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Abstract 
The growing use of residential photovoltaic systems is increasing the deployment of Lithium Iron Phosphate (LiFePO₄) 
battery energy storage systems. However, dynamic load demands and frequent cycling accelerate battery degradation. 
Accurate state-of-health estimation and remaining useful life prediction are critical for operational reliability. This study 
introduces a hybrid framework that integrates recursive least squares with a long short-term memory network. A first-order 
Thevenin equivalent circuit model is used to extract physical parameters such as ohmic resistance, polarization resistance, 
and polarization capacitance. The recursive least squares algorithm, with a forgetting factor of 0.999, adaptively tracks 
resistance-based State of Health, detecting an increase in ohmic resistance from 26.5 to 37.04 milliohms after 348 cycles. 
This approach achieves a root-mean-square error of 1.0554% and a coefficient of determination of 0.8354. These 
parameters are then used to train the long short-term memory network to model degradation trends. The network predicts 
remaining useful life with a root mean square error of 0.8947% and a coefficient of determination of 0.9553, forecasting 
lifespans of 511, 953, and 1,310 days for end-of-life thresholds of 80%, 70%, and 60% State of Health, respectively. 

Keywords: photovoltaic systems, lithium battery, degradation tracking, lifespan prediction, microgrids 

Abstrak 
Peningkatan penggunaan sistem fotovoltaik pada sektor residensial mendorong pemanfaatan Battery Energy Storage 
System (BESS) berbasis baterai Lithium Iron Phosphate (LiFePO₄) untuk menyimpan energi dan meningkatkan fleksibilitas 
operasi sistem kelistrikan. Namun, tuntutan beban yang dinamis dan siklus pengisian-pengosongan yang sering dapat 
mempercepat degradasi baterai. Estimasi status kesehatan yang akurat dan prediksi sisa masa pakai sangat penting 
untuk menjaga keandalan operasional. Penelitian ini memperkenalkan kerangka kerja hibrida yang mengintegrasikan 
metode kuadrat terkecil rekursif dengan jaringan memori jangka pendek panjang. Model rangkaian ekivalen Thevenin 
orde pertama digunakan untuk mengekstraksi parameter fisik seperti hambatan ohmik, hambatan polarisasi, dan 
kapasitansi polarisasi. Algoritma kuadrat terkecil rekursif, dengan faktor pelupa sebesar 0,999, secara adaptif melacak 
status kesehatan berbasis hambatan, mendeteksi kenaikan hambatan ohmik dari 26,5 menjadi 37,04 miliohm setelah 
348 siklus. Pendekatan ini menghasilkan kesalahan akar kuadrat rata-rata sebesar 1,0554% dan koefisien determinasi 
sebesar 0,8354. Parameter-parameter tersebut kemudian digunakan untuk melatih jaringan memori jangka pendek 
panjang dalam memodelkan tren degradasi. Jaringan ini memprediksi sisa masa pakai dengan kesalahan akar kuadrat 
rata-rata sebesar 0,8947% dan koefisien determinasi sebesar 0,9553, serta memperkirakan masa pakai masing-masing 
selama 511, 953, dan 1.310 hari untuk ambang batas akhir masa pakai sebesar 80%, 70%, dan 60% dari status 
kesehatan. 
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1. Introduction 
Renewable energy adoption in Indonesia has increased substantially in recent years. A prominent application 
is the deployment of rooftop photovoltaic (PV) systems in both residential and commercial buildings. According 
to the Ministry of Energy and Mineral Resources (MEMR), the cumulative installed capacity of rooftop PV 
systems in Indonesia reached 446.09 MW in 2025 [1]. Despite this growth, PV systems are inherently 
intermittent because their output depends on solar irradiance, time of day, and weather conditions. As a result, 
a reliable Battery Energy Storage System (BESS) is essential for storing surplus energy and supplying it when 
required. In BESS operation, the State of Health (SoH) serves as a critical indicator for assessing battery 
condition. However, SoH cannot be measured directly and must be estimated from changes in battery capacity 
or internal resistance [2]. Additionally, LiFePO₄ batteries have a relatively flat open-circuit voltage (OCV) 
characteristic, which makes it more difficult to extract health indicators and accurately estimate SoH from 
voltage measurements [3]. Therefore, a Remaining Useful Life (RUL) prognostic system is necessary to predict 
the battery's remaining service life until it reaches its End of Life (EoL), thereby enhancing the reliability and 
operational management of residential BESS. 

