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 A B S T R A C T

Accurate state-of-charge (SOC) estimation for lithium iron phosphate (LiFePO4) batteries remains challenging 
due to their inherently flat open-circuit voltage (OCV)–SOC characteristics, which impair observability for 
conventional voltage-based and equivalent circuit model (ECM) methods. To address this limitation, we propose 
a DQV-based SOC estimation framework that uses short-duration current pulses to extract informative voltage 
features. Complete DQV–SOC reference curves are constructed offline across multiple C-rates (± 1/30C, ±
0.2C, ± 0.5C, ± 1C, and ± 2C). During operation, voltage responses from brief current pulses are processed 
via exponential fitting to generate smooth, noise-resilient DQV segments. These segments are fused with 
the reference data within an Unscented Kalman Filter (UKF), enabling closed-loop SOC estimation with low 
computational overhead. Experimental results highlight the significant influence of C-rates on the DQV-based 
SOC estimator. We observe that pulse currents significantly enhance SOC estimation convergence across the 
full SOC range [0, 1]. However, employing a single C-rate pulse may not ensure robustness across diverse 
SOC ranges, emphasizing the importance of carefully selecting C-rates to achieve SOC estimation convergence 
throughout the entire SOC range of [0, 1]. This research contributes to advancing reliable management 
practices for LiFePO4 batteries in electric vehicles.
1. Introduction

Lithium iron phosphate (LiFePO4, referred as LFP) batteries are 
gaining prominence in electric vehicles (EVs) due to their superior 
thermal stability and cost-effectiveness compared to other lithium-ion 
technologies [1,2]. Effective management of these batteries necessitates 
a battery management system (BMS), as real-time monitoring is cru-
cial to ensure safety and performance [3]. A critical function of the 
BMS is to estimate battery state-of-charge (SOC), which is vital for 
optimizing battery operation [4]. SOC, representing the charge level 
relative to capacity, is typically estimated from current, voltage, and 
temperature measurements [5].  However, SOC estimation for LFP 
batteries is particularly challenging due to the flat open-circuit voltage 
(OCV) characteristic, which introduces significant uncertainty when 
using OCV-based methods [6,7].

In recent years, numerous methods for estimating SOC in LFP 
batteries have been developed to address the challenge posed by the 
flatness of their OCV [8]. These methods can be grouped into three cat-
egories: equivalent-circuit model (ECM)-based, electrochemical-model-
based, and machine-learning-based approaches.

ECM-based methods, including Extended Kalman filter (EKF) and 
Unscented Kalman filter (UKF), are based on the OCV-SOC relationship 
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which plays a pivotal role in battery model-based SOC estimators [9,
10]. In [11], a SOC estimation method for LFP-NMC hybrid batteries 
was proposed leveraging NMC cells as a reference to estimate SOC in 
LFP cells based on electricity equivalence in series cells. It integrates 
a difference state observer with fuzzy logic for continuous SOC correc-
tion, ensuring robustness against self-discharge differences and sensor 
errors. In [12], SOC estimation for LFP batteries is tackled through an 
adaptive strategy that dynamically adjusts EKF parameters based on 
OCV ranges by integrating the adaptive recursive square root algorithm 
for real-time OCV identification. The method is validated using large-
scale real-world and laboratory data. To address OCV flatness and 
hysteresis effects, a covariance-controlled SOC estimator incorporat-
ing a simplified hysteresis model was introduced [13]. This approach 
enhances SOC accuracy by linearizing OCV hysteresis and dynami-
cally adjusting EKF measurement error covariance, improving both 
convergence speed and robustness. A joint PID observer and improved 
adaptive extended Kalman filter was proposed for SOC estimation in 
LFP batteries, integrating a temperature compensation factor and an 
enhanced whale optimization algorithm to improve accuracy across 
different temperatures [14]. For hysteresis modeling, an advanced 
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 Nomenclature
 Abbreviation Definition  
 LFP Lithium Iron Phosphate (LiFePO4)  
 BMS Battery Management System  
 ECM Equivalent Circuit Model  
 SOC State of Charge  
 EV Electric Vehicle  
 OCV Open Circuit Voltage  
 UKF Unscented Kalman Filter  
 EKF Extended Kalman Filter  
 DQV Differential Capacity Curve  

piecewise linearization method was developed to reduce approximation 
errors in OCV hysteresis contours [15]. It integrates EKF with Auto Re-
gressive Exogenous modeling and Recursive Least Squares filtering for 
parameter estimation, improving estimation accuracy. A data-driven 
approach was introduced to construct OCV-SOC curves using real-world 
data [16] based on a segmentation-based OCV extraction technique.

A simplified mechanistic model was proposed for SOC estimation 
in LFP batteries by representing ion diffusion, polarization, and elec-
trochemical reactions as a function of SOC [17]. In [18], a boundary 
observer was proposed, addressing the challenge of tracking lithium 
concentration and the moving interface position in the single parti-
cle model (SPM). By leveraging the backstepping method for partial 
differential equations of the lithium-ion diffusion, the proposed ap-
proach eliminates the impractical assumption of direct interface mea-
surement, enhancing SOC estimation accuracy. An augmented physics-
based model incorporating an empirical hysteresis component was 
presented in [19], where an UKF was integrated with a reduced-order 
electrochemical model.

For machine-learning-based techniques, a robust SOC estimation 
method for LFP batteries integrating a dynamic neural network with the 
Sage-Husa adaptive Kalman filter was presented in [20]. The method 
effectively captures the flat voltage curve nonlinearity and temperature 
sensitivity using an optimized Nonlinear Autoregressive Network with 
exogenous inputs. Another method introduces a deep learning-based 
approach using 10-min charging data to estimate SOC. This method 
combines a deep neural network with a Kalman filter to enhance noise 
robustness and utilizes transfer learning for adaptation to different 
battery types and aging conditions [21]. A SOC estimation method 
for LFP batteries was developed combining Coulomb counting reset, 
machine learning, and relaxation voltage analysis in [22]. It addresses 
SOC initialization challenges using low-frequency voltage data from 
short rest periods. Machine-learning-based algorithms require extensive 
experimental data for training, and their prediction capability heavily 
relies on the quality of the training dataset. Insufficient or biased 
data can lead to poor model performance and inaccurate SOC estima-
tion [23]. Despite recent advances, existing SOC estimation methods 
continue to face significant challenges when applied to LFP batteries—
particularly due to poor observability in the flat voltage plateau region, 
which limits estimation accuracy. 

Differential capacity analysis, defined as the rate of change of 
charge with voltage (DQV), is a widely utilized technique for investi-
gating electrode degradation mechanisms during charge or discharge 
processes [24].  The evolution of the area, location, and amplitude 
of DQV peaks and valleys provides valuable insights closely linked to 
battery aging [25]. Battery health indicators extracted from the peaks 
and valleys of partial incremental capacity curves contribute to battery 
health diagnosis [26,27]. While DQV analysis is commonly employed 
for battery diagnostics [28], its application in cell SOC estimation 
remains rarely seen.

