate the remaining capacity. The 
ECM was first identified from dynamic data across full aging cycles, and 
then a 6th-order polynomial was fitted to relate the identified parame-
ters to the cell’s capacity. A leave-one-out scheme was used for capacity 
estimation, in which the model was trained on three other cells and val-
idated on the 4th test cell. The capacities over aging cycles estimated by 
the three methods, compared with the actual capacities, are illustrated 
in Fig. 15. The figure shows that the developed method effectively cap-
tures the trend in the degraded capacities of the four cells, with higher 
accuracy for cells W5, W8, and W9 and lower accuracy for cell W10. 
The increased error in cell W10 may be attributed to cell-specific iden-
tification errors in the OCV curve, which may affect the scaling of the 
aged OCV to accurately match the nominal OCV curve.

The average AREs across 4 cells of the three estimation methods 
are tabulated in Table 6. The table shows that the ECM method has an 
ARE of 0.9%, the developed method has an average ARE of 1.1%, and 
the modified linear model method results in an average ARE of 1.3%. 
The developed method presents higher accuracy than the modified-
linear model, while lower than the ECM method. The ECM method
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Fig. 15. Capacity estimation of the developed method, the modified-linear 
model, and the equivalent circuit model method.

Table 6 
Average ARE (%) of capacity estimation by the three estima-
tion algorithms on cell W5, W8, W9, and W10.

 Cell
Developed
method

Modified-linear
model

Equivalent circuit
model

 W5  0.82  0.69  1.35
 W8  1.07  2.04  0.45
 W9  1.09  1.6  0.75
 W10  1.46  0.87  0.94
 Average  1.11  1.3  0.87

involves training on 3 cells over full aging cycles to learn capacity 
curves, which is more data-intensive than the developed method. The 
modified-linear model requires OCV obtained from offline tests for 
model training and is subject to extrapolation error, as shown on cells 
W8 and W9 in Fig. 15. The developed method estimates capacities from 
dynamic discharge data without requiring additional training or offline 
OCV tests, achieving high data efficiency while maintaining satisfactory
accuracy.

The comparison study demonstrates the accuracy and the high effi-
ciency of the developed approach for capacity estimation using dynamic 
data without requiring extensive model training or prolonged offline 
OCV tests. The experimental results illustrate the efficacy of the devel-
oped method in estimating the capacity of aged batteries using full OCV, 
partial OCV, and OCV identified from dynamic discharge data. The de-
veloped method achieves performance comparable to that of training-
based methods while exhibiting higher efficiency without relying on 
intensive battery testing.

4.  Discussion

This study presents a novel method for capacity estimation that uses 
the battery’s dynamic discharge data, without relying on an intensive 
battery OCV test. Estimation results across OCV test data, partial OCV 
data, and dynamic discharge data from 10 cells validate the efficacy and 
robustness of the developed method for capacity estimation. The effec-
tiveness and accuracy are attributed to the practical invariance in the 
OCV-SOC relationship recorded from multiple battery cells, datasets, 
and validated across different studies (Kadem, 2025; Pattipati et al., 
2014). Compared to other model-based and empirical approaches, this 
method does not rely on a training dataset and avoids parameter pre-
tuning, presenting high data efficiency and implementation stability. 

The results in this work are obtained at a fixed temperature. Sev-
eral studies revealed a nearly invariant OCV-SOC relationship across 

different temperatures when the SOC is computed with the calibrated 
capacity (Kadem, 2025; Pattipati et al., 2014). Therefore, it is hypothe-
sized that the developed method will perform effectively under variable-
temperature conditions. However, the actual validation and perfor-
mance of the developed method under varying temperature conditions 
still need further investigation. In this paper, the developed method has 
been validated on laboratory data. The method’s performance on real-
world battery data from operational electric vehicles requires further 
investigation.

5.  Conclusion

In this work, a capacity estimate method was developed based on 
the discharge capacity and the nominal OCV-SOC relationship. The es-
timation is achieved through an invariance property in the OCV-SOC 
relationship across aging cycles. With the invariance, the capacity can 
be estimated by solving an OCV alignment optimization problem using 
the OCV of the aged battery. This approach applies to partial OCV data 
without using a full cycle of battery operation. With an OCV identifica-
tion algorithm, the capacity can be estimated from dynamic discharge 
data. Simulation experiments showed an average ARE of less than 0.4% 
with OCV test data and less than 2.6% with dynamic discharge data 
across 10 battery cells for capacity estimation, demonstrating accuracy 
that is effective for practical use in EV batteries. In future work, the de-
veloped approach will be extended to predict the remaining useful life 
of the battery.
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Appendix A.  Statistics of AREs (%) in capacity estimation of 
battery cell

Table A.7 
AREs (%) of capacity estimation of battery cells using OCV test 
data.

 Cell label
Min
ARE

Max
ARE

Median
ARE

Average
ARE

Estimation
samples

 W3  0.011  0.023  0.017  0.017  2
 W4  0.030  0.410  0.061  0.132  7
 W5  0.010  1.348  0.256  0.317  14
 W7  0.062  0.952  0.073  0.362  3
 W8  0.018  0.420  0.256  0.236  14
 W9  0.009  0.420  0.259  0.243  14
 W10  0.031  0.490  0.253  0.259  14
 G1  0.035  0.234  0.118  0.133  10
 V4  0.002  0.167  0.078  0.093  10
 V5  0.009  0.732  0.419  0.387  3
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Table A.8 
AREs (%) of capacity estimation for cell W5 and W10 using the 
beginning, middle, and last 33% of the OCV data.
 Cell  Cycle  Beginning  Middle  Last  Average
 W5 - min  159  2.6949  1.0627  2.4023  2.0533
 W5 - max  369  7.4267  2.6346  6.3283  5.4632
 W10 - min  146  1.2709  4.9790  6.1052  4.1184
 W10 - max  350  6.0340  1.2623  2.5761  3.2908

Table A.9 
AREs (%) of capacity estimation of battery cells using OCV iden-
tified from dynamic discharge data.

 Cell label
Min
ARE

Max
ARE

Median
ARE

Average
ARE

Estimation
counts

 W3  0.124  0.535  0.330  0.330  2
 W4  0.240  3.152  0.913  1.224  7
 W5  0.090  1.520  0.857  0.817  14
 W7  0.508  3.337  1.785  1.877  3
 W8  0.102  2.932  0.913  1.065  14
 W9  0.039  2.100  1.180  1.092  14
 W10  0.127  2.450  1.495  1.463  14
 G1  0.208  2.049  1.453  1.296  10
 V4  1.573  3.529  2.588  2.549  10
 V5  0.375  2.182  1.639  1.399  3
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