Because SoH cannot be measured directly, it is typically estimated using empirical measurement-based 
methods [4],[5], mathematical model-based methods [6]–[9], or data-driven approaches [10]–[13]. Prior 
research has explored SoH estimation for lithium-ion batteries using Support Vector Regression (SVR), which 
has demonstrated that kernel-based regression can accurately map health indicators to SoH [10]. Gaussian 
Process Regression (GPR) based on indirect health indicators has also been shown to provide accurate SoH 
estimates while quantifying prediction uncertainty [14]. In deep learning, Long Short-Term Memory (LSTM) 
networks have been widely adopted for battery health prediction due to their capacity to capture long-term 
degradation patterns from sequential data [15]. Bidirectional Long Short-Term Memory (BiLSTM) networks 
further improve SoH prediction performance by leveraging temporal information from both forward and 
backward directions [13]. Among model-based approaches, the Dual Extended Kalman Filter (DEKF) combined 
with Recursive Least Squares (RLS) has been used to estimate battery states under varying temperature 
conditions, utilizing internal parameters as degradation indicators of SoH [16]. Additionally, data-driven 
methods have been developed to simultaneously predict the SoH trajectory and RUL by forecasting future SoH 
evolution, thereby supporting RUL estimation [17]. 

This study introduces a hybrid framework for estimating the physical parameters of LiFePO₄ batteries and 
predicting their long-term degradation using an equivalent circuit model (ECM). The ECM output is processed 
by the Recursive Least Squares (RLS) algorithm to estimate model parameters and extract physics-informed 
health indicators. Concurrently, an LSTM network is utilized to capture nonlinear degradation dynamics and 
project the SoH trajectory for RUL prediction. This research advances practical battery prognostics by 
employing real-world operational data collected from a residential microgrid equipped with a LiFePO₄-based 
BESS, a context that has received limited attention in existing literature, which primarily focuses on laboratory 
datasets or electric vehicle applications. Accordingly, this work addresses a significant research gap by 
developing a hybrid physics-informed, data-driven framework that integrates RLS for online SoH parameter 
estimation with LSTM for long-term degradation forecasting and RUL prediction using actual operational data. 

2. Methodology 

2.1 Residential BESS Prototype 

The research object of this study is a 5 kWh residential BESS. The system is powered by a 5.98 kWp solar PV 
array connected to a 5 kW inverter, which then supplies electricity to the Safety Center building. In addition, the 
system is connected to the PLN utility grid, which serves as a backup power source when the energy generated 
by the solar PV system and the battery is insufficient to meet the load demand. The configuration of the 
proposed residential microgrid system is illustrated in Figure 1. 
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Figure 1. Residential microgrid system architecture 

A 5 kWh energy storage capacity allows the battery to supply a 1 kW load for approximately 5 hours, a 2 kW 
load for 2.5 hours, or a 5 kW load for about 1 hour under ideal operating conditions. To extend battery lifespan, 
the system is generally operated at a Depth of Discharge (DoD) of approximately 80%, yielding a usable energy 
capacity of around 4 kWh. 

2.2 Real-World Dataset 
The dataset analyzed in this study was collected from a 5 kWh residential BESS prototype utilizing LiFePO₄ 
batteries over an 18-month operational period, spanning October 2024 to April 2026. The pack-level dataset 
comprises time-series measurements recorded at 5-minute intervals, yielding 288 samples per day. Across 
approximately 548 days of operation, this results in a theoretical total of 157,824 data points for each 
measured parameter. Data was obtained directly from the residential BESS during operation and include 
battery terminal voltage, charging and discharging current, output power, State of Charge (SoC), battery 
temperature, cumulative charging energy, and cumulative discharging energy. Before model development, the 
dataset underwent comprehensive preprocessing to ensure quality and consistency. Preprocessing steps 
included timestamp synchronization, outlier removal, handling of missing values, noise filtering, data 
normalization, and segmentation. These procedures resulted in a clean, consistent, and standardized dataset 
suitable for parameter estimation and remaining useful life (RUL) prognostic modeling. 

2.3 Battery Modeling using Equivalent Circuit Model (ECM) 
In battery modeling, ECM provides an effective balance between dynamic modeling accuracy and 
computational efficiency. The ECM represents the battery's internal characteristics, including ohmic resistance, 
polarization effects, and energy storage behavior, using fundamental electrical components such as voltage 
sources, resistors, and capacitors. In this study, a first-order Thevenin ECM (1-RC) is adopted because it can 
accurately capture the transient response of the battery while maintaining low computational complexity and 
enabling straightforward parameter identification. As illustrated in Figure 2, the model consists of an Open 
Circuit Voltage (OCV) source, an ohmic internal resistance (𝑅𝑅0), and a single polarization branch composed of a 
resistor (𝑅𝑅1) and a capacitor (𝐶𝐶1). 