In [29], a high-rate charging SOC estimation method was pro-
posed based on the full incremental capacity curve, where DQV curves 
2 
were filtered, segmented, and fitted with simple functions to establish 
DQV-SOC relationships. This approach enables accurate, real-time SOC 
estimation under fast-charging conditions without relying on complex 
models. In [30], a differential voltage analysis-based method was de-
veloped to estimate the remaining discharge capacity under dynamic 
conditions. Derived from electrochemical principles and validated using 
a pseudo-two-dimensional model (P2D), this method directly estimates 
the remaining discharge capacity from differential voltage analysis. 
Finally, in [31], incremental capacity analysis and differential voltage 
analysis were used, where three robust feature points were identified 
from these curves and quantitatively correlated with SOC and capacity.

In practical applications, low C-rate pulse currents and resulting 
voltage responses are sensitive to measurement noise [32,33]. More-
over, the robustness and effectiveness of combining pulse-current pro-
files with DQV curves have not been fully explored, highlighting the 
need for further research in this area to advance SOC estimation 
methodologies.

A critical gap identified through the literature review is the lack of 
investigation into a design framework of short-pulse current profiles for 
SOC estimation, as well as robustness and effectiveness of integrating 
pulse-current profiles with DQV curves for SOC estimation. Low C-rate 
pulse currents generate DQV curves with more pronounced valleys and 
peaks compared to high C-rate, however, their sensitivity to measure-
ment noise poses a challenge. To date, no prior study has formulated 
SOC estimation for LFP batteries using a state-space framework with 
DQV curves as output. This work fills that gap by introducing a novel 
DQV-based state-space model, enhancing observability and enabling 
robust estimation despite the flat OCV–SOC characteristic.

The primary objective of this paper is to introduce a novel approach 
to SOC estimation for LFP batteries by shifting the focus from the 
traditional flat OCV-SOC relationship to a newly constructed output 
based on DQV curve: The key contributions of this paper are outlined 
below:

(1) State-Space framework for enhanced observability. We introduce 
a novel state-space model that uses DQV curves as measurement 
outputs to overcome the poor observability caused by the flat 
OCV–SOC profile in LFP batteries.

(2) Pulse Current profile design for SOC estimation. Short-duration 
current pulses at various C-rates are carefully designed, and 
exponential fitting is applied to extract accurate DQV features 
from noisy voltage responses.

(3) UKF-based SOC estimation: SOC estimations are made through 
a UKF, using the filtered DQV from the pulse response. This 
ensures stable and accurate predictions, even with the challenges 
of flat OCV-SOC characteristics in LFP batteries.

To aid the reader in understanding the overall structure and mo-
tivation of this work, Fig.  1 presents a high-level system diagram of 
the proposed framework. It summarizes the core challenge addressed—
namely, the poor SOC observability in LFP cells—and highlights how 
the DQV technique, combined with pulse excitation and UKF-based 
estimation, enables robust and accurate SOC tracking.

2. Experimental setup and design of experiments

In this section, the experimental setup and experimental data col-
lection process are elaborated. The cell testing platform is depicted in 
Fig.  2. Details of the battery testing equipment can be found in [34]. 
Six cells are placed in the AMEREX IC500R thermal chamber and are 
cycled using the Arbin LBT21024. The specifications of the LFP cell 
used in this study are listed in Table  1. Two sets of experiments were 
conducted in this study, all performed at a controlled temperature of 
25 ◦C.

The first group of experiments involve the full discharge and charge 
of the cells at constant current rates of ±1/30C, ±0.2C, ±0.5C, ±1C, 
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Fig. 1. Overview of the proposed DQV-based SOC estimation framework.

and ±2C, as depicted in Fig.  3 (− for discharge and + for charge). 
The charge and discharge voltages from constant current C-rates versus 
SOC are plotted in Fig.  3a and b, respectively. During the charging 
process, the cells are charged from a fully discharged state, starting 
when the voltage reaches the lower cut-off limit (0% SOC), and con-
tinues until they reach the upper voltage limit. Conversely, in the 
discharging process, the cells discharge from 100% SOC as the voltage 
starts at the upper limit and continues until it reaches the lower cut-
off voltage. For the 1/30C baseline experiments, cells were charged 
from 0% to 100% SOC and then discharged back to 0% SOC at a 
constant current of 1/30C. The resulting voltage and capacity profiles 
were used to compute the complete DQV curves at +1/30C (charge) 
and –1/30C (discharge). For the C-rate experiments at higher currents, 
cells underwent two protocols: In the charging protocol, cells were first 
discharged from 100% to 0% SOC and then recharged to 100% SOC 
at the specified C-rate. In the discharging protocol, cells were charged 
from 0% to 100% SOC and then discharged back to 0% SOC using the 
same C-rate. These experimental voltage and current data were used 
to obtain complete DQV curves across the investigated C-rates. The 
resulting complete DQV curves serve as benchmarks for the DQV-based 
SOC estimator.

The second set of experiments is designed to validate the DQV-
based SOC estimator using short-pulse currents at various SOC values. 
Figs.  4 and 5 show current and voltage data obtained from pulse tests 
conducted at constant current rates of ±1/30C, ±0.2C, ±0.5C, ±1C, and 
±2C. In Fig.  4a, a charge current is applied for 720 s from 0% SOC, 
increasing the SOC by 16%. After a 10-min rest, five sequential 1/30C 
3 
Table 1
26650 cylindrical LFP cell specifications.
 Nominal capacity 2.5 Ah  
 Nominal voltage 3.3 V  
 Lower voltage limit 2.0 V  
 Upper voltage limit 3.65 V  
 Cathode chemistry LiFePO4  
 Anode chemistry Graphite 

charge pulses, each lasting 1800 s and followed by a 300-s rest, are 
applied at increasing SOC levels, labeled as 𝑎-𝑒. Similarly, in Fig.  4b, 
a discharge current is applied for 720 s from 100% SOC, decreasing 
the SOC by 16%. After a 10-min rest, five 1/30C discharge pulses are 
applied under the same conditions, also labeled as 𝑎–𝑒.

Fig.  4c and d depict charge and discharge pulse tests using a 0.2C 
current for 1800 s. In Fig.  4c, charging starts from 0% SOC, followed by 
a 7200-s rest, with ten charge pulses at progressively higher SOC levels, 
labeled 𝑎–𝑗. In Fig.  4d, discharging starts from 100% SOC, followed by 
a 7200-s rest, with eleven discharge pulses labeled 𝑎–𝑘. For the ±0.5C, 
±1C, and ±2C pulse tests in Fig.  5, the procedure follows the ±0.2C 
tests but with adjusted pulse durations: 720 s for 0.5C, 360 s for 1C, 
and 180 s for 2C. These tests are designed to evaluate the DQV-SOC esti-
mator’s performance under different SOC conditions, and pulse current 
magnitude and duration. The SOC ranges for all pulses are summarized 
in Tables  2 and 3. The primary design criterion for the pulse duration 
was to achieve a consistent SOC excursion of approximately 10% per 
pulse. First, selecting a 10% SOC interval allows the pulse tests to cover 
the full SOC range (0%–100%) with a manageable number of pulses 
(approximately 10). Second, a 10% SOC change per pulse produces a 
voltage profile to capture identifiable and meaningful pulse DQV for 
estimation, while avoiding excessively long pulses.

3. SOC estimation framework utilizing pulse-current DQV data

The SOC estimation framework based on DQV data derived from 
pulse currents is structured in three parts. Part A generates complete 
DQV–SOC curves at various C-rates from constant-current experiments 
and stores them as lookup tables. Part B extracts DQV values from 
filtered voltage responses to short-duration current pulses. Part C em-
ploys a UKF-based observer that estimates SOC by minimizing the 
error between pulse DQV and the reference DQV curves. This frame-
work enhances observability in LFP batteries and enables accurate SOC 
estimation across a broad range of operating conditions.

