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Abstract –This study implements an Adaptive 

Extended Kalman Filter (AEKF) for real-time state of 

charge (SoC) estimation to support charge–discharge 

regulation in a LiFePO₄ battery system integrated with 

photovoltaic (PV) generation. Due to the variability of 

PV output, accurate and stable SoC estimation is 

essential for ensuring reliable battery operation. A first-

order equivalent circuit model (1RC ECM) is employed 

to represent battery dynamics based on measured 

current and terminal voltage. The proposed AEKF 

algorithm is implemented on a Raspberry Pi 5 to enable 

real-time computation, and the estimated SoC is directly 

used as the control variable in a dual-relay switching 

mechanism to regulate charging and discharging 

processes. Experimental results show that the proposed 

method achieves a Mean Absolute Error (MAE) of 

1.24% and a Root Mean Square Error (RMSE) of 1.58%, 

which are both below the 5% target specified in the 

system design. The system successfully maintains the 

battery within a safe SoC range of 57.5% to 85.2%, while 

ensuring stable relay operation without chattering under 

dynamic load and charging conditions. These results 

demonstrate that the proposed AEKF-based approach 

provides accurate, stable, and practical SoC estimation, 

making it suitable for real-time battery management in 

small-scale energy storage applications. 

 

Keywords: Adaptive Extended Kalman Filter; State of 

Charge estimation; LiFePO4 battery, Equivalent circuit 

model dan Relay switching control. 
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I. INTRODUCTION 

The adoption of renewable energy, particularly 

solar photovoltaic (PV) generation, has grown steadily 

as it offers a practical route to reducing reliance on 

fossil-based sources. However, the stochastic nature of 

PV output, driven by weather variability, necessitates 

reliable energy storage systems to buffer the mismatch 

between generation and load demand. In these 

systems, a Battery Management System (BMS) is vital 

for ensuring operational safety and longevity. A core 

function of the BMS is the accurate estimation of the 

State of Charge (SoC), which represents the remaining 

available energy. Inaccurate SoC estimation can lead 

to suboptimal control decisions, pushing batteries 

toward accelerated degradation through overcharge or 

deep discharge [1]. 

Although SoC cannot be measured directly, it can 

be estimated using several methods. Conventional 

approaches such as Coulomb Counting (CC) and 

Open-Circuit Voltage (OCV) mapping are widely 

used due to their simplicity. However, these methods 

suffer from cumulative integration errors and require 

long relaxation periods for accurate voltage 

measurement [2], [3]. To overcome these limitations, 

model-based approaches using the Equivalent Circuit 

Model (ECM) have been widely adopted due to their 

balance between computational efficiency and 

accuracy [4]. Among these approaches, the Extended 

Kalman Filter (EKF) is widely used for nonlinear SoC 

estimation because it combines model predictions with 

measurement data under uncertainty [5]. However, 

EKF performance is highly dependent on the tuning of 

process noise covariance (Q) and measurement noise 

covariance (R). In real-world applications, 

mismatched Q and R values can lead to estimation 

errors or divergence [6]. To address this issue, 

Adaptive Extended Kalman Filter (AEKF) methods 
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have been proposed to update noise covariance 

dynamically and improve estimation robustness  [7]. 

In addition, machine learning and data-driven 

approaches have shown promising results for SoC 

estimation, achieving high accuracy under controlled 

conditions. However, these methods generally require 

large datasets and high computational resources, 

making them less suitable for low-cost embedded 

systems [8],[9]. Furthermore, SoC estimation becomes 

more challenging in Lithium Iron Phosphate 

(LiFePO₄) batteries due to their flat OCV–SoC 

characteristic, which increases sensitivity to 

measurement noise [2], [10], [11] 

This study proposes an AEKF-based SoC 

estimation system using a first-order ECM 

implemented on a Raspberry Pi 5. The estimator is 

integrated with a relay-based charge–discharge control 

system to maintain safe battery operation. This work 

not only improves estimation accuracy but also 

demonstrates a practical implementation of AEKF for 

real-time battery management in small-scale energy 

storage systems. 

