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A B S T R A C T

State-of-charge (SOC) estimation for LiFePO4 (LFP) batteries presents challenges due
to their flat open-circuit voltage (OCV). Recent studies suggest that electrochemical
impedance spectroscopy (EIS) offers a promising approach for SOC estimation in LFP
cells. This work investigates a practical SOC estimation method based on EIS data
obtained from short-duration sinusoidal current pulses. First, the EIS of LFP cells is
characterized across a broad frequency range [0.01 Hz, 1000 Hz] and SOC range [0,
1]. The EIS magnitude and phase at 0.01 Hz exhibit the highest signal-to-noise ratio
(SNR) and are thus selected as features for SOC estimation. An EIS identification
algorithm is then developed and validated to reconstruct EIS at 0.01 Hz. This method
utilizes Fourier series expansion to approximate the voltage response to small sine-
wave current perturbations. SOC estimation is subsequently performed by mapping
the reconstructed EIS to experimental EIS data. Finally, the proposed SOC estimation
approach is validated using sine-wave currents of varying amplitudes (0.05A and 0.1A)
and different cell operation modes (discharge and charge). The results demonstrate rapid
and accurate initialization of LFP cell SOC using this estimation algorithm.

1. Introduction
Lithium iron phosphate (𝐿𝑖𝐹𝑒𝑃𝑂4, also referred to as LFP) battery technology has gained significant

attention as a viable power solution for electric vehicles (EVs), owing to its notable thermal stability and
strong resilience to supply-chain [1, 2]. Battery state-of-charge (SOC) estimation is a crucial part of battery
management systems (BMSs)[3, 4]. SOC, defined as the ratio of remaining charge to the nominal capacity, is
a critical indicator for ensuring safe and efficient battery operation, preventing accelerated degradation [5].
However, direct SOC measurement with sensors is not feasible. Instead, algorithms are needed to estimate
SOC from sampled current and voltage signals [6, 7, 8].

Among these algorithms, equivalent-circuit-model (ECM) based Kalman filters, such as the Extended
Kalman filter (EKF) [9] and Unscented Kalman filter (UKF) [10], are widely employed for accurate SOC
estimation. The relationship between open-circuit voltage (OCV) and SOC is pivotal in battery ECM-based
SOC estimation [11], with the OCV slope influencing SOC estimator convergence [12]. Particularly for
LFP batteries, the OCV-SOC curve is flat, increasing SOC estimation uncertainty and posing challenges in
developing robust SOC estimators [13, 14].

Recently, several techniques have emerged to estimate SOC in LFP batteries, addressing the challenge
posed by the flat OCV curve [15]. Electrochemical Impedance Spectroscopy (EIS) is a powerful method
for examining battery impedance across various frequencies. This technique involves applying a low-
amplitude alternating current (AC) signal to the battery and recording the voltage response. By analyzing
the impedance spectra, which depict the battery’s frequency-dependent characteristics, valuable insights
into internal electrochemical mechanisms such as ion diffusion, charge transfer kinetics, and electrode
reactions can be obtained [16]. An EIS-based approach for estimating the SOC of LFP-𝐿𝑖4𝑇 𝑖5𝑂12 batteries,
addressing the challenge of flat open-circuit voltage by leveraging a history-dependent EIS feature was
proposed [17]. In this work, a novel in-situ system identification method compatible with standard battery
management systems was further developed, enabling real-time EIS extraction using simple current
perturbations to accurately infer SOC.

* Corresponding author: Yizhao Gao, yizhaog@stanford.edu; Simona Onori, sonori@stanford.edu.
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In Ref. [18], a Nyquist plot was numerically fitted to an RC equivalent circuit, revealing a relationship
between SOC and circuit components (e.g., resistance of the double-layer RC and capacitance of the first
RC). This approach achieved accurate SOC estimation in the mid-range (20%-80%) with a maximum
error of less than 5%. Ref. [19] found that impedance at 1-2 Hz correlates with SOC, while Ref.
[20] estimated SOC by identifying variations in equivalent impedance model parameters, derived from
impedance measurements at only two frequencies (1.45 Hz and 0.32 Hz). Ref. [21] introduced a fractional-
order calculus-based (FOC) model to characterize the constant phase element within the impedance model,
using a fractional Kalman filter for SOC estimation. Similarly, Ref. [22] devised an H-infinity observer for
SOC estimation, leveraging FOC principles.

The general EIS-based approach involves updating ECM parameters and using these for SOC estimation
[23]. Ref.[24] presented a hybrid state-of-health (SOH) estimation framework using EIS-based ECM
parameterization and supervised regression, showing that key ECM features, especially ohmic resistance,
enable accurate and interpretable SOH prediction across lithium-ion cells. Ref. [25] proposed a novel hybrid
SOC estimation approach that integrates EIS data with a combination of data-driven machine learning and
equivalent circuit models. Similarly, an alternative strategy employing Deep Neural Networks (DNN) with
EIS data was proposed [26]. Ref. [27] observed that the magnitude of EIS at 0.01 Hz changes monotonically
with SOC, providing a basis for SOC estimation through impedance measurement at a single frequency
(0.01 Hz).

Since a full-frequency EIS scan, especially over low-frequency ranges, can be time-consuming, rapid
acquisition of impedance data is essential for enabling the practical integration of EIS-based SOC estimation
into BMS. In Ref. [28], a fast method for measuring battery EIS was proposed using the local rational
method. This approach, validated through the application of a broadband multi-sine excitation signal lasting
20 seconds over a frequency range of 50 mHz to 100 Hz, demonstrated promising results. In Ref. [29],
wavelet transform was applied to process step current and voltage responses, extracting cell impedance at
10 Hz. Additionally, time-domain impedance spectroscopy, based on the Fast Fourier Transform (FFT),
was used to measure system impedance simultaneously across all frequencies [30], with an enhanced FFT
method facilitating rapid online EIS data acquisition [31].

In Ref. [32], a fast method for battery impedance identification based on pseudo-random binary
sequence (PRBS) signals was proposed to accelerate EIS measurements. This approach enables real-
time impedance estimation without the need for long rest periods. Similarly, Ref. [33] utilized pulse-like
binary multi-frequency signals as excitation signals, significantly reducing test time from 240 seconds
to 30 seconds compared to traditional electrochemical workstations. In Ref. [34], a wide-bandwidth EIS
identification method was introduced, measuring voltage responses to small-signal current perturbations,
which was then used to calibrate an SOC prediction model.