3.1. Algorithm part A: Complete DQV curve generation

The first part of the algorithm consists in generating the complete 
DQV curves as a function of SOC, referred to as 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑆𝑂𝐶)
across various C-rates (±1/30C, ±0.2C, ±0.5C, ±1C, and ±2C), as 
illustrated in Fig.  6. These DQV curves are then stored in DQV-SOC 
lookup tables for on-line use. The current, voltage, and temperature of 
the battery are measured with a sampling interval 𝛥𝑡 of 1 s in this study. 
The discrete-time formulation of Coulomb counting is:
𝑆𝑂𝐶 (𝑡 + 1) − 𝑆𝑂𝐶 (𝑡)

=
𝑄 (𝑡 + 1)
𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦

−
𝑄 (𝑡)

𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
= 𝛥𝑡

3600 ⋅𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦
𝐼(𝑡), 𝑡 = [1, 2,… , 𝑁]. (1)

where 𝑆𝑂𝐶(𝑡+ 1) and 𝑆𝑂𝐶(𝑡) represent the state of charge at the next 
and current time steps, respectively, 𝑁 is the total number of data 
points, 𝑄(𝑡 + 1) and 𝑄(𝑡) denote the remaining cell capacity at the 
next and current time steps, respectively, while 𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 is the nominal 
battery capacity. The constant current 𝐼 is positive for charging and 
negative for discharging, with 𝐼(𝑡) = 𝐼(𝑡 + 1) = 𝐼 . The relationship 
between capacity change and current is then derived as follows: 

𝑄 (𝑡 + 1) −𝑄 (𝑡) = 𝐼 𝛥𝑡 (2)

3600
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Fig. 2. Battery cell testing equipment at Stanford Energy Control Laboratory [34]. (a) battery cycler thermal chamber, tested cells, and host computer. (b) 
Functional block diagram showing key components and connections for control, data acquisition, and cell testing.
Table 2
SOC ranges for pulses at 1/30C(charge/discharge), 0.2C(charge/discharge) and 0.5C(charge).
 Pulse number 1/30C Char. 1/30C Dis. 0.2C Char. 0.2C Dis. 0.5C Char.
 SOC 

start
SOC 
end

SOC 
start

SOC 
end

SOC 
start

SOC 
end

SOC 
start

SOC 
end

SOC 
start

SOC 
end

 

 a 0.16 0.17 0.17 0.15 0.00 0.05 0.13 0.03 0.00 0.05 
 b 0.33 0.34 0.34 0.32 0.05 0.10 0.22 0.13 0.05 0.10 
 c 0.50 0.51 0.51 0.49 0.10 0.20 0.32 0.22 0.10 0.19 
 d 0.67 0.68 0.68 0.66 0.20 0.30 0.42 0.32 0.19 0.29 
 e 0.84 0.86 0.85 0.83 0.30 0.40 0.51 0.42 0.29 0.38 
 f 0.40 0.50 0.61 0.51 0.38 0.48 
 g 0.50 0.60 0.71 0.61 0.48 0.57 
 h 0.60 0.70 0.81 0.71 0.57 0.67 
 i 0.70 0.80 0.90 0.81 0.67 0.76 
 j 0.80 0.90 0.95 0.90 0.76 0.86 
 k 1.00 0.95 0.86 0.95 
Table 3
SOC ranges for pulses at 0.5C(discharge), 1C(charge/discharge) and 2C(charge/discharge).
 Pulse number 0.5C Dis. 1C Char. 1C Dis. 2C Char. 2C Dis.
 SOC 

start
SOC 
end

SOC 
start

SOC 
end

SOC 
start

SOC 
end

SOC 
start

SOC 
end

SOC 
start

SOC 
end

 

 a 0.14 0.04 0.00 0.05 0.13 0.03 0.00 0.05 0.13 0.03 
 b 0.23 0.14 0.05 0.10 0.22 0.13 0.05 0.08 0.23 0.13 
 c 0.33 0.23 0.10 0.19 0.32 0.23 0.10 0.19 0.32 0.23 
 d 0.43 0.33 0.19 0.29 0.42 0.32 0.19 0.29 0.42 0.32 
 e 0.52 0.43 0.29 0.39 0.52 0.42 0.29 0.39 0.52 0.42 
 f 0.62 0.52 0.39 0.48 0.61 0.52 0.39 0.48 0.61 0.52 
 g 0.71 0.65 0.48 0.58 0.71 0.65 0.48 0.54 0.71 0.61 
 h 0.81 0.71 0.58 0.68 0.81 0.74 0.58 0.68 0.81 0.71 
 i 0.90 0.81 0.68 0.77 0.90 0.84 0.68 0.78 0.90 0.85 
 j 0.95 0.93 0.77 0.87 0.95 0.91 0.78 0.87 0.95 0.91 
 k 1.00 0.95 0.87 0.97 1.00 0.96 0.87 0.97 1.00 0.96 
From Eq. (2), DQV is obtained as: 

𝐷𝑄𝑉 (𝑡) =
𝑄(𝑡 + 1) −𝑄(𝑡)
𝑉 (𝑡 + 1) − 𝑉 (𝑡)

= 𝐼
𝑉 (𝑡 + 1) − 𝑉 (𝑡)

𝛥𝑡
3600

(3)

where 𝑉 (𝑡) is the cell voltage at time step 𝑡, and 𝑉 (𝑡+ 1) is cell voltage 
at the next time step, 𝑡 + 1.

The complete DQV is calculated from raw current and voltage data 
using Eq. (3), shown as the green curve in Fig.  6b for a 0.5C discharge. 
Due to noise, this curve is not ideal for estimation tasks. To address 
4 
this, the raw data is smoothed.1 Since SOC changes monotonically 
during charging and discharging, DQV is a function of SOC, as shown 
in Fig.  6c. Final DQV curves at various C-rates (±1/30C, ±0.2C, ±0.5C, 
±1C, and ±2C) are stored as 1-D lookup tables (Fig.  10), with SOC 
on the 𝑥-axis and DQV values on the 𝑦-axis. These are referred to as 
DQV𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒.

1 The raw data was smoothed using MATLAB’s 𝑠𝑚𝑜𝑜𝑡ℎ𝑑𝑎𝑡𝑎 function.
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Fig. 3. Experimental voltage curves plotted against SOC for constant current 
charge (a) at rates of 1/30C, 0.2C, 0.5C, 1C, and 2C, and constant current 
discharge (b) at the same rates (25 ◦C).

3.2. Algorithm part B: Pulse DQV curve generation

SOC estimation is performed using the applied current pulse and 
the corresponding voltage response, as shown in Fig.  7. To mitigate the 
effects of measurement noise, a data filtering process is applied prior 
to DQV calculation. The details of this filtering process are outlined in 
Section 3.4. After filtering the voltage data, the pulse DQV values are 
computed using Eq. (3), as shown in Fig.  7.