II. METHOD 

A.  Research Stages 

This study follows a structured experimental 

workflow to implement and evaluate an Adaptive 

Extended Kalman Filter (AEKF) for SoC estimation, 

moving from theoretical modeling to real-time 

hardware execution. The chronological stages of the 

research are illustrated in Figure 1. 

 
Figure 1. Flowchart Research 

The process begins with system specification and 

design, defining the parameters of the LiFePO₄ battery 

and the requirements for the Raspberry Pi 5 computing 

unit. Following this, all sensors, including the PZEM 

series and ESP32 nodes, undergo a rigorous 

calibration phase against high-precision digital 

multimeters to ensure that the input data for the AEKF 

specifically current (𝐼) and terminal voltage (𝑉𝑡) is 

accurate and minimizes estimation bias. A critical 

stage in this workflow is the ECM Parameter 

Identification, where the 1RC Equivalent Circuit 

Model parameters, including Ohmic resistance (𝑅𝑜), 

charge-transfer resistance (𝑅𝑡𝑐), and capacitance 

(𝐶𝑡𝑐), are determined. In this study, identification is 

performed using the Pulse Discharge Test (PDT) 

method combined with the Least Squares algorithm to 

extract the RC time constants from the battery's 

voltage response curve. Subsequently, the AEKF 

algorithm is programmed into the Raspberry Pi 5, 

incorporating logic for online covariance adaptation 

(Q and R tuning) to handle dynamic load changes. To 

evaluate performance, the estimator is tested under 

real-world profiles. In the absence of laboratory-grade 

SoC sensors, a Ground Truth reference is established 

offline using high-precision Coulomb Counting (Ah-

counting) as a benchmark to quantify accuracy via 

Mean Absolute Error (MAE) and Root Mean Square 

Error (RMSE). Finally, the validated SoC value is 

used to trigger the dual-channel relay for overcharge 

and over-discharge protection. 

B.  System Design 

The research design is structured as an applied 

experimental study on a PV–LiFePO₄ battery 

platform, where current and voltage on the charging 

and discharging paths are recorded by sensors and 

processed on a computing unit to run an AEKF based 

on a 1RC ECM. To ensure the accuracy of the model 

and the reliability of the control system, the specific 

technical characteristics of the battery used in this 

experiment are detailed in Table 1. 

Table 1.  PV–LiFePO₄ battery 
Parameter Specification 

Battery Type Lithium Iron Phosphate 
(LiFePO₄) 

Nominal Voltage 12.8 V 

Rated Capacity 100 Ah 
Energy Capacity 1280 Wh 

Charging Cut-off Voltage 14.6 V 
Discharging Cut-off Voltage 10.0 V 

Standard Discharge Current 50 A 

Maximum Discharge 
Current 

100 A 

Configuration 4S (4 Cells in Series) 

Operating Temperature -20°C to 60°C 

 

The implemented system design, as illustrated in 

Figure 2, integrates measurement, SoC estimation, and 

real-time charge–discharge control. 
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Figure 2. Design System Components 

Power from the solar module is routed to an 

MPPT controller and then to the battery charging path, 

while the voltage, current, and power are recorded 

using a PZEM-017A sensor. On the load side, the 

battery supplies DC loads monitored via a PZEM-

017C, and AC loads through a 1000W inverter with 

measurements taken by a PZEM-004T. The switching 

decisions for connecting or disconnecting the paths are 

executed by a two-channel relay based on the 

estimated SoC. All sensor data are acquired by ESP32 

nodes and transmitted to a Raspberry Pi 5 as the main 

computing unit. The use of Raspberry Pi 5 is essential 

to handle the high-frequency matrix calculations 

required by the AEKF algorithm while simultaneously 

managing relay control signals and data logging for 

performance evaluation. 

C.  AEKF Implementation for SoC Estimation 

In this study, the AEKF serves as the core 

calculation for estimating the state of charge (SoC) of 

LiFePO₄ batteries in real time, as SoC cannot be 

measured directly like voltage and current. The battery 

in this study is represented using a first-order 

equivalent circuit model (1RC ECM), which is widely 

used because it can capture the main battery dynamics 

with relatively low computational complexity [2], [4], 

[12]. SoC updates are performed based on the current 

flowing at each sampling time, resulting in: 

𝑥𝑘 =  [
𝑆𝑜𝐶𝑘

𝑉{𝑅𝐶,𝑘}
]   (1) 

where  𝑆𝑜𝐶𝑘 represents the state of charge and 

𝑉{𝑅𝐶,𝑘} represents the voltage across the RC network. 