Although EIS remains a widely adopted technique for cell state estimation in lab settings [35], one of the
objectives of this work is to leverage readily available current and voltage signals to extract EIS responses,
which can then be used to estimate the SOC further. However, most EIS measurements are conducted ex-situ
using expensive, specialized instruments. Ref. [36] presented a method to measure battery impedance using
excitation current generated by a motor controller, although no SOC estimation algorithm was developed
based on the obtained impedance. Ref. [37] proposed an SOC estimation method using multi-sine signal
excitations, but the impedance-SOC relationship was not established.

A thorough literature review highlights a gap in the use of sine-wave current profiles for EIS-based
SOC estimation. Many studies do not specify the design criteria for selecting frequency points to establish
the impedance-SOC relationship, particularly for LFP cells. Additionally, significant challenges remain in
using EIS data for SOC estimation. A notable limitation is the absence of dedicated onboard instruments
for battery EIS measurement. Furthermore, the relationship between cell impedance and SOC is not well-
defined, as impedance depends on both frequency and SOC. While current, voltage, and temperature signals
are commonly available in practical BMS, methods for deriving cell impedance from these signals are
seldom addressed. Therefore, there is a pressing need for a practical framework that utilizes easily accessible
current and voltage data to derive cell impedance, thereby enabling reliable SOC estimation.

The primary objective of this paper is to design short-duration sine-wave current profiles and employ
them for SOC estimation in LFP cells based on recovered EIS data. The key contributions of this paper are
as follows:
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1) Investigation of Signal-to-Noise Ratio (SNR) for EIS-based SOC Estimation: This study thoroughly
examines the EIS of LFP cells across a wide frequency range (0.01 Hz to 1000 Hz) and SOC range
(0% to 100%). It identifies the EIS at 0.01 Hz as having the highest SNR, making it a key feature for
SOC estimation. This insight is critical for improving the accuracy of SOC estimation, particularly in
addressing the flat OCV-SOC curve challenge in LFP batteries.

2) Introduction of a Rapid EIS Recovery Strategy Using Short-Duration Sinusoidal Pulses: The paper
presents a novel method for recovering the EIS data of LFP cells using short-duration sinusoidal
current pulses. By employing Fourier series expansion, the method approximates the voltage response,
significantly reducing the time required for EIS measurements. This approach allows for efficient
SOC estimation without the need for expensive, specialized equipment, making it more practical for
integration into real-world BMSs.

3) Development of an EIS-Based SOC Estimation Algorithm: The study develops and validates an
algorithm that uses recovered EIS data to estimate the SOC of LFP cells. By mapping the reconstructed
EIS to experimental data, the algorithm mitigates the uncertainties caused by the flat OCV-SOC
relationship in LFP cells. The proposed method is tested with varying sine-wave current amplitudes
(0.05A and 0.1A) and demonstrates robust SOC estimation during both charge and discharge cycles.

2. Cell Experimental Design

Arbin
Thermal 
chamber

Tested cells

Host computer

Gamry EIS

Cell testing platform

Figure 1: Cell testing platform at Stanford Energy Control Lab [38].

Table 1
26650 cylindrical LFP cell specification

Nominal capacity 2.5 Ah
Nominal voltage 3.3 V
Cathode chemistry 𝐿𝑖𝐹𝑒𝑃𝑂4
Anode chemistry Graphite

In this section, the experimental setup of the cell testing platform including the cell EIS and sine-wave
current pulse testing is introduced.

This study examines the commercial 26650 cylindrical LFP cells, with specifications detailed in Table 1 .
The cells are placed in the AMEREX IC500R thermal chamber and are cycled using the Arbin LBT21024.
Cycling of the cells (discharge/charge) is conducted using an Arbin tester, while cell EIS measurements are
performed with Gamry interfaced with the Arbin battery testing system, as shown in Fig. 1. All experiments
in this paper were conducted under controlled isothermal conditions at 25◦C.

Two tests were conducted: the EIS test and the sine-wave pulse current test. For the EIS test in the
discharge direction (Fig. 2), the cell is first fully charged using the constant current-constant voltage (CC-
CV) method (Step 1), followed by a 2-hour rest (Step 2). A rest period of 2 hours was chosen to ensure
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Voltage/current profiles of EIS testing 
during discharge

Voltage/current profiles of EIS testing 
during charge

(c)

EIS test

(a) (b)

EIS test

(d)

(e) (f)

Step 2: 
Rest

Step 3: 
EIS

Step 4: 
1C discharge

Step 2: 
Rest

Step 3: 
EIS

Step 4: 
1C charge

Figure 2: Voltage and current profiles of EIS testing under different operating directions. (a) Cell voltage and
current profiles during discharge. (b) Cell voltage and current profiles during charge. (c) Zoomed-in view of
Steps 2–4 at 60% SOC during discharge. (d) Zoomed-in view of Steps 2–4 at 40% SOC during charge. (e)
One EIS result at 60% SOC during discharge. (f) One EIS result at 40% SOC during charge.

that the cell reached a fully relaxed state prior to EIS or sine-wave excitation. This duration allowed the
electrochemical system to return to equilibrium after previous cycling, thereby minimizing the influence of
transient diffusion or relaxation processes on the impedance response. The EIS test (Step 3) was conducted
in galvanostatic mode. Galvanostatic EIS measurements were carried out using a frequency-sweep protocol
from 1000 Hz down to 0.01 Hz, with an AC current amplitude of 0.1 A or 0.05 A. After each EIS test, the
cell is discharged by 10% SOC (Step 4), repeating steps 1–4 until the lower cut-off voltage is reached (fully
discharged).

For the EIS measurements in the charge direction, the cell is initially brought to the fully discharged state
(Step 1). The testing protocol is similar to that for the discharge direction: the cell is charged in 10% SOC
increments (Step 4), and steps 1–4 are repeated at each increment until the upper cut-off voltage is reached.
The voltage and current profiles for both directions are shown in Fig. 2a and Fig. 2b, while the results of
the EIS test of a single cycle are presented in Fig. 2e and Fig. 2f.