3.3. Algorithm part C: DQV-based SOC estimation algorithm

The algorithm is illustrated in Fig.  8. The DQV-based model for SOC 
estimation is based on the following equations [35]: 

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(𝑡 − 1) + 𝐼 𝛥𝑡
𝑄capacity

(4)

𝑦 = 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑆𝑂𝐶) (5)

where 𝑆𝑂𝐶 (𝑡) and 𝑆𝑂𝐶 (𝑡 − 1) are SOC at present time step 𝑡 and 
previous time step 𝑡 − 1, respectively, 𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 is the cell nominal 
capacity. Finally, 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑆𝑂𝐶) is the pre-processed 1D look-up 
table that returns the DQV value (i.e., computed output 𝑦) as a function 
of 𝑆𝑂𝐶, as shown in Fig.  6.2 The model-based SOC observer built on 
Eqs. (4)–(5) is given by: 

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(𝑡 − 1) + 𝐼 𝛥𝑡
𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦

+ 𝐺(𝑦 − 𝑦) (6)

2 The Matlab 𝑖𝑛𝑡𝑒𝑟𝑝1 function interpolates between two neighboring data 
points to estimate the value 𝑦 at a specific SOC query point in the 1-D map 
𝐷𝑄𝑉 (𝑆𝑂𝐶).
𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒

5 
𝑦 = 𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑆𝑂𝐶) (7)

where 𝐺 is the observer gain, and the 𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒 is the DQV built 
upon current pulses given to the battery at unknown (to be estimated) 
SOC values. The observer gain, 𝐺 is designed using an UKF. The UKF 
structure offers robustness to modeling uncertainties and input noise, 
making it suitable for real-time on-board implementation [19]. The 
detailed UKF calculation is presented in Table  4 (Appendix).

In this study, complete DQV curves, 𝐷𝑄𝑉 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒 are collected at 
various C-rates (i.e., ±1/30C, ±0.2C, ±0.5C, ±1C, and ±2C), and stored 
as DQV-SOC look-up tables. The new observer scheme proposed here 
circumvents the challenges in observer design for LFP, where the flat 
OCV curve leads to poor observability, making SOC estimation via OCV 
inversion unreliable [22]. In contrast, by leveraging the DQV curve, 
SOC can be uniquely determined due to the presence of distinct valleys 
and peaks, enhancing observability. During a pulse of length N samples 
(1 Hz in this study), the UKF performs 𝑁 sequential measurement 
updates with Steps 9–12 in Table  4. Because these updates span the 
entire pulse window, the estimator effectively matches the shape of 
the measured pulse DQV segment to the reference complete DQV curve 
in the lookup table, rather than relying on any single instantaneous 
value. This segment-wise approach enables the estimator to resolve 
SOC values even in regions where the overall DQV–SOC relationship 
is locally non-monotonic.For more detailed information on the UKF 
calculation process, please refer to [36,37].

3.4. Experimental pulse data filtering and DQV calculation

The pulse discharge and charge voltage are the basis for the calcula-
tion of 𝐷𝑄𝑉𝑝𝑢𝑙𝑠𝑒. The raw experimental data contains noise that must be 
filtered to obtain a smooth DQV curve. The lower the current rate, the 
lower the signal-to-noise ratio (SNR). Fig.  9a shows the noisy voltage 
data from a 1/30C discharge over 1800 s (pulse 𝑒), sampled at 1 Hz. 
The noisy data makes it challenging to extract useful features from the 
DQV curve.

Moving-average filtering is a widely-used method for smoothing 
signals [38]. The moving average filter is calculated as [38]: 

𝐹 (𝑟) = 1
𝑀

𝑀−1
∑

𝐽=0
𝑥𝑠(𝑟 + 𝐽 ) (8)

where 𝑥𝑠 is the input signal, 𝐹  is the filtered output signal, and 𝑀 is 
the smoothing window size. In this paper, we use a Gaussian-weighted 
average filter for comparison.3

Fig.  9a presents the raw voltage and current data of a 1/30C 
discharge pulse (pulse 𝑒 in Fig.  4a). The window size of the averaging 
filter serves as a crucial tuning parameter in achieving a smooth signal. 
Fig.  9b compares Gaussian-weighted filters with window sizes of 1 
and 10, demonstrating that larger window sizes result in progressively 
smoother voltage curves.

Although the filtered voltage curves retain the general shape of the 
raw data, significant noise remains, making them unsuitable for further 
DQV calculations. Fig.  9c illustrates that the DQV curves obtained from 
the moving-average filter with window sizes of 1 and 10 are distorted, 
obscuring critical features such as peak positions, making it challenging 
to extract meaningful insights. Hence, increasing the window size (>10) 
is conductive to larger errors.

To address this issue, we propose a mathematical model to fit the 
voltage behavior (𝑉𝑡) when discharge/charge pulse currents are ap-
plied. The model uses two exponential terms, as shown in the following 
equation: 
𝑉𝑡 = 𝑝1𝑒

𝑝2𝑡 + 𝑝3𝑒
𝑝4𝑡 + 𝑉0 (9)

3 In Matlab, the Gaussian-weighted average filter is implemented using the 
𝑠𝑚𝑜𝑜𝑡ℎ𝑑𝑎𝑡𝑎 function.
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Fig. 4. Experimental current and voltage data for charge and discharge pulse tests at rates of 1/30C and 0.2C. (a) 1/30C charge pulses; (b) 1/30C discharge 
pulses; (c) 0.2C charge pulses; (d) 0.2C discharge pulses (25 ◦C).

Fig. 5. Experimental current and voltage data for charge and discharge pulse tests at different C-rates: (a) 0.5C charge pulse; (b) 0.5C discharge pulse; (c) 1C 
charge pulse; (d) 1C discharge pulse; (e) 2C charge pulse; (f) 2C discharge pulse. (25 ◦C).
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Fig. 6. Calculation of complete DQV curve using 0.5C discharge current: (a) 
0.5C discharge current, voltage and SOC vs. time; (b) 0.5C discharge complete 
𝐷𝑄𝑉  vs. time: raw data and filtered data. (c) complete 𝐷𝑄𝑉  vs. SOC with 
filtered data, which we refer to as 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑆𝑂𝐶).

where 𝑝1, 𝑝2, 𝑝3, and 𝑝4 are parameters obtained through curve fitting, 
𝑡 is time and 𝑉0 is the initial voltage value when the pulse current 
is applied. The curve fitting process minimizes the error between the 
simulated voltage (using Eq. (9)) and the experimental voltage 𝑉𝑒𝑥𝑝 : 

𝑚𝑖𝑛𝑖𝑚𝑖𝑧𝑒
𝑁
∑

𝑡=1

(

𝑉𝑒𝑥𝑝 [𝑡] − 𝑉𝑡 [𝑡]
)2 ∕𝑁 (10)

where 𝑁 is the number of data points.4
As depicted in Fig.  9b, the voltage obtained through the exponential 

fitting with the 1/30C discharge current exhibits smoother behavior 
compared to the moving average filtered data . The RMSE of the filtered 
voltage is 0.185 mV. Finally, the resulting DQV curve obtained using 
the exponential fitting voltage is shown in Fig.  9c. In this paper, the ex-
ponential fitting method is used for processing raw voltage data before 
DQV calculations with pulse currents. Unlike the moving average filter, 
the exponential filter eliminates the need for window size adjustments. 
This method effectively reduces noise and distortion in the voltage 
signal, producing accurate and reliable DQV curves that are suitable for 
state estimation purposes. Fig.  10 compares the DQV curves obtained 
from the pulse charge/discharge data (±1/30C, ±0.2C, ±0.5C, ±1C, and 
±2C) shown in Figs.  4–5. The current pulses with the same C-rate are 
denoted by 𝑎−𝑘 corresponding to SOC from low to high. The initial and 
final SOC for each pulse at different C-rates are summarized in Tables 

4 The fitting process is calculated with the 𝑓𝑖𝑡 function in Matlab.
7 
Fig. 7. Calculation of pulse DQV curves using 2C discharge current pulses: 
(a) 2C discharge current pulses and corresponding voltage and SOC profiles; 
(b) Pulse 𝐷𝑄𝑉  at 2C discharge. (c) 𝐷𝑄𝑉  calculated over current pulses as a 
function of SOC.