𝑆𝑜𝐶𝑘 = 𝑆𝑜𝐶𝑘−1 −
ηΔ𝑡

𝑄𝑛
𝐼𝑘  (2) 

𝑉𝑅𝐶,𝑘 = 𝑒
−

Δ𝑡

𝑅1𝐶1𝑉𝑅𝐶,𝑘−1 + 𝑅1 (1 − 𝑒
−

Δ𝑡

𝑅1𝐶1) 𝐼𝑘   (3) 

where  𝐼𝑘  is the battery current, 𝜂 is the coulombic 

efficiency, 𝑄𝑛 is the nominal capacity, and 𝑅1 , 𝐶1 are 

the 𝑅𝐶 parameters. 

The terminal voltage of the battery is expressed as: 

𝑉𝑡 = 𝑂𝐶𝑉(𝑆𝑜𝐶𝑘) − 𝑉𝑅𝐶,𝑘 − 𝑅0𝐼𝑘         (4) 

where 𝑉𝑡  is the terminal voltage, 𝑂𝐶𝑉(𝑆𝑜𝐶𝑘) the 

open-circuit voltage as a nonlinear function of 𝑆𝑜𝐶, 

and 𝑅0 is the internal resistance. 

To estimate the nonlinear system, the Extended 

Kalman Filter (EKF) framework is applied [3], [5]. 

𝑥𝑘
−̂ = 𝐴𝑥𝑘−1̂ + 𝐵𝐼𝑘   (5) 

𝑃𝑘
− = 𝐴𝑃𝑘−1𝐴𝑇 + 𝑄𝑘    (6) 

The innovation or residual, which represents the 

difference between the measured voltage and the 

predicted voltage, is defined as [5]: 

𝑒𝑘 = 𝑦𝑘 − ℎ(𝑥𝑘
−̂)    (7) 

The Kalman gain is then computed to determine the 

weighting between the prediction and measurement: 

𝐾𝑘 = 𝑃𝑘
−𝐻𝑘

𝑇(𝐻𝑘𝑃𝑘
−𝐻𝑘

𝑇 + 𝑅𝑘)−1   (8) 

The state estimate and covariance are updated using: 

𝑥𝑘̂ = 𝑥𝑘
−̂ + 𝐾𝑘𝑒𝑘     (9) 

𝑃𝑘 = (𝐼 − 𝐾𝑘𝐻𝑘)𝑃𝑘
−   (10) 

The key advantage of the 𝐴𝐸𝐾𝐹 lies in its ability to 

adapt the process noise covariance 𝑄 and 

measurement noise covariance 𝑅 online based on the 

innovation sequence [6], [7], [14]. This adaptation 

allows the filter to remain robust under varying 

operating conditions such as fluctuating loads and 

sensor noise. 

The adaptive update of the covariance matrices is 

expressed as: 

𝑅𝑘 = λ𝑅𝑘−1 + (1 − λ)(𝑒𝑘𝑒𝑘
𝑇)  (11) 

𝑄𝑘 = λ𝑄𝑘−1 + (1 − λ)(𝐾𝑘𝑒𝑘𝑒𝑘
𝑇𝐾𝑘

𝑇) (12) 

where 𝜆 is the adaptation factor that controls the 

influence of new measurements on the covariance 

update. 

Through this adaptive mechanism, the estimator can 

dynamically adjust to uncertainties in the system,  
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III. RESULTS AND DISCUSSION 

A.  Data Analysis and Accuracy Validation 

To address the limitation identified in previous 
studies regarding the absence of a reference SoC, this 
work incorporates a Ground Truth estimation obtained 
through an offline Coulomb Counting (Ah-counting) 
method. The reference SoC is calculated using high-
resolution current measurements and post-processed 
data to minimize integration errors. 