For the sine-wave pulse current test (Fig. 3), steps 1, 2, and 4 are identical to those of the EIS test, but
in Step 3, a sine-wave pulse current excitation is applied instead of EIS testing. Two current profiles with
amplitudes of 0.1 A or 0.05 A were applied, each at a frequency of 0.01 Hz. Voltage and current profiles
during testing are shown in Fig. 3a and Fig. 3b, and the sine-wave current and voltage profiles from a single
cycle are depicted in Fig. 3e and Fig. 3f. In the experimental design, current amplitudes of 0.05 A and 0.1 A
were selected as they represent typical small-signal excitation levels for 2.5 Ah LFP cells. These magnitudes
are sufficiently low to preserve electrochemical linearity while still maintaining an adequate signal-to-noise
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Voltage/current profiles of sine-wave 
pulse testing during discharge 

Voltage/current profiles of sine-wave 
pulse testing during charge

(c) (d)

(a) (b)

(e) (f)sine-wave sine-wave

Step 2: 
Rest

Step 3: 
sine-wave

Step 4: 
1C discharge Step 2: 

Rest
Step 3: 
sine-wave

Step 4: 
1C charge

Figure 3: Voltage and current profiles of sine-wave pulse testing under different operating directions. (a) Cell
voltage and current profiles during discharge. (b) Cell voltage and current profiles during charge. (c) Zoomed-in
view of Steps 2–4 at 60% SOC during discharge. (d) Zoomed-in view of Steps 2–4 at 40% SOC during charge.
(e) One sine-wave pulse at 60% SOC during discharge. (f) One sine-wave pulse at 40% SOC during charge.

ratio for reliable impedance identification. This balance ensures that the measurements reflect intrinsic cell
dynamics without introducing nonlinear distortions.

All experimental procedures, data acquisition protocols, and dataset structures are detailed in the
supplementary information. To maintain conciseness, these details are not repeated in the main text. Readers
may refer to the supplementary information for full reproducibility.

3. Methodology
In this section, the EIS testing results with protocols introduced in section 2 are analyzed. The SNR

of EIS magnitudes and phases at different frequencies are calculated and compared. The SOC estimation
algorithm based on the EIS recovery strategy with sine-wave current pulse excitation is introduced.

3.1. EIS versus SOC analysis
Fig. 4a-d present EIS testing results under galvanostatic mode at two current amplitudes of 0.1A and

0.05A across 10 SOC points, spaced in increments of 0.1, during both discharge and charge. In Fig. 4a,
EIS predominantly consists of arcs representing high-frequency charge transfer processes and straight
lines representing low-frequency diffusion processes. At higher SOC, the semicircle arcs exhibit a smaller
curvature radius, indicating reduced lithium intercalation resistance in the lithium iron phosphate electrode
and more facile charge-transfer kinetics. Notably, in the low-frequency region indicative of diffusion, the
behavior of the battery’s diffusion lines undergoes a noticeable change with SOC. Specifically, higher
SOC values result in lower impedance. At 0.01 Hz, SOC exerts the greatest impact on EIS, prompting
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EIS (amplitude=0.05A) during chargeEIS (amplitude=0.1A) during charge

EIS (amplitude=0.05A) during dischargeEIS (amplitude=0.1A) during discharge (b) (a) 

(d) (c) 

Figure 4: (a) Cell EIS results obtained in galvanostatic mode (amplitude = 0.1 A) at various SOC levels during
discharge. (b) Cell EIS results obtained in galvanostatic mode (amplitude = 0.05 A) at various SOC levels
during discharge. (c) Cell EIS results obtained in galvanostatic mode (amplitude = 0.1 A) at various SOC levels
during charge. (d) Cell EIS results obtained in galvanostatic mode (amplitude = 0.05 A) at various SOC levels
during charge.

EIS magnitudes of 6 frequencies 
(amplitude=0.1A) during discharge

EIS phases of 6 frequencies 
(amplitude=0.1A) during discharge

(a) (b) 

0.01 Hz
0.01 Hz

0.1 Hz

0.1 Hz

Figure 5: (a) LFP cell EIS magnitudes of 6 different frequencies (0.01 Hz, 0.1 Hz, 1 Hz, 10 Hz, 100 Hz,
1000 Hz), (galvanostatic mode, amplitude=0.1A) under different SOC points during discharge. (b) LFP cell
EIS phases of 6 different frequencies (0.01 Hz, 0.1 Hz, 1 Hz, 10 Hz, 100 Hz, 1000 Hz), (galvanostatic mode,
amplitude=0.1A) under different SOC points during discharge.

consideration of an EIS-based SOC estimation strategy. Similar EIS behavior is observed in Fig. 4c, where
differentiation between EIS curves is more apparent in the low-frequency range compared to the high-
frequency range. When the excitation amplitude decreases to 0.05 A, subtle increases in measurement
variability can be observed, especially in the mid-frequency region. Due to the lower current, the signal
intensity is relatively weaker, resulting in a more significant impact of noise on the measurement. However,
it is still evident from Fig. 4b and Fig. 4d that the EIS curves are sensitive to SOC variation in the low-
frequency range. Next, we will demonstrate the suitability of the EIS at 0.01 Hz as the optimal feature for
EIS-based SOC estimation among various frequencies.
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(a) SNR of SOC estimation with 
SOC-OCV lookup table 

(b) SNR1 of SOC estimation with 
EIS magnitude-SOC lookup table 

(c) SNR2 of SOC estimation with 
EIS phase-SOC lookup table

SNR3 of SOC estimation with 
EIS (magnitude & phase)-SOC lookup table

(d)

Figure 6: (a) SNR of SOC estimation only with SOC-OCV lookup table after White Gaussian noise is added to
the OCV (SNR= 55 dB) at different SOC ranges. (b) SNR of SOC estimation only with SOC-EIS magnitude
lookup table after White Gaussian noise is added to the EIS magnitude at different SOC ranges. (c) SNR of
SOC estimation only with SOC-EIS phase lookup table after White Gaussian noise is added to the EIS phase
(SNR= 55 dB) at different SOC ranges. (d) SNR of SOC estimation with SOC-EIS phase & magnitude lookup
table after White Gaussian noise is added to the EIS magnitude and phase (SNR= 55 dB) at different SOC
ranges.