 
Figure 1. Thevenin 1-RC Model 

Physically, the ohmic resistance (𝑅𝑅0) represents the instantaneous voltage loss caused by the internal 
resistance of the electrolyte, current collectors, connectors, and electrode materials. Meanwhile, the 𝑅𝑅1–𝐶𝐶1 
branch models the electrochemical polarization phenomenon responsible for the transient voltage response 
during battery charging and discharging processes. Based on the first-order Thevenin equivalent circuit model, 
the relationship between the battery terminal voltage and its internal parameters can be expressed as follows: 

 𝑉𝑉𝑡𝑡 = 𝑂𝑂𝑂𝑂𝑂𝑂(𝑆𝑆𝑆𝑆𝐶𝐶𝑡𝑡) − 𝐼𝐼𝑡𝑡𝑅𝑅0 − 𝑉𝑉𝑝𝑝,𝑡𝑡 (1) 
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where 𝑉𝑉𝑡𝑡  denotes the measured battery terminal voltage, and 𝑂𝑂𝑂𝑂𝑂𝑂(𝑆𝑆𝑆𝑆𝐶𝐶𝑡𝑡) is the OCV as a function of SoC. The 
parameter 𝑅𝑅0 represents the ohmic internal resistance, which accounts for the voltage losses associated with 
the electrolyte, electrodes, and battery connectors. The variable 𝐼𝐼𝑡𝑡  denotes the battery current, where a 
positive current corresponds to the discharging process and a negative current corresponds to the charging 
process. The term 𝑉𝑉𝑝𝑝,𝑡𝑡  represents the polarization voltage across the RC branch, which characterizes the 
electrochemical polarization effects occurring during battery charging and discharging. 

The dynamics of the polarization voltage across the RC branch are expressed as follows: 

 
𝑑𝑑𝑉𝑉𝑝𝑝
𝑑𝑑𝑑𝑑

= −
1

𝑅𝑅1𝐶𝐶1
𝑉𝑉𝑝𝑝 +

1
𝐶𝐶1
𝐼𝐼𝑡𝑡  (2) 

where 𝑅𝑅1 denotes the polarization resistance and 𝐶𝐶1represents the polarization capacitance. Together, these 
parameters define the system as time constant, 𝑅𝑅1𝐶𝐶1, which characterizes the transient response of the 
battery. Equation (2) indicates that the polarization voltage increases when current flows into or out of the 
battery and gradually decays exponentially toward its steady-state value when the battery is in a rest or idle 
condition. Since the experimental data were recorded at a discrete sampling interval of Δ𝑡𝑡 = 300 s, the 
continuous-time model in Equation (2) was discretized using the exact exponential solution, yielding the 
following discrete-time coefficients: 

 𝑎𝑎 = 𝑒𝑒−
Δ𝑡𝑡
𝑅𝑅1𝐶𝐶1 (3) 

 𝑏𝑏 = 𝑅𝑅1(1 − 𝑎𝑎) (4) 

The 𝑎𝑎 coefficient represents the decay factor, which characterizes the exponential decay of the polarization 
voltage in the RC branch, whereas the coefficient 𝑏𝑏 describes the contribution of the battery current to the 
evolution of the polarization voltage at each sampling interval. Using these coefficients, the polarization voltage 
dynamics in the discrete-time domain can be expressed as follows: 

 𝑉𝑉𝑝𝑝,𝑘𝑘 = 𝑎𝑎𝑉𝑉𝑝𝑝,𝑘𝑘−1 + 𝑏𝑏𝐼𝐼𝑘𝑘−1 (5) 

Equation (5) indicates that the polarization voltage at time step 𝑘𝑘 depends on both the polarization voltage and 
the battery current from the previous sampling interval. Accordingly, the discrete-time battery terminal voltage 
can be expressed as 

 𝑉𝑉𝑘𝑘 = 𝑂𝑂𝑂𝑂𝑉𝑉𝑘𝑘 − 𝑅𝑅0𝐼𝐼𝑘𝑘 − 𝑉𝑉𝑝𝑝,𝑘𝑘 (6) 

where 𝑉𝑉𝑘𝑘  denotes the measured battery terminal voltage at time step 𝑘𝑘, while 𝑂𝑂𝑂𝑂𝑉𝑉𝑘𝑘 is OCV obtained from the 
OCV–SoC relationship. The voltage drops caused by the ohmic internal resistance are represented by the term 
𝑅𝑅0𝐼𝐼𝑘𝑘, whereas 𝑉𝑉𝑝𝑝,𝑘𝑘  accounts for the dynamic polarization effect of the battery. By substituting Equation (5) into 
Equation (6), the following discrete-time terminal voltage model is obtained: 