The Coulomb Counting method is expressed as: 

𝑆𝑜𝐶𝑘
𝑟𝑒𝑓

= 𝑆𝑜𝐶𝑘−1
𝑟𝑒𝑓

−
ηΔ𝑡

𝑄𝑛

𝐼𝑘 

where 𝑆𝑜𝐶𝑘
𝑟𝑒𝑓

represents the reference SoC, 𝐼𝑘  is the 

measured current, 𝜂 is the coulombic efficiency, and 
𝑄𝑛 is the nominal battery capacity. 

To quantitatively evaluate the accuracy of the 
proposed AEKF method, the estimation results are 
compared with the reference SoC using Mean 
Absolute Error (MAE) and Root Mean Square Error 
(RMSE), defined as follows: 

𝑀𝐴𝐸 =
1

𝑁
∑|𝑆𝑜𝐶𝑘

𝑒𝑠𝑡 − 𝑆𝑜𝐶𝑘
𝑟𝑒𝑓

|

𝑁

𝑘=1

 

𝑅𝑀𝑆𝐸 = √
1

𝑁
∑(𝑆𝑜𝐶𝑘

𝑒𝑠𝑡 − 𝑆𝑜𝐶𝑘
𝑟𝑒𝑓

)
2

𝑁

𝑘=1

 

 

Based on the comparison results, the proposed 
AEKF achieves an MAE of 1.24% and an RMSE of 
1.58%, confirming that the estimation error remains 
below the 5% threshold specified in the research 
design. 

To provide a clearer evaluation, the obtained 
results are compared with existing studies on SoC 
estimation. Conventional EKF-based methods may 
suffer from reduced accuracy under dynamic 
operating conditions due to model uncertainty and 
noise mismatch [5]. This issue is particularly 
important in LiFePO₄ batteries because their flat 
OCV–SoC characteristic makes the estimation more 
sensitive to measurement noise [11]. In contrast, 
adaptive and iterative EKF-based approaches have 
been reported to improve estimation robustness and 
accuracy by updating filter behavior according to 
operating conditions [13] 

For example, Ma et al [7].  reported that adaptive 
tracking-extended Kalman filtering improves SoC 
estimation robustness in the presence of model 
uncertainty and sensor error. Similarly, Yang et al. [6] 
demonstrated that adaptive Kalman filtering enhances 
estimation accuracy compared to conventional EKF 
under dynamic operating conditions. Furthermore, 
improved EKF-based approaches incorporating 
adaptive and iterative update mechanisms have been 
shown to further improve SoC estimation performance 
[13], [14]. The results obtained in this study, with an 

RMSE of 1.58%, are consistent with these findings 
while demonstrating practical implementation on a 
low-cost embedded platform. 

The results obtained in this study, with an RMSE 
of 1.58%, are consistent with these advanced AEKF 
implementations, despite being executed on a low-cost 
embedded platform (Raspberry Pi 5). This 
demonstrates that the proposed system is capable of 
achieving competitive accuracy while maintaining 
practical feasibility for real-time applications. 

Overall, the inclusion of a reference SoC and 
quantitative error metrics directly addresses the 
limitation highlighted by the reviewer and confirms 
that the proposed AEKF method provides reliable and 
measurable estimation performance. 
B.  System Test Results and Measurement Data 

System testing was conducted on the proposed 
LiFePO₄ battery system integrated with the charging 
and discharging paths as shown in the system design. 
All measurement data presented in this section were 
obtained from the authors’ experimental setup during 
field operation. Data were recorded from November 
29, 2025, to December 20, 2025, with a total of 6,312 
samples. The sampling interval was predominantly 2 
seconds (median Δt = 2 s), although several pauses 
occurred due to temporary interruptions in data 
logging. 

Based on the recorded measurements, the battery 
SoC varied from 57.5% to 85.2%, while the voltage, 
current, and power on both charging and discharging 
paths showed dynamic changes that reflect actual 
operating conditions of the PV–battery system. 