Fig. 5 presents a summary of the EIS magnitudes and phases across 6 frequencies (0.01 Hz, 0.1 Hz, 1
Hz, 10 Hz, 100 Hz, 1000 Hz) for the case of 0.1 A amplitude. In Fig. 5a, the EIS magnitudes show minimal
variation with SOC in the mid- to high-frequency range (1-1000 Hz). In contrast, the low-frequency region
(0.01-0.1 Hz) exhibits a much stronger SOC dependence, with the steepest slope occurring at 0.01 Hz. A
similar pattern is observed in Fig. 5b, where the SOC-induced variation in phase is also greatest at 0.01
Hz relative to the other frequencies. Notably, considering the flatness of the LFP OCV versus SOC, SOC
estimation becomes increasingly challenging. Given the substantial slope exhibited by the EIS versus SOC
at 0.01 Hz compared to other frequencies, it suggests a high dependency of cell impedance on SOC at
this specific frequency. This observation underscores the rationale for pursuing EIS-based SOC estimation
anchored on the EIS feature at 0.01 Hz.

The SNR serves as a valuable metric for assessing the relative strength of a desired signal in comparison
to background noise. It is quantified as the ratio of signal power to noise power, commonly denoted in
decibels. Typically, a higher SNR indicates a lesser degree of noise interference within the signal, signifying
superior signal fidelity. Therefore, a high SNR value is advantageous for accurate state estimation. In this
context, we employ SNR as a measure of the robustness of SOC estimation. Initially, we examine the SNR
pertaining to SOC estimation, leveraging solely the OCV-SOC lookup table. By adding a small White
Gaussian noise (SNR=55 dB) to the OCV (𝑂𝐶𝑉 ), the SNR of the SOC estimation with OCV-SOC lookup
(𝑆𝑁𝑅𝑆𝑂𝐶𝑂𝐶𝑉 −𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒

) table is defined as:

𝑆𝑂𝐶𝑂𝐶𝑉 −𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒 = 𝑓𝑂𝐶𝑉 −𝑆𝑂𝐶 (𝑂𝐶𝑉 ) (1)
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where 𝑓𝑂𝐶𝑉 −𝑆𝑂𝐶 (𝑂𝐶𝑉 ) is the lookup table function representing the SOC corresponding to a given
OCV value (𝑂𝐶𝑉 ). 𝑁 is the length of 𝑆𝑂𝐶𝑂𝐶𝑉 −𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒 vector estimated only with the OCV-
SOC look-up table method. ŜOCOCV-SOC:look-up-table,𝑛 is the 𝑛-th component. noise𝑛 is the 𝑛-th component
of the noise vector.

Similarly, the SNRs of the SOC estimation with EIS magnitude ||
|

𝑍̂|

|

|
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),

EIS phase 𝑎𝑟𝑔𝑍̂-SOC (𝑆𝑁𝑅2=𝑆𝑁𝑅𝑆𝑂𝐶𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒
), and EIS (magnitude & phase)-SOC lookup

table(𝑆𝑁𝑅3=𝑆𝑁𝑅𝑆𝑂𝐶
|
𝑍̂
|
&𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒

) are calculated by replacing the OCV in Eqs.1-2 with |

|

|

𝑍̂|

|

|

,

𝑎𝑟𝑔𝑍̂, and |

|

|

𝑍̂|

|

|

&𝑎𝑟𝑔𝑍̂, respectively. The calculation equations of 𝑆𝑁𝑅1, 𝑆𝑁𝑅2, and 𝑆𝑁𝑅3 are listed in
the Appendix.

The SNR analysis of SOC estimation methods for the LFP cell considered in this work using OCV-SOC
and EIS lookup tables is shown in Fig. 6. In Fig. 6a, the OCV-SOC lookup table results in a reduced SNR
(less than 40 dB) under small OCV noise. Similarly, Fig. 6b shows that using only the EIS magnitude-SOC
lookup table also yields a low SNR (less than 40 dB) under slight OCV noise. These findings suggest
that integrating the EIS phase-SOC relationship could in principle improve the accuracy of LFP SOC
estimation compared to solely relying on the OCV-SOC relationship. Notably, the EIS phase-SOC lookup
table significantly increases SNR, as seen in Fig. 6c. Furthermore, combining the EIS magnitude and phase-
SOC lookup tables (Fig. 6d) results in higher SNRs than using either the magnitude or phase-SOC table
alone. This combined approach achieves the highest SNR at 0.01 Hz across the frequency spectrum (0.01 Hz
to 1000 Hz). Based on these results, we identify the EIS-SOC relationship at 0.01 Hz as the most promising
feature for SOC estimation.

3.2. EIS-based SOC framework
The high SNR values observed in the EIS versus SOC at 0.01Hz suggest a potential enhancement in the

robustness of SOC estimation compared to methods relying solely on OCV-SOC correlations. The finding
is particularly promising for EIS-based SOC estimation. We proceed to develop an algorithm for EIS-based
SOC estimation. The framework for EIS-based SOC estimation is illustrated in Fig. 7. The framework
consists of two key steps. The first step identifies the cell’s EIS using a sinusoidal excitation signal. The
second step estimates the cell’s SOC based on the recovered EIS information.

Recognizing the challenges associated with measuring direct frequency-domain EIS signals in real-time,
we derive the EIS signal from time-domain current and voltage data. The cell impedance, represented as
𝑍(𝑗2𝜋𝑓 ), comprises both magnitude and phase components:

𝑍 (𝑗2𝜋𝑓 ) = − |𝑍(𝑗2𝜋𝑓 )| 𝑒𝑗 arg(𝑍(𝑗2𝜋𝑓 )) (3)

where |𝑍(𝑗2𝜋𝑓 )| is the magnitude of the cell impedance and arg(𝑍(𝑗2𝜋𝑓 )) is the phase of the impedance.
Ideally, for EIS testing in galvanostatic mode, a sinusoidal current 𝑖(𝑡) is applied to the cell around the cell
OCV :

𝑖 (𝑡) = 𝛼𝑐𝑜𝑠(2𝜋𝑓𝑡) (4)

where 𝛼 is the amplitude (A), 𝑓 is the frequency (Hz), and 𝑡 is time (s).
The voltage response from the excitation current can be measured as:

𝑉𝑡 = 𝑉𝑡 (0) + 𝛼 |𝑍| cos(2𝜋𝑓𝑡 + arg(𝑍)) (5)
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#%& ]

Trigonometric Fourier series

min
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?(𝑉@!,0 − 𝑉!,0
123)4

5

0%&

Recovered impedance 𝑍( from current/voltage data
𝑍( , arg 𝑍(

|𝑍(|

min
SOC6	

𝑍123(𝑆𝑂𝐶I ) − 𝑍( 4 + arg 𝑍123 𝑆𝑂𝐶I − arg 𝑍(
4

𝑆𝑂𝐶 𝑆𝑂𝐶

arg 𝑍(

𝑆𝑂𝐶I 𝑆𝑂𝐶I

𝑍123 arg 𝑍123

Estimated SOC based on EIS
𝑆𝑂𝐶I

𝑡

Current

𝑡

Voltage

Sine-wave excitation 
current  pulse

Experimental Voltage 
response

Step 1: Cell impedance identification 

Step 2: SOC estimation (SOCI ) based on EIS

𝑉!
123𝛼, 𝑓

Figure 7: Cell SOC estimation algorithm based on recovered EIS signal with sine-wave current excitation and
voltage responses. This algorithm comprises two main components. The first part is the EIS identification and
recovery process of sine-wave current pulse excitation. The second part is the SOC estimation based on the
recovered EIS signal.

where 𝑉𝑡 (0) is the cell OCV. Generally, the actual battery voltage includes a transient term 𝑉𝑡𝑟𝑎𝑛𝑠𝑖𝑒𝑛𝑡,
which diminishes over time [39]. So, the realistic voltage response can be represented by the following
format:

𝑉𝑡 = 𝑉𝑡 (0) + 𝛼 |𝑍| 𝑐𝑜𝑠(2𝜋𝑓𝑡 + arg (𝑍)) + 𝑉𝑡𝑟𝑎𝑛𝑠𝑖𝑒𝑛𝑡 (6)

We choose to use the Trigonometric Fourier series to approximate the 𝑉𝑡𝑟𝑎𝑛𝑠𝑖𝑒𝑛𝑡 . Consequently, 𝑉𝑡
becomes:

𝑉𝑡 = 𝑉𝑡(0) + 𝛼 |𝑍| cos (2𝜋𝑓𝑡 + arg(𝑍)) +

[

𝑎0 +
𝑚
∑

𝑖=1

(

𝑎𝑖 cos(𝑖𝜔𝑡) + 𝑏𝑖 sin(𝑖𝜔𝑡)
)

]

⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏞⏟
Trigonometric Fourier Series

(7)
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where 𝑎0 is the constant term in the transient voltage, 𝑤 is the fundamental frequency of the transient
voltage, and 𝑚 is the number of terms. The order 𝑚 of the trigonometric Fourier series is determined
empirically to balance accuracy and robustness. We performed cross-validation by gradually increasing
𝑚 and evaluating the resulting RMSE between fitted and experimental voltage responses. It was observed
that adding more than 5–7 harmonics produced only marginal improvements in RMSE, while unnecessarily
increasing model complexity and risk of overfitting. Therefore, 𝑚 was limited within this range to ensure
reliable impedance recovery while avoiding underfitting at low orders and preserving computational
efficiency suitable for online BMS applications.

To estimate the parameters including the |𝑍|, arg (𝑍), 𝑎0, 𝑎𝑖, 𝑏𝑖, and 𝑤, the following objective function
is formulated:

min
[

|𝑍̂|,arg
(

𝑍̂
)

,𝑎0,𝑎𝑖,𝑏𝑖,𝑤
]

𝑁
∑

𝑛=1
(𝑉𝑡,𝑛 − 𝑉 𝑒𝑥𝑝

𝑡,𝑛 )2 (8)

where 𝑉𝑡,𝑛 is the 𝑛-th data point of the fitted voltage vector in Eq.7. 𝑉 𝑒𝑥𝑝
𝑡,𝑛 is the 𝑛-th data point of the

experimental measured voltage.𝑁 is the length of the experimental voltage data. The Curve Fitting Toolbox
in Matlab is used to perform this parameter estimation calculation. Therefore, given the experimental
voltage responses to the sine-wave current pulses (𝑉 𝑒𝑥𝑝

𝑡,𝑛 ), these parameters including the cell impedance
are optimized by fitting the experimental data with Eq.8.

Traditional EIS measurements are generally performed under strict steady-state conditions, which
often necessitate long resting periods to eliminate transient relaxation effects. Such requirements limit
the feasibility of EIS integration into online BMS applications. In contrast, the proposed framework
mitigates this constraint by employing short-duration sinusoidal current pulses combined with Fourier
series expansion of the transient voltage response. This strategy effectively reconstructs the impedance
spectrum without requiring full equilibrium, thereby reducing measurement time and rest dependence. As
a result, the method provides a more practical pathway for extracting SOC-sensitive impedance features in
real-time battery operation.

Based on the recovered impedance from current/voltage data (|𝑍̂|, arg
(

𝑍̂
)

), the EIS-based SOC
estimation algorithm is developed. It is assumed that the experimental EIS 𝑍𝑒𝑥𝑝 vs. SOC is stored as the
benchmark values. Once the recovered EIS, 𝑍̂ is obtained, the estimated SOC, 𝑆𝑂𝐶 can be solved as a
two-dimensional lookup table problem as follows:

min
[

ŜOC
]

√

(

|

|

|

𝑍𝑒𝑥𝑝(𝑆𝑂𝐶)||
|

− |

|

|

𝑍̂|

|

|

)2
+
(

𝑎𝑟𝑔
(

𝑍𝑒𝑥𝑝

(

𝑆𝑂𝐶
))

− 𝑎𝑟𝑔
(

𝑍̂
)

)2
(9)

where𝑆𝑂𝐶 is the estimated SOC that minimizes the difference between the recovered EIS ((|𝑍̂|, arg
(

𝑍̂
)

)
and the experimental EIS (|𝑍𝑒𝑥𝑝|, 𝑎𝑟𝑔(𝑍𝑒𝑥𝑝)). The 𝑚𝑖𝑛 function in Matlab is utilized to facilitate this
process. This procedure represents an open-loop SOC estimation approach, as the SOC is inferred directly
from the recovered cell impedance without any feedback correction, in contrast to closed-loop estimation
strategies.