2–3. For comparison, the complete DQV curves with constant currents 
(±1/30C, ±0.2C, ±0.5C, ±1C, and ±2C) are also plotted in Fig.  10.

In Fig.  10a, the DQV curves of 1/30C pulse currents for 1800 s 
are difficult to align with the complete 1/30C DQV curve, indicating 
that the duration of pulse current with 1/30C should be extended. 
As the C-rate increases to 0.2C (1800 s), more DQV crossings are 
found in Fig.  10b. A similar trend can be seen in Fig.  10c with 0.5C 
(720 s). However, when applying 1C (360 s) and 2C (180 s) pulses, 
the pulse DQV curves with pulse currents deviate from the complete 
DQV curves, as depicted in Fig.  10d and Fig.  10e, respectively. This 
deviation is likely caused by transient polarization effects dominating 
the voltage response immediately after the pulse current is applied, 
especially following a long rest period. In contrast, the complete DQV 
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Fig. 8. DQV-based SOC estimation using UKF. This process includes initializa-
tion, prediction, and correction steps, as well as sigma point selection (where 
𝑠𝑖 is the order of sigma points), error covariance projection, and Kalman gain 
update. The detailed UKF implementation process is described in Table  4.

curves are obtained under quasi-steady-state conditions with stabilized 
polarization, leading to higher DQV values.

4. SOC estimation results and discussion

For illustration, SOC estimation is demonstrated using 0.5C dis-
charge pulses. The corresponding current profiles serve as inputs to the 
estimator. Raw voltage data are smoothed via exponential fitting, and 
the resulting DQV curves are used in the UKF. The initial SOC is offset 
by 0.1, and convergence is defined as the estimation error falling within 
±0.02.

Five 0.5C discharge pulses, arranged from low to high SOC ranges, 
are labeled as a, b, c, d, and e, respectively, as shown in Fig.  11a. The 
exact SOC ranges for these current pulses (𝑎-𝑒) are listed in Table  3. 
As shown in Fig.  11a, each pulse DQV corresponds to a specific SOC 
range. Within this SOC range, the pulse DQV represents a segment of 
the complete DQV curve, which is denoted as Sa, Sb, Sc, Sd, and Se for 
pulses 𝑎, 𝑏, 𝑐, 𝑑, and 𝑒, respectively. These corresponding segments are 
illustrated in Fig.  11a. 

In certain SOC regions, the pulse-DQV segment overlaps with the 
corresponding portion of the complete DQV curve and is locally mono-
tonic, which greatly supports the UKF correction step. By leveraging 
this overlap, the segment-wise approach enables the estimator to de-
termine SOC accurately even when the overall DQV–SOC relationship 
is locally non-monotonic. In practice, the SOC estimation error is 
corrected by the UKF based on the discrepancy between the estimated 
output ̂𝑦 and measured output 𝑦. Consequently, the effectiveness of the 
correction step depends strongly on the degree of alignment between 
the measured pulse-DQV segment and the corresponding section of the 
complete DQV profile.

Specifically, the overlap between Sa–Se in the complete DQV and 
the pulse 𝑎–𝑒 DQV directly influences the estimation accuracy. In 
Fig.  11a, the DQV of pulse 𝑎 closely aligns with Sa in the complete 
DQV, with the overlapping region highlighted in gray. Pulse 𝑏 partially 
overlaps with segment Sb of the complete DQV, though less than pulse 
𝑎. Similarly, pulse 𝑐 exhibits some alignment but the overlap is smaller 
compared to 𝑎 and 𝑏. In contrast, pulses 𝑑 and 𝑒 show no overlap with 
8 
Fig. 9. (a) Raw voltage and current profiles of a −1/30 pulse (pulse 𝑒 in Fig. 
4a, the SOC range of this pulse is [0.83, 0.85]); (b) filtered voltage curves 
using different window sizes for the moving-average filter, along with the 
exponential filtered voltage; (c) filtered DQV curves for different window sizes 
of the moving-average filter and the exponential filtered DQV.

the complete DQV, with pulse 𝑒 being the farthest. This is mainly due to 
the higher absolute DQV values in that SOC range, making it difficult 
for short pulses to align unless their duration is extended. Based on 
the degree of alignment, SOC estimation is most accurate with pulse 𝑎, 
followed by 𝑏 and 𝑐, while 𝑑 and 𝑒 yield the least accurate results. This 
confirms that the estimator exploits pulse-level information instead of 
a single DQV sample, which is crucial in non-monotonic regions.

The SOC root mean square error (RMSE) is defined as: 

𝑆𝑂𝐶𝑅𝑀𝑆𝐸 =

√

√

√

√
1
𝑁

𝑁
∑

𝑡=1

(

𝑆𝑂𝐶(𝑡) − 𝑆𝑂𝐶𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒(𝑡)
)2

(11)

where 𝑆𝑂𝐶𝑅𝑀𝑆𝐸 ∈ [0, 1], 𝑁 is the number of SOC estimation (𝑆𝑂𝐶) 
points, 𝑆𝑂𝐶𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 is the reference SOC from Coulomb counting.

The SOC estimation errors for the 0.5C discharge pulse profiles (𝑎–𝑒) 
are shown in Fig.  11b. For pulse 𝑎, the SOC estimation error decreases 
to 0.01 within 180 s. For pulse 𝑏, the SOC estimation error is reduced 
to 0.01 after 540 s. Similarly, for pulse 𝑐, the SOC estimation converges 
successfully after 493 s. However, for pulses 𝑑 and 𝑒, SOC estimations 
fail to converge due to minimal or no overlap with the complete DQV 
curve at 0.5C. The SOC root mean square errors (RMSEs) for pulses 𝑎-𝑒
are 0.0256, 0.079, 0.1246, 0.1738, and 0.1960, respectively. Notably, 
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Fig. 10. Obtained pulse DQV with filtered pulse current data compared with complete DQV curves at ±1/30C (a), ±0.2C (b), ±0.5C (c), ±1C (d), ±2C (e).
pulse 𝑎 exhibits the lowest RMSEs for SOC estimation, followed by 
pulses 𝑏 through 𝑒. We now analyze SOC estimation performance using 
current pulses at different C-rates (1/30C, 0.2C, 0.5C, 1C, and 2C). 
Fig.  12 illustrates the SOC RMSE after convergence for each C-rate, 
with subfigures (a) through (e) corresponding to 1/30C through 2C, 
respectively. Fig.  12a (1/30C) shows that only three pulses yield 
convergent SOC estimation in the SOC range of 0.3–0.7. The low 
current 3600 s pulse allows full voltage settling, yielding pulse DQV 
curves that align well with the reference. However, SOC estimation fails 
to converge at low and high SOC, likely due to weak excitation or low 
signal-to-noise ratio. Fig.  12b (0.2C) reveals reduced RMSE in the low 
SOC region (0–0.3) compared to 1/30C. Nevertheless, estimation fails 
in the mid-SOC region (0.4–0.5). Fig.  12c (0.5C) exhibits additional 
convergence failures in the mid-to-high SOC range (0.5–0.7). As the 
C-rate increases, voltage responses become more distorted due to po-
larization and resistive effects, making the extracted pulse DQV less 
representative of the complete DQV. In these SOC regions, where the 
OCV curve is also relatively flat, dynamic distortion further impairs the 
observability of the state, challenging the estimator’s correction step. In 
Fig.  12d and e for the 1C and 2C case, estimation performance degrades 
significantly in the 0.4–1.0 SOC range. At higher C-rates, transient po-
larization effects induce larger instantaneous voltage changes, resulting 
in lower pulse DQV and reduced alignment with the complete DQV, 
leading to SOC estimator failure. Although higher C-rates improve the 
SNR, they can distort the pulse DQV, causing it to deviate from the 
complete DQV and reducing the effectiveness of the UKF’s correction 
step. In conclusion, moderate pulse currents (e.g., 0.2C to 0.5C) offer 
the best trade-off: large enough to generate pulse DQV while avoiding 
significant distortion or misalignment. The SOC estimation framework 
thus performs most reliably when pulse amplitudes are sufficiently 
informative yet remain consistent with the reference DQV model. For 
practical deployment, a C-rate-adaptive pulse strategy may be required 
to ensure robust SOC estimation across all regions.
9 
4.1. Filter selection on SOC estimation