 𝑉𝑉𝑘𝑘 = 𝑂𝑂𝑂𝑂𝑉𝑉𝑘𝑘 − 𝑅𝑅0𝐼𝐼𝑘𝑘 − 𝑎𝑎𝑉𝑉𝑝𝑝,𝑘𝑘−1 − 𝑏𝑏𝐼𝐼𝑘𝑘−1 (7) 

Equation (7) represents the discrete-time first-order Thevenin equivalent circuit model (1-RC), which describes 
the relationship among the battery terminal voltage, current, and polarization effects. However, the state 
variable 𝑉𝑉𝑝𝑝,𝑘𝑘−1 cannot be measured directly. Therefore, a parameter identification algorithm, such as RLS, is 
required to estimate the model parameters from the measured voltage and current data. 

2.4 RLS Algorithm for Parameter Identification 
In this study, the first-order Thevenin equivalent circuit model (1-RC) is identified online using the RLS 
algorithm. The primary objective of the identification process is to estimate the model parameters, namely the 
ohmic resistance (𝑅𝑅0), polarization resistance (𝑅𝑅1), and polarization capacitance (𝐶𝐶1), which vary according to 
the battery operating conditions. The RLS algorithm recursively updates these parameters whenever new 
measurement data become available, enabling continuous tracking of battery characteristics under varying 
current profiles, operating temperatures, and degradation levels. 
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 𝑦𝑦𝑘𝑘 = 𝜙𝜙𝑘𝑘𝑇𝑇𝜃𝜃𝑘𝑘 + 𝜀𝜀𝑘𝑘 (8) 

where the model output is defined as 

 𝑦𝑦𝑘𝑘 = 𝑂𝑂𝑂𝑂𝑉𝑉𝑘𝑘 − 𝑉𝑉𝑘𝑘 (9) 

and the regressor vector is given by 

 𝜙𝜙𝑘𝑘 = �
𝑦𝑦𝑘𝑘−1
𝐼𝐼𝑘𝑘
𝐼𝐼𝑘𝑘−1

� , 𝜃𝜃𝑘𝑘 = �
𝑎𝑎1
𝑎𝑎2
𝑎𝑎3
� (20) 

In Equation (8), 𝑦𝑦𝑘𝑘  denotes the model output, which is defined as the difference between OCV and the 
measured battery terminal voltage. The regressor vector 𝜙𝜙𝑘𝑘  consists of the previous model output, the current 
battery current, and the battery current from the previous sampling interval, whereas 𝜃𝜃𝑘𝑘 represents the 
regression parameter vector to be recursively estimated. The RLS algorithm estimates the regression 
parameter vector 𝜃𝜃 = [𝑎𝑎,  𝑏𝑏0,  𝑏𝑏1]𝑇𝑇 , which does not directly represent the physical parameters of the battery. 
Therefore, a parameter transformation is performed to recover the equivalent circuit parameters of the first-
order Thevenin model. The parameter 𝑏𝑏0 corresponds to the ohmic resistance 𝑅𝑅0, while 𝑅𝑅1 is obtained from the 
relationship between the regression coefficients and the discrete-time RC dynamics. The polarization 
capacitance 𝐶𝐶1 is subsequently calculated from the RC time constant 𝜏𝜏 = −Δ𝑡𝑡/ln(𝑎𝑎), thereby enabling the 
regression parameters to be interpreted as physically meaningful battery characteristics. The term 𝜀𝜀𝑘𝑘 denotes 
the modeling error or measurement noise. To enable the model to continuously adapt to variations in battery 
characteristics during the degradation process, the parameters are recursively updated using the RLS 
algorithm with a forgetting factor. The parameter update is governed by the following equations: 

 K𝑘𝑘 =
P𝑘𝑘−1𝜙𝜙𝑘𝑘

𝜆𝜆 + 𝜙𝜙𝑘𝑘𝑇𝑇P𝑘𝑘−1𝜙𝜙𝑘𝑘
 (31) 

 𝜃𝜃𝑘𝑘 = 𝜃𝜃𝑘𝑘−1 + K𝑘𝑘(𝑦𝑦𝑘𝑘−𝜙𝜙𝑘𝑘𝑇𝑇𝜃𝜃𝑘𝑘−1) (12) 