4. Experimental results
In this section, we validate the EIS recovered algorithm and the EIS-based SOC estimation framework.

4.1. EIS recovery results
The effectiveness of the EIS recovery method, as shown in Fig. 8, is validated using sine-wave current

testing data, where the cell impedance is reconstructed by fitting the measured current–voltage response
at each excitation frequency. Fig. 8a compares the experimental voltage responses to sine-wave currents
(amplitude: 0.1A, frequency: 0.01Hz) at various SOC values during discharge, alongside the fitted voltage
curves. The fitted curves (in red) closely align with the actual voltage profiles (in blue) across the SOC

Yizhao Gao et al.: Preprint submitted to Elsevier Page 10 of 19

Jo
urn

al 
Pre-

pro
of



Experimental voltage vs. fitted voltage (amplitude=0.1A) during discharge

Experimental voltage vs. fitted voltage (amplitude=0.05A) during  discharge

(a) 

(b) 

Figure 8: Impedance identification process: (a) Comparison between experimental voltage responses (blue
line) to sine-wave current (amplitude=0.1A) and fitted voltage (red line) under different SOC points during
discharge and the fitting error (green line).(b) Comparison between experimental voltage responses (blue line) to
sine-wave current (amplitude=0.05A) and fitted voltage (red line) under different SOC points during discharge
and the fitting error (green line).

values, demonstrating a strong agreement between the model and experimental data. The RMSE values of
the voltage fitting during impedance identification, listed in Table 2, are all below 0.232 mV. In Fig. 8b,
when the current amplitude is set to 0.05 A, the experimental voltage profiles show increased noise due
to a lower SNR. However, the fitted voltage curves still match the experimental data well across all SOC
values, with RMSEs under 0.22 mV. The impedance identification results during charge are provided in the
Appendix for brevity. As Table 2 shows, the EIS identification method consistently fits voltage with RMSE
values below 0.22 mV during charge.
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Experimental  vs. Recovered EIS magnitude 
(amplitude=0.1A) during discharge 

Experimental  vs. Recovered EIS phase 
(amplitude=0.1A) during discharge 

Experimental  vs. Recovered EIS magnitude 
(amplitude=0.05A) during discharge

Experimental  vs. Recovered EIS phase 
(amplitude=0.05A) during discharge

Experimental  vs. Recovered EIS magnitude 
(amplitude=0.1A) during charge

Experimental  vs. Recovered EIS phase 
(amplitude=0.1A) during charge

Experimental  vs. Recovered EIS magnitude 
(amplitude=0.05A) during charge

Experimental  vs. Recovered EIS phase 
(amplitude=0.05A) during charge

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 9: Experimental EIS magnitude (a) and phase (b) versus the recovered results obtained using a 0.1
A excitation during discharge, together with the corresponding fitting errors; Experimental and recovered EIS
magnitude (c) and phase (d) under a 0.05 A excitation during discharge, with the associated fitting errors;
Experimental and recovered EIS magnitude (e) and phase (f) obtained using a 0.1 A excitation during charge,
with the fitting errors; Experimental and recovered EIS magnitude (g) and phase (h) under a 0.05 A excitation
during charge, together with the fitting errors.

The comparison between the identified EIS magnitude and phase at 0.01 Hz and the experimental EIS
data is illustrated in Fig. 9, with the RMSEs summarized in Table 3. In Fig. 9a, the recovered EIS magnitude
at discharge, with an amplitude of 0.1A, closely matches the experimental EIS magnitude. The RMSE of
the EIS magnitude recovery is 8.60 × 10−4. Similarly, Fig. 9b demonstrates that the identified EIS phase
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Parity plot during discharge 
(amplitude=0.05A)

Parity plot during discharge
(amplitude=0.1A)

Parity plot during charge 
(amplitude=0.1A)

Parity plot during charge 
(amplitude=0.05A)

(a) (b) 

(c) (d) 

Figure 10: EIS-based SOC estimation results. (a) Parity plot of EIS-based SOC estimation (amplitude=0.1A)
during discharge.(b) Parity plot of EIS-based SOC estimation (amplitude=0.05A) during discharge.(c) Parity
plot of EIS-based SOC estimation (amplitude=0.1A) during charge.(d) Parity plot of EIS-based SOC estimation
(amplitude=0.05A) during charge.

Table 2
RMSEs of voltage recovery during the impedance identification process [mV]

SOC 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1
Amplitude=0.1A, discharge [mV] 0.164 0.167 0.173 0.193 0.232 0.173 0.225 0.223 0.202
Amplitude=0.05A, discharge [mV] 0.168 0.191 0.179 0.218 0.156 0.144 0.148 0.128 0.203

Amplitude=0.1A, charge [mV] 0.209 0.173 0.183 0.203 0.156 0.162 0.183 0.212 0.188
Amplitude=0.05A, charge [mV] 0.203 0.186 0.208 0.215 0.177 0.140 0.185 0.198 0.219

at discharge direction, with an amplitude of 0.1A, aligns well with the experimental results, yielding an
RMSE of 0.528◦.

As the current amplitude decreases to 0.05A, Fig. 9c illustrates that the recovered magnitude at 0.01Hz
maintains accurate recovery of the experimental magnitude, with an RMSE of 7.13 × 10−4. In Fig. 9d, the
RMSE of the EIS phase recovery is 1.44◦. For charge directions, Fig. 9e-h depicts that the estimated EIS
magnitudes and phases effectively track the experimental EIS results. The RMSEs of the EIS magnitude and
phase recoveries, with an amplitude of 0.1A in the charge direction, are 8.31×10−4 and 1.523◦, respectively.
Additionally, the RMSEs of the EIS magnitude and phase recoveries, with an amplitude of 0.05A in the
charge direction, are 4.72 × 10−4 and 0.919◦, respectively. These results indicate that the proposed EIS
recovery method accurately identifies the EIS magnitude and phase based on sine-wave current and voltage
data.