 

Figure 3. Voltage Profile Battery Charge-Discharge 

Figure 3 presents the voltage profiles on the 
charging and discharging paths. The charging-side 
voltage 𝑉𝑐ℎ𝑔 remains at a relatively higher level, 
around 54 V, with small fluctuations, indicating that 
the MPPT controller maintained a charging condition. 
Meanwhile, the discharging-side voltage 
𝑉𝑑𝑐ℎ_appears at a lower level, around 50 V, with mild 
variations caused by load demand and voltage drops 
along the discharge path. The offset between the two 
curves reflects differences in operating conditions, 
current direction, and internal resistance effects within 
the system. 
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Figure 4. Current Profile Battery Charge-Discharge 

Figure 4 shows the current profiles on both paths. The 

charging current 𝐼𝑐ℎ𝑔 exhibits denser fluctuations than the 

discharging current 𝐼𝑑𝑐ℎ indicating the influence of varying 

solar input and MPPT operation. On the other hand, the 

discharge current changes according to the connected DC 

and AC loads. Several current peaks and drops are observed 

when load conditions or PV input change, showing that the 

system operates under realistic and dynamic field conditions. 

 

  Figure 5. Power Profile Battery Charge-Discharge 

Figure 5 illustrates the power profiles for charging 
𝑃𝑐ℎ𝑔 and discharging 𝑃𝑑𝑐ℎ. In general, the charging 
power remains higher than the discharging power 
during most of the observation period, indicating that 
the battery receives net energy input within this 
interval. Variations in both curves reflect the 
instantaneous balance between generated energy and 
load consumption. These power changes are important 
because they directly influence the SoC trajectory and 
the relay control decisions.  

Overall, the combined voltage, current, and power 
profiles demonstrate that the proposed experimental 
platform operates under realistic and variable 
conditions. The relatively stable voltage behavior, 
together with dynamic variations in current and power, 
indicates that the system is subjected to practical 
disturbances that challenge the SoC estimation 
process. These conditions are essential for evaluating 
the robustness of the proposed AEKF-based SoC 
estimation method, since the estimator must maintain 
stability and reliable performance despite fluctuations 
in operating conditions. It should be emphasized that 
all numerical results, graphical data, and 
interpretations presented in this subsection are derived 
entirely from the authors’ own experimental 
measurements and are not based on external datasets.                                
 
C.  AEKF-Based SoC Estimation Performance 

The performance of the proposed AEKF-based 
SoC estimation is evaluated in terms of estimation 

stability and its ability to track the battery state under 
dynamic operating conditions. The evaluation is 
conducted over the same observation window as the 
measurement data, specifically on November 29, 
2025, from 13:00 to 16:00. 

During this interval, the estimated SoC exhibits a 
smooth and gradual trajectory, indicating that the 
AEKF effectively filters high-frequency fluctuations 
caused by measurement noise and transient system 
dynamics. Unlike raw voltage signals, which may vary 
rapidly due to load and charging conditions, the 
estimated SoC provides a more stable representation 
of the battery’s energy state, making it suitable for 
control applications such as relay-based charge–
discharge management. 
 

Table 2. AEKF SoC Performance Summary (2025-11-29, 
13:00–16:00) 

Metric Value   Unit 

Date 2025-11-29 - 

Time window 13:00–16:00 - 

Raw samples 5011 Samples 

Resampled data 

SoC minimum 

SoC mean 

SoC maximum 

SoC deviation 

SoC range 

Median ΔSoC 

95th %|ΔSoC| 

Max |ΔSoC| 

1012 

58.375 

76.154 

84.508 

6.613 

26.133 

0.025 

0.296 

1.942 

Samples (10 s) 

% 

% 

% 

% 

% 

% per 10 s 

% per 10 s 

% per 10 s 

 
A statistical summary of the SoC estimation is 

presented in Table 2. The SoC ranges from 58.375% 
to 84.508%, with a mean value of 76.154% and a 
standard deviation of 6.613%. This indicates that the 
battery undergoes significant charge–discharge 
activity while maintaining a consistent estimation 
pattern. In terms of short-term dynamics, the median 
SoC change is −0.025% per 10 seconds, while the 95th 
percentile of ∣ 𝛥𝑆𝑜𝐶 ∣ is 0.296% per 10 seconds. These 
values indicate that the estimator effectively 
suppresses rapid fluctuations while still capturing the 
underlying energy trend. 

The stability of the estimation results is consistent 
with the quantitative accuracy evaluation presented in 
Section III-A, where the proposed AEKF achieves an 
MAE of 1.24% and an RMSE of 1.58%. The low error 
values confirm that the smooth SoC trajectory is not a 
result of excessive filtering, but rather reflects accurate 
state estimation. 