To further investigate the impact of filter selection on DQV-based 
SOC estimation, we applied the same 1C discharge pulse for 360 s (as 
described in Section 2) as input to the SOC estimator, with different 
filters applied to the pulse signal. Specifically, we compared the expo-
nential filter and the moving-average filter with window sizes of 10 and 
100. A detailed description of these filters is provided in Section 3.2 and 
Fig.  9. 

Fig.  13 presents the SOC estimation results and errors obtained 
using different filters applied to the DQV-based pulse input. The expo-
nential filter (red) and moving-average filters with window sizes of 10 
(cyan) and 100 (black) are compared to evaluate their impact on SOC 
estimation accuracy. In Fig.  13a, the SOC estimation results indicate 
that while all filters generally follow the reference SOC (magenta), the 
moving-average filter with a large window size (100) and exponential 
filter smooth fluctuations. Fig.  13b further quantifies SOC estimation 
errors, showing that while the exponential filter and larger window 
size (100) moving-average filter can maintain lower errors, the smaller 
window size (10) results in a more pronounced deviation.

In summary, we evaluated both Gaussian-weighted moving-average 
filters (with various window sizes) and an exponential filter for smooth-
ing pulse voltage measurements. The results highlight the advantage 
of the exponential filter in maintaining accuracy while effectively 
reducing noise and fluctuations, making it a superior choice for SOC 
estimation compared to moving-average filters with small window 
sizes. Therefore, exponential fitting was adopted as the default filtering 
method throughout this study. This smoothing approach is robust to 
high-frequency noise and produces smooth, physically plausible voltage 
profiles from which DQV is derived. Regarding the voltage measure-
ment accuracy, voltage resolution of 1 mV or better is recommended 
and current measurement should have consistent time resolution and 
minimal drift.
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Fig. 11. (a) Comparison between DQV curves derived from 0.5C discharge 
pulses (a–e) and the complete 0.5C discharge DQV curve. The gray regions 
highlight the overlap between pulse-derived and reference DQV segments, 
which strongly influence estimation accuracy. The 0.5C C-rate is selected 
as it offers a favorable trade-off between SNR and polarization distortion: 
higher than 0.2C for better SNR, yet moderate enough to avoid the significant 
transient effects seen at 1C or 2C. (b) SOC estimation errors corresponding to 
panel (a).

4.2. The impact of temperature on DQV vs. SOC

Fig.  14 compares the DQV profiles of 0.5C discharge at two different 
temperatures, 25 ◦C (red curve) and 45 ◦C (blue curve), as a function 
of SOC. The DQV profiles exhibit notable differences influenced by 
temperature, particularly in the intermediate SOC range. At 45 ◦C, 
the DQV curve shows sharper peaks and steeper gradients in the SOC 
range of approximately 0.4–0.8. These pronounced features result from 
improved reaction kinetics and lower internal resistance at elevated 
temperatures, which enhance the battery’s ability to transfer charge 
during discharge. The sharper transitions in the DQV curve at 45 ◦C 
indicate more significant voltage changes for the same charge trans-
fer, highlighting the impact of temperature on the battery’s voltage 
response. Conversely, at 25 ◦C, the DQV curve displays smoother 
transitions and lower peak values in the same SOC range. This behavior 
reflects slower reaction kinetics and higher polarization effects at lower 
temperatures, which dampen the changes in the DQV profile. This 
finding demonstrates how temperature significantly affects the DQV 
vs. SOC relationship, particularly in the mid-SOC range, underscor-
ing the importance of accounting for temperature in SOC estimation 
algorithms.

4.3. Comparison with Voltage-SOC curve based method

We selected pulse b from the 2C discharge experiment as a repre-
sentative case and applied both methods under identical conditions. 
For the Voltage–SOC curve method, a full discharge was performed at 
10 
2C (the same C-rate as the tested pulse). The true SOC was calculated 
by integrating current over time using Coulomb counting, while ter-
minal voltage was recorded continuously. This produced a monotonic 
Voltage–SOC profile, which was stored as a lookup table for inverse 
interpolation. During the 2C pulse test, the filtered voltage curve was 
mapped to SOC using linear interpolation on the inverse Voltage–SOC 
curve, yielding a single-point SOC estimate. For the DQV-based method, 
the same filtered voltage signal during the pulse was used to compute 
the DQV segment, and the SOC was estimated as illustrated in Fig. 
8. As shown in Fig.  15a, the DQV-based method tracks the true SOC 
more accurately and converges faster than the Voltage–SOC approach. 
The Voltage–SOC estimate shows an offset and lags behind the true 
SOC. Fig.  15b quantifies the error over time, demonstrating that the 
DQV-based method maintains lower estimation errors throughout the 
pulse window, whereas the Voltage–SOC method yields larger errors. 
These results confirm the advantages of the DQV-UKF approach in both 
accuracy and convergence. 

4.4. Limitations and mitigation strategies

As shown in the results (e.g., Fig.  12d–e), convergence failures of 
the proposed DQV-based SOC estimation framework predominantly 
occur for high C-rates (e.g., 1C and 2C) at mid-to-high SOC ranges 
(e.g., 0.5–0.9). First, at high C-rates, the voltage response exhibits 
significant resistive and capacitive transients, leading to dynamic po-
larization effects. These distortions affect the extracted pulse DQV 
segments, making them differ from the steady-state reference DQV 
curves. This can reduce the reliability of the UKF’s innovation term, 
lowering estimation accuracy and sometimes causing divergence. Sec-
ond, in the 0.5–0.9 SOC range, convergence issues mainly stem from 
insufficient overlap between the pulse-derived DQV segment and the 
corresponding section of the complete DQV reference curve. This hap-
pens because the short pulse does not cause enough SOC change or 
voltage variation to capture the key features of the full DQV curve in 
this region. As a result, the innovation term calculated by the UKF be-
comes less informative or even misleading, especially when combined 
with distortions from high C-rate pulses. These findings highlight a key 
trade-off in pulse design: higher C-rates improve signal-to-noise ratio 
and speed up SOC changes but can introduce polarization effects that 
distort the DQV shape. Conversely, lower C-rates reduce polarization 
distortion but may generate DQV segments that are too narrow or flat 
to align well with the reference. Managing this balance carefully is 
essential for maintaining reliable SOC estimation across the entire SOC 
range. 