4.2. EIS-based SOC estimation results
Here, we evaluate the efficacy of the EIS-based SOC estimation method, utilizing experimental EIS as the

reference. We introduce a random initial SOC error to assess the effectiveness of the estimator. The initial
SOC errors, with RMSE, mean absolute value, minimum, and maximum values of 0.0571, 0.0495, -0.0974,
and 0.0968, respectively, are added deliberately. SOC estimation is achieved by minimizing the discrepancy
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Table 3
RMSEs of recovered EIS magnitude and phase

EIS magnitude [-] EIS phase [◦]
Amplitude=0.1A, in discharge 8.60 × 10−4 0.528
Amplitude=0.05A, in discharge 7.13 × 10−4 1.440

Amplitude=0.1A, in charge 8.31 × 10−4 1.523
Amplitude=0.05A, in charge 4.72 × 10−4 0.919

Table 4
RMSEs, mean absolute, minimum, maximum, number of SOC estimations when estimation error<initial SOC
error (𝑁1), number of SOC estimations when estimation error=initial SOC error (𝑁2), and number of SOC
estimations when estimation error>initial SOC error (𝑁3).

RMSE
Mean

absolute Minimum Maximum 𝑁1 𝑁2 𝑁3

Initial SOC 0.0571 0.0495 -0.0974 0.0968
EIS-based SOC estimation error

when Amplitude=0.1A, discharge direction 0.0470 0.0366 -0.0974 0.09 55 23 23

EIS-based SOC estimation error
when Amplitude=0.05A, discharge direction 0.0662 0.0540 -0.15 0.14 31 30 40

EIS-based SOC estimation error
when Amplitude=0.1A, charge direction 0.0614 0.0512 -0.11 0.16 31 33 37

EIS-based SOC estimation error
when Amplitude=0.05A, charge direction 0.0534 0.0418 -0.16 0.0918 42 29 30

between recovered and experimental EIS over a range from 0 to 1, with 101 SOC points explored at 0.01
intervals. These points are categorized into 𝑁1, 𝑁2, and 𝑁3, denoting SOC estimations with errors less
than, equal to, and greater than the initial SOC error, respectively (𝑁1 + 𝑁2 + 𝑁3 = 101).

Fig. 10 summarizes EIS-based SOC estimation results with added initial SOC error. The RMSE, mean
absolute value, minimum, and maximum SOC estimation errors are consolidated in Table 4. In Fig. 10a,
for a sinusoidal current amplitude of 0.1A in the discharge direction, SOC estimation yields an RMSE of
0.0470 and a mean absolute error of 0.0366. Here, 𝑁1, 𝑁2, and 𝑁3 are 55, 23, and 23, respectively. This
suggests that with a 0.1A discharge, the EIS-based SOC estimation accurately resets initial SOC values at
55 SOC points across the entire range. Moreover, the RMSE and mean absolute error of SOC estimations
are lower than initial SOC errors, indicating the effectiveness of the EIS-based method in error reduction.
With a decrease in current amplitude to 0.05A in the discharge direction, SOC estimation results ( Fig. 10b)
show 𝑁1, 𝑁2, and 𝑁3 as 31, 30, and 40, respectively. While the EIS-based method still mitigates initial
SOC errors at 31 points, the number decreases compared to 0.1A amplitude. Additionally, the RMSE and
mean absolute value of SOC estimation errors increase, as shown in Table 4, due to the larger RMSE of the
recovered EIS phase at 0.05A amplitude. The performance degradation observed at a current amplitude of
0.05 A can be attributed primarily to the reduced SNR. Lower excitation currents produce weaker voltage
responses, which become more susceptible to measurement noise and result in less accurate recovery of the
EIS phase. Since SOC estimation in our framework relies strongly on precise phase identification, this noise
sensitivity leads to degraded accuracy. Additionally, small nonlinearities in the electrode processes may
further contribute to the discrepancy under very low excitation amplitudes. Similar trends are observed for
charge direction at 0.1A amplitude ( Fig. 10c), where a larger RMSE and mean absolute value of EIS-based
SOC estimation errors are noted compared to initial SOC errors. However, only 31 SOC points contribute
to error reduction. Conversely, at 0.05A amplitude in charge direction ( Fig. 10d), superior performance
is observed with lower RMSE and mean absolute value of EIS-based SOC estimation errors (0.0534 and
0.0418, respectively), and an increase in 𝑁1 to 42. These results underscore the dependency of EIS-based
SOC estimation effectiveness on the accuracy of the recovered EIS signal, with the 0.1A discharge scenario
exhibiting optimal performance among the investigated cases.
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4.3. Discussion
The proposed methodology builds upon the general framework of EIS-based SOC estimation but

introduces several distinctive contributions. First, instead of relying on dedicated impedance analyzers,
we demonstrate that short-duration sinusoidal current pulses can effectively reconstruct the EIS response
directly from current and voltage signals. This approach eliminates the dependency on specialized
instrumentation and leverages signals already available in practical BMS environments, thereby enhancing
feasibility for large-scale deployment. Second, a systematic SNR-based analysis identifies 0.01 Hz as the
frequency with the strongest SOC dependence and the highest robustness to noise. This finding directly
addresses the long-standing challenge of the flat OCV–SOC curve in LFP cells and provides a quantitative
basis for frequency selection, which has often been heuristic in prior studies. Compared with existing multi-
frequency or ECM-fitting methods, our framework achieves a faster and more practical solution for SOC
initialization, with direct relevance to on-board applications.

Compared with recent fast EIS methods based on multi-sine or PRBS excitations [32, 40, 41], our
framework emphasizes simplicity and direct relevance to SOC. While broadband approaches reconstruct
the full spectrum but require sophisticated excitation signals and heavy post-processing, our method uses
only a single low-frequency sine perturbation (0.01 Hz) that directly captures the most SOC-sensitive
impedance feature. This avoids specialized hardware, reduces computational overhead, and enhances
SNR, enabling rapid SOC initialization under practical BMS conditions. Thus, the proposed approach
prioritizes simplicity, robustness, and online applicability, offering a distinct advantage over existing fast-
EIS strategies.