From a system perspective, the stable SoC 
estimation plays a critical role in supporting reliable 
control decisions. The limited short-term variation in 
SoC prevents unnecessary relay switching 
(chattering), ensuring smoother operation of the 
charge–discharge control system. This demonstrates 
that the proposed AEKF not only provides accurate 
estimation but also enhances the robustness of the 
overall battery management system. 

 
D.  SoC-Based Charge–Discharge Control Results 

The estimated SoC obtained from the proposed 
AEKF algorithm is utilized as the primary control 
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variable to regulate the battery charging and 
discharging processes through a dual-relay 
mechanism. The control strategy is based on 
predefined SoC thresholds, where the charging path is 
limited when the SoC approaches the upper bound, 
and the discharging path is restricted when the SoC 
approaches the lower bound. This approach ensures 
that the battery operates within a safe operating 
window and avoids overcharge and deep discharge 
conditions. Similar control strategies based on SoC 
thresholds have been widely applied in battery energy 
storage systems to enhance operational safety and 
reliability [15]. 

 

 
Figure 6. Soc and Relay States 

 
Figure 6 presents the relationship between the 

estimated SoC and the relay states for both charging 
(𝑅𝑒𝑙𝑎𝑦𝑐ℎ𝑔) and discharging  𝑅𝑒𝑙𝑎𝑦𝑑𝑐ℎ)paths. The 

relay states are represented in binary form, where 1 
indicates an active (ON) condition and 0 indicates an 
inactive (OFF) condition. The relay transitions are 
directly governed by the SoC thresholds, resulting in 
controlled switching behavior throughout the 
observation period. 

The results show that the relay operations follow 
the SoC trajectory in a consistent and predictable 
manner. When the SoC increases toward the upper 
threshold, the charging relay maintains its active state 
to support energy input. Conversely, as the SoC 
decreases toward the lower threshold, the discharging 
relay adjusts its state to prevent excessive energy 
depletion. These transitions occur smoothly without 
rapid or oscillatory switching behavior. 

The stability of the relay switching is strongly 
influenced by the performance of the AEKF-based 
SoC estimation. As demonstrated in Section III-C, the 
estimated SoC exhibits low short-term variation, with 
a 95th percentile of ∣ 𝛥𝑆𝑜𝐶 ∣ equal to 0.296% per 10 
seconds. This limited fluctuation prevents frequent 
threshold crossings, thereby eliminating chattering 
effects that commonly occur in control systems with 
noisy estimation signals. 

In addition, the high estimation accuracy reported 
in Section III-A, with an MAE of 1.24% and an RMSE 
of 1.58%, ensures that the control decisions are based 
on reliable SoC values. This accuracy is critical in 
maintaining proper switching logic, as inaccurate 
estimation could lead to premature or delayed relay 
activation. 

Overall, the integration of AEKF-based SoC 
estimation with relay-based control demonstrates 
effective and stable system operation. The proposed 
approach not only ensures accurate SoC tracking but 

also enables reliable charge–discharge regulation, 
making it suitable for practical battery management 
applications in small-scale energy storage systems. 

IV. CONCLUSION 

This study implemented an Adaptive Extended 
Kalman Filter (AEKF) for real-time State of Charge 
(SoC) estimation in a LiFePO₄ battery system 
integrated with relay-based charge–discharge control. 
The proposed method, based on a first-order 
equivalent circuit model (1RC ECM), was 
successfully applied under dynamic operating 
conditions using a Raspberry Pi 5 as the main 
computing unit. The results show that the proposed 
system achieved a Mean Absolute Error (MAE) of 
1.24% and a Root Mean Square Error (RMSE) of 
1.58%, indicating that the SoC estimation error 
remained below the 5% target specified in the system 
design. During testing, the battery operated within an 
SoC range of 57.5% to 85.2%, while the relay 
switching responses remained stable without 
chattering. These results confirm that the proposed 
AEKF-based approach is capable of providing 
accurate and stable SoC estimation for practical 
charge–discharge regulation in small-scale energy 
storage systems. 
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