To address these limitations and improve estimation performance, 
we propose strategies focused on pulse design, algorithm robustness, 
and reference modeling. Optimizing pulse design involves adjusting 
pulse duration and C-rate to better approximate quasi-steady-state 
conditions, such as using longer pulses in the 0.5–0.9 SOC range 
and incorporating short pre-pulse rest intervals at high C-rates to 
reduce transient effects. Applying pseudo-continuous sequences of short 
pulses with minimal rest would help balance polarization reduction and 
temporal resolution. On the algorithmic side, integrating polarization 
relaxation models and advanced filtering techniques like exponential 
fitting could help correct transient voltage deviations, enhancing the 
UKF’s robustness. Additionally, adapting the UKF’s measurement noise 
covariance based on C-rate and SOC region could improve estimation. 
Finally, in SOC regions where pulse-derived DQV segments are less 
reliable, a hybrid estimation approach can temporarily rely on Coulomb 
counting or voltage-model predictions, switching back to DQV-based 
corrections when sufficient pulse information is available.  Together, 
these strategies aim to enhance convergence and broaden the appli-
cability of the DQV-UKF framework across a range of C-rates and 
real-world deployment conditions.
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Fig. 12. SOC estimation RMSEs after convergence under different pulses: 1/30C (a), 0.2C (b), 0.5C (c), 1C (d), and 2C (e). Each subplot includes only the pulses 
that result in convergent SOC estimation. Labels a, b, c, etc., correspond to individual pulses. Red bars represent discharge pulses, while blue bars indicate charge 
pulses. The 𝑥-axis position of each bar reflects the initial SOC at which the corresponding pulse was applied.
4.5. Comparative advantages and real-world applicability

Compared with data-driven approaches, physics-based models (e.g.,
P2D, SPM), ECM, and hybrid model-fusion techniques, the proposed 
DQV-based SOC estimation framework offers a practical balance of 
ease of deployment, low calibration effort, and low computational 
requirements, making it especially well suited for LFP batteries. The 
practical advantages of the proposed DQV-based SOC estimation frame-
work are as follows. First, it enhances SOC observability in LFP cells 
by transforming the typically flat voltage–SOC relationship into a SOC-
sensitive DQV curve. This transformation allows the model-based SOC 
estimation problem to be reformulated using the calculated output 
(DQV) instead of the measured output (OCV), improving estimation 
accuracy—especially in mid-SOC regions where traditional OCV- or 
ECM-based estimators often struggle due to limited voltage resolu-
tion. Unlike physics-based models that require detailed electrochemical 
parameters or deep learning methods that depend on large labeled 
datasets, this approach relies on experimentally obtained DQV–SOC 
lookup tables. The core estimator is a lightweight one-dimensional UKF 
that uses only three sigma points and simple scalar operations. Since 
estimation is triggered intermittently — such as by a current pulse — 
rather than continuously, the average computational load remains low. 
This makes the method well suited for implementation on BMSs with 
limited processing power and memory resources.
11 
Although this work is partly motivated by the growing use of LFP 
batteries in EVs, the framework is not limited to automotive applica-
tions. It is also well suited for stationary grid-connected battery sys-
tems. In these grid applications, short diagnostic pulses can be applied 
opportunistically—during periods of low demand or maintenance—to 
trigger a DQV-based correction. This approach periodically calibrates 
the SOC estimate, compensating for drift in Coulomb counting or 
ECM-based methods without the need for continuous monitoring.

For reference, a standard UKF implementation with a second-order 
ECM for SOC estimation typically estimates three states (SOC and two 
RC-pair voltages), requiring the propagation of 2*3+1 = 7 sigma points 
per iteration and repeated evaluation of the ECM equations [8]. In 
contrast, our proposed framework estimates only a single state (SOC), 
reducing the UKF to 2*1+1 = 3 sigma points per iteration. The model 
output is obtained directly from a preloaded one-dimensional DQV–
SOC lookup table via interpolation, without solving differential equa-
tions or computing ECM parameters. Therefore, it can be reasonably 
inferred that this streamlined state dimension and simple measurement 
model significantly reduce the number of arithmetic operations, mem-
ory usage, and code complexity, making the method highly suitable 
for deployment on embedded BMS hardware with limited processing 
resources. 

In summary, the proposed method is broadly applicable to both 
stationary and mobile battery systems, offering a practical, accurate, 
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Fig. 13. Pulse 𝑏 at 1C discharge with the SOC range of [0.13, 0.22] is selected 
as input for this SOC estimation. SOC estimation results (a) and errors (b) with 
different filters (Exponential filter (red), Moving-average filter with window 
size = 10 (cyan), and Moving-average filter with window size = 100 (black)). 
The referenced SOC is calculated with Coulomb counting (magenta).

Fig. 14. DQV curves with 0.5C discharge at 25 ◦C and 45 ◦C. 

and low-cost solution for SOC estimation with low computational, 
calibration, and maintenance requirements—especially where conven-
tional techniques are limited by voltage flatness, model complexity, or 
system constraints.

5. Conclusion

This study introduces a novel DQV-based SOC estimation framework 
for LFP batteries, addressing the fundamental challenge of poor SOC 
observability caused by the flat OCV–SOC relationship. By recognizing 
the univocal mapping between SOC and DQV, we construct a model-
based observer in which DQV curves — generated from short-duration 
current pulses — serve as the output measurement within a state-
space estimation framework. Voltage responses are preprocessed using 
exponential fitting to suppress noise and transient artifacts, enabling 
12 
Fig. 15. Comparison of SOC estimation between OCV–SOC and DQV–SOC 
methods. Pulse b from the 2C discharge experiment, within the SOC range 
[0.13, 0.23], is selected as the input for comparison. Panel (a) shows the 
SOC estimates using the Voltage–SOC curve method (blue) and the DQV-
based method (red), with the reference SOC obtained via Coulomb counting 
(magenta). Panel (b) shows the corresponding estimation errors for both 
methods.

the extraction of smooth pulse-DQV features that are processed through 
a UKF.

Key Findings: Experimental results show that C-rate pulses between 
0.2C and 0.5C achieve an optimal balance between signal strength 
and polarization distortion, resulting in SOC estimation RMSEs below 
0.08 with convergence times ranging from 180 to 540 s. For example, 
under a 0.5C pulse, the method achieves an RMSE of 0.0256. This ap-
proach avoids complex battery modeling and is well suited for real-time 
deployment on resource-constrained BMS platforms.

Limitations: Convergence failures were observed at high C-rates 
(1C and 2C) and in mid-to-high SOC regions (e.g., 0.5–0.9), primarily 
due to transient polarization effects and pulse-complete DQV mis-
alignment. Furthermore, DQV profiles are sensitive to temperature 
variations particularly in regions where the voltage plateau dominates.