Several limitations should be acknowledged. The experiments were performed with relatively small
excitation amplitudes (0.05 A and 0.1 A) and at a single frequency (0.01 Hz). These conditions were
deliberately chosen to highlight the most SOC-sensitive operating point but do not fully represent broader
applicability. Another limitation is that OCV hysteresis effects were not considered. Because hysteresis
arises from path-dependent electrode processes, neglecting it may cause small discrepancies during
charge/discharge transitions. While its impact is modest relative to the improvements of our impedance-
based approach, future integration with hysteresis models (e.g., Preisach-type or data-driven corrections)
could further improve SOC accuracy. Finally, all experiments were conducted under controlled isothermal
conditions. Given that impedance spectra are strongly temperature-dependent, variations in ambient or cell
temperature could alter the SOC–EIS relationship. We also acknowledge that the current amplitude range
examined here is relatively narrow.

Despite these restrictions, this study demonstrates a rapid and cost-effective strategy for SOC initializa-
tion, distinct from methods targeting full-spectrum impedance reconstruction. By showing that robust SOC
features can be recovered from simple short-pulse excitations, we highlight a practical pathway to integrate
EIS-based estimation into BMS without imposing significant hardware or time overhead.

5. Conclusion
This paper proposes a rapid EIS-based SOC estimation method utilizing short-duration sine-wave current

profiles. Experimental EIS data of LFP batteries, obtained with current amplitudes of 0.05 A and 0.1 A
across various frequencies and SOC ranges, are analyzed. Among these, the cell EIS measured at 0.01 Hz
exhibits the highest SNR, making it suitable as a benchmark for EIS-based SOC estimation. To efficiently
recover the cell EIS at 0.01 Hz within a short timeframe, sine-wave current profiles are applied to the cell,
and the voltage responses are approximated using the Fourier series. Subsequently, the magnitude and phase
of the cell EIS are accurately derived by fitting the approximated voltage to the experimental voltage data.
Based on the recovered EIS signal, the cell SOC is estimated by correlating the recovered EIS signal with
experimental SOC-dependent EIS data. Finally, this SOC estimation approach is validated using sine-wave
currents with amplitudes of 0.05 A and 0.1 A in both the discharge and charge directions. Experimental
findings verify the effectiveness of the EIS-based SOC estimation strategy.

Future work will expand the range of excitation currents and frequencies, and benchmark the method
against state-of-the-art rapid EIS acquisition techniques. Furthermore, integration with OCV hysteresis
models (e.g., Preisach-type or data-driven corrections) could further enhance SOC estimation accuracy.
Finally, extending the framework to incorporate temperature compensation and systematic validation across
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multiple temperatures and current amplitudes will be essential to ensure robustness for real-world BMS
applications.

Data availability
The experimental dataset supporting this study is publicly available at: https://github.com/

yizhaogao2025/LFP_battery_SOC_Dataset.

Supplementary information
The supplementary information provides additional details on the experimental data used in this study,

including the data collection procedures and the structure of the dataset.

Appendix
1) The SNRs of the SOC estimation with EIS magnitude ||

|

𝑍̂|

|

|

-SOC (𝑆𝑁𝑅1=𝑆𝑁𝑅𝑆𝑂𝐶
|
𝑍̂
|
−𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒

),

EIS phase 𝑎𝑟𝑔𝑍̂-SOC (𝑆𝑁𝑅2=𝑆𝑁𝑅𝑆𝑂𝐶𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒
), and EIS (magnitude & phase)-SOC lookup

table(𝑆𝑁𝑅3=𝑆𝑁𝑅𝑆𝑂𝐶
|
𝑍̂
|
&𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒

) are calculated with the following equations:

𝑆𝑂𝐶
|

|

|

𝑍̂|

|

|
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𝑍̂|

|

|
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|

|

|

𝑍̂|

|

|
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= 20 log10
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(11)

𝑆𝑂𝐶𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶∶𝑙𝑜𝑜𝑘−𝑢𝑝−𝑡𝑎𝑏𝑙𝑒 = 𝑓𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶 (
|

|

|

𝑍̂|

|

|

) (12)

SNR2 = SNRŜOC𝑎𝑟𝑔𝑍̂-SOC:look-up-table
= 20 log10

⎛

⎜

⎜

⎜
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⎟

⎟
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(13)
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|
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|

|
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|

|

|

𝑍̂|

|

|

&𝑎𝑟𝑔𝑍̂−𝑆𝑂𝐶 (
|

|

|

𝑍̂|

|

|

, 𝑎𝑟𝑔𝑍̂) (14)

SNR3 = SNRŜOC
|𝑍̂|&arg(𝑍̂)-SOC:look-up-table

= 20 log10

⎛

⎜

⎜

⎜
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⎝

√

∑𝑁
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|
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⎟

⎟

⎟

⎠

(15)

where 𝑓
|𝑍|−SOC

(

|𝑍̂|

)

is the lookup table function that maps a given EIS magnitude value |𝑍̂| to the
corresponding SOC. Similarly, 𝑓arg 𝑍̂−SOC

(

arg 𝑍̂
)

is the lookup table function that maps a given EIS phase
value arg 𝑍̂ to the corresponding SOC. Finally, 𝑓

|𝑍|&arg 𝑍̂−SOC
(

|𝑍̂|, arg 𝑍̂
)

is the lookup table function
that maps a given pair of EIS magnitude |𝑍̂| and EIS phase arg 𝑍̂ values to the corresponding SOC.

2) The Impedance identification processes with sine-wave current (amplitude=0.1A/0.05A) during
charge are listed in Fig. 11.
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Experimental voltage vs. fitted voltage (amplitude=0.1A) during charge

Experimental voltage vs. fitted voltage (amplitude=0.05A) during charge

(a)

(b)

Figure 11: Impedance identification process. (a) Comparison between experimental voltage responses (blue
line) to sine-wave current (amplitude=0.1A) and fitted voltage (red line) under different SOC points during
charge direction and the fitting error (green line). (b) Comparison between experimental voltage responses
(blue line) to sine-wave current (amplitude=0.05A) and fitted voltage (red line) under different SOC points
during charge direction and the fitting error (green line).
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Rapid EIS-based SOC estimation method for LiFePO4 batteries using sine-wave currents. 

 

EIS at 0.01 Hz shows highest signal-to-noise ratio for accurate SOC estimation. 

 

SOC estimation algorithm addresses challenges posed by flat OCV-SOC curve in LFP cells. 

 

Sine-wave pulses effectively reconstruct EIS, achieving reliable SOC prediction. 

 

Practical SOC estimation without costly equipment using current/voltage signal data. 
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