Future work will focus on enhancing the robustness, generaliz-
ability, and deployability of the proposed framework. This includes: 
(1) developing temperature-adaptive and aging-aware DQV reference 
tables; (2) exploring C-rate and SOC-region adaptive pulse design and 
pseudo-continuous excitation schemes to ensure reliable DQV curve 
matching and improve SOC estimation accuracy under dynamic op-
erating conditions; (3) implementing advanced signal modeling tech-
niques to correct for polarization transients; (4) conducting statistical 
assessments of DQV repeatability across multiple cells with varying 
geometries, chemistries, and cycle life stages to support scalable refer-
ence generation. We also plan to evaluate the real-time performance 
of the algorithm via hardware-in-the-loop testing and optimize its 
implementation on embedded BMS hardware, including low-power 
automotive-grade processors. 
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Table 4
UKF calculation process.
 Step Description  
 1 Input: 𝑆𝑂𝐶(0|0), 𝑃 (0|0), 𝑄𝑝𝑛𝑐,1×1, 𝑅𝑚𝑛𝑐,1×1  
 2 Output: 𝑆𝑂𝐶(𝑡 + 1|𝑡 + 1), 𝑃 (𝑡 + 1|𝑡 + 1)  
 3 Require: Initialization of state and error covariance matrix.  
 4 State estimate at time step 0: where 𝑆𝑂𝐶(0|0) represents the initial estimated states. The state estimation error covariance matrix at time step 0 is 𝑃 (0|0). 𝑄𝑝𝑛𝑐 is 

the process noise covariance and 𝑅𝑚𝑛𝑐 is the measurement noise covariance.
 

 5 For each time step 𝑡 = 1, 2,… , do  
 6 Choose the sigma points 𝑋𝑠𝑖(𝑡|𝑡):

𝑋𝑠𝑖(𝑡|𝑡) =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝑆𝑂𝐶(𝑡 + 1|𝑡), 𝑠𝑖 = 1

𝑆𝑂𝐶(𝑡 + 1|𝑡) +
(
√

(1 + 𝜆)𝑃 (𝑡|𝑡)
)

, 𝑠𝑖 = 2

𝑆𝑂𝐶(𝑡 + 1|𝑡) −
(
√

(1 + 𝜆)𝑃 (𝑡|𝑡)
)

, 𝑠𝑖 = 3

where 𝑠𝑖 is the order of sigma points. Normally, the UKF utilizes the 2𝐿 + 1 sigma points, where 𝐿 is the number of estimated states. In this paper, 𝐿 = 1, so we 
have three sigma points and the length of 𝑋(𝑡 |𝑡 ) is 3. 𝑠𝑖 = 1 indicates the first sigma point, 𝑠𝑖 = 2 indicates the second sigma point, and 𝑠𝑖 = 3 indicates the third 
sigma point, 𝑃 (𝑡 |𝑡 ) is the posteriori state estimation error covariance matrix for the previous time interval. 𝑆𝑂𝐶 (𝑡 + 1 |𝑡 ) is the posteriori state estimation for the 
previous time interval. 𝜆 is a constant that describes the distance between the sigma point and the mean point. The mean weight 𝑊 (𝑠𝑖)

𝑚  and variance weight 𝑊 (𝑠𝑖)
𝑐

are defined as:
𝑊 (𝑠𝑖)

𝑚 =

{ 𝜆
1+𝜆

, 𝑠𝑖 = 1
1

2(1+𝜆)
, 𝑠𝑖 ≠ 1

𝑊 (𝑠𝑖)
𝑐 =

{ 𝜆
1+𝜆

+ (1 − 𝛼2 + 𝛽), 𝑠𝑖 = 1
1

2(1+𝜆)
, 𝑠𝑖 ≠ 1

where 𝜆 = 𝛼2(1 + 𝜅) − 1, and 𝛼 ∈ [0, 1]. In a normal distribution, 𝛽 = 2 and 𝜅 = 0.

 

 7 Priori state estimation:
𝑋𝑠𝑖 (𝑡 + 1 |𝑡 ) = 𝑋𝑠𝑖 (𝑡 |𝑡 ) + 𝐼 ∗ 𝛥𝑡∕𝑄𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦

𝑆𝑂𝐶(𝑡 + 1|𝑡) =
3
∑

𝑠𝑖=1
𝑊 (𝑠𝑖)

𝑚 𝑋𝑠𝑖(𝑡 + 1|𝑡)

 

 8 Project the error covariance ahead:
𝑃 (𝑡 + 1|𝑡) =

3
∑

𝑠𝑖=1
𝑊 (𝑠𝑖)

𝑚

(

𝑋𝑠𝑖(𝑡 + 1|𝑡) − 𝑆𝑂𝐶(𝑡 + 1|𝑡)
)

⋅

(

𝑋𝑠𝑖(𝑡 + 1|𝑡) − 𝑆𝑂𝐶(𝑡 + 1|𝑡)
)𝑇

+𝑄𝑝𝑛𝑐

where 𝑄 is the covariance of the process noise.

 

 9 Estimate the output 𝐷𝑄𝑉 :

𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑆𝑂𝐶 (𝑡 + 1 |𝑡 )) =
3
∑

𝑠𝑖=1
𝑊 (𝑠𝑖)

𝑚 𝐷𝑄𝑉 𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑋𝑠𝑖 (𝑡 + 1 |𝑡 ))

 

 10 Estimate the covariance of the measurement 𝑃𝑦 and the covariance between the measurement and the state 𝑃𝑥𝑦:

𝑃𝑦 =
3
∑

𝑠𝑖=1
𝑊 (𝑠𝑖)

𝑐

(

𝑊 (𝑠𝑖)
𝑚 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑋𝑠𝑖(𝑡 + 1|𝑡)) −𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑆𝑂𝐶 (𝑡 + 1 |𝑡 ))

)

⋅

(

𝑊 (𝑠𝑖)
𝑚 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑋𝑠𝑖(𝑡 + 1|𝑡)) −𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑆𝑂𝐶 (𝑡 + 1 |𝑡 ))

)𝑇 + 𝑅𝑚𝑛𝑐

𝑃𝑥𝑦 =
3
∑

𝑠𝑖=1
𝑊 (𝑠𝑖)

𝑐

(

𝑋𝑠𝑖(𝑡 + 1|𝑡) − 𝑆𝑂𝐶(𝑡 + 1|𝑡)
)

⋅
(

𝑊 (𝑠𝑖)
𝑚 𝐷𝑄𝑉𝑐𝑜𝑚𝑝𝑙𝑒𝑡𝑒(𝑋𝑠𝑖(𝑡 + 1|𝑡)) −𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑆𝑂𝐶 (𝑡 + 1 |𝑡 ))

)𝑇

 

 11 Compute the Kalman filter gain:
𝐾(𝑡 + 1) = 𝑃𝑥𝑦𝑃 −1

𝑦

 

 12 Update the state estimate using the measurement model prediction error: 
𝑆𝑂𝐶 (𝑡 + 1 |𝑡 + 1 ) = 𝑆𝑂𝐶 (𝑡 + 1 |𝑡 ) +𝐾 (𝑡 + 1)

(

𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑡 + 1) −𝐷𝑄𝑉 𝑝𝑢𝑙𝑠𝑒(𝑆𝑂𝐶 (𝑡 + 1 |𝑡 ))
)

 

 13 Update the covariance of the state variables:
𝑃 (𝑡 + 1|𝑡 + 1) = 𝑃 (𝑡 + 1|𝑡) −𝐾(𝑡 + 1)𝑃𝑦𝐾𝑇 (𝑡 + 1)

 

 14 End for  
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