 P𝑘𝑘 =
1
𝜆𝜆

(P𝑘𝑘−1−K𝑘𝑘𝜙𝜙𝑘𝑘𝑇𝑇P𝑘𝑘−1) (13) 

where K𝑘𝑘  denotes the RLS gain, P𝑘𝑘  is the parameter covariance matrix, and 𝜆𝜆 is the forgetting factor, which 
controls the sensitivity of the algorithm to newly acquired measurement data. The forgetting factor satisfies 
0 < 𝜆𝜆 ≤ 1, where values closer to unity provide more stable parameter estimates, whereas smaller values 
enable the algorithm to respond more rapidly to changes in battery characteristics. To construct a health 
indicator with a standardized scale, the estimated internal resistance is converted into the Resistance-based 
State of Health (SoHR) using the following equation: 

 𝑆𝑆𝑆𝑆𝐻𝐻𝑅𝑅 = 100 − �
𝑅𝑅0 − 𝑅𝑅0,𝐵𝐵𝐵𝐵𝐵𝐵

𝑅𝑅0,𝐵𝐵𝐵𝐵𝐵𝐵
�  𝑥𝑥 (100 − 𝑆𝑆𝑆𝑆𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) (44) 

Equation (14) represents a linear resistance-based degradation mapping that converts the relative increase in 
ohmic resistance into an equivalent SoH indicator. The mapping assumes that the battery starts from 100% 
SoH at the Beginning of Life (BoL) and gradually decreases as the internal resistance increases. The scaling 
factor (100−𝑆𝑆𝑆𝑆𝐻𝐻𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) defines the degradation range between the BoL condition and the selected End-of-Life 
(EoL) threshold adopted in this study. The initial 𝑅𝑅0 value is obtained from the RLS estimation from the initial 
phase up to the steady state. The determination of SoHlimit uses three thresholds: 80% as a conservative 
industry standard, 70% as the operational limit for this study, and 60% to evaluate the maximum technical 
lifespan limit before significant degradation occurs. 

2.5 Long Short-Term Memory (LSTM) Network 
After the battery health parameters have been estimated using RLS algorithm, the resulting Health Indicator 
(HI) time series is used as the input to LSTM network to predict the future battery degradation trend. LSTM is 
adopted because of its ability to capture long-term dependencies, making it well suited for modeling the 
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nonlinear degradation behavior of batteries driven by their operational history. At each time step, the LSTM 
network receives a sequence of Health Indicator values and processes them through four fundamental 
components: the forget gate, input gate, cell state, and output gate. The forget gate determines which 
information from the previous memory state should be retained or discarded, and is mathematically expressed 
as 

 𝑓𝑓𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑓𝑓𝑥𝑥𝑡𝑡 + 𝑈𝑈𝑓𝑓ℎ𝑡𝑡−1 + 𝑏𝑏𝑓𝑓) (55) 

where 𝑥𝑥𝑡𝑡  denotes the input vector at time step 𝑡𝑡, ℎ𝑡𝑡−1 is the hidden state from the previous time step, and 𝑊𝑊𝑓𝑓, 
𝑈𝑈𝑓𝑓, and 𝑏𝑏𝑓𝑓  represent the weight matrices and bias vector of the forget gate, respectively. The sigmoid 
activation function, 𝜎𝜎(⋅), produces values in the range of 0 to 1, indicating the proportion of information 
retained from the previous cell state. The new information to be stored in the memory cell is then computed as 
follows: 

 𝑖𝑖𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑖𝑖𝑥𝑥𝑡𝑡 + 𝑈𝑈𝑖𝑖ℎ𝑡𝑡−1 + 𝑏𝑏𝑖𝑖) (66) 

and the candidate cell state is computed as 

 𝐶̃𝐶𝑡𝑡 = tanh(𝑊𝑊𝑐𝑐𝑥𝑥𝑡𝑡 + 𝑈𝑈𝑐𝑐ℎ𝑡𝑡−1 + 𝑏𝑏𝑐𝑐)) (77) 

The input gate controls the amount of new information that is incorporated into the cell memory, whereas 
𝐶̃𝐶𝑡𝑡  represents the candidate cell state generated by the hyperbolic tangent (tanh) activation function. The cell 
state is then updated by combining the retained information from the previous cell state with the newly 
generated information according to 

 𝐶𝐶𝑡𝑡 = 𝑓𝑓𝑡𝑡 ⊙ 𝐶𝐶𝑡𝑡−1 + 𝑖𝑖𝑡𝑡 ⊙ 𝐶̃𝐶𝑡𝑡 (88) 

where 𝐶𝐶𝑡𝑡 denotes the cell state at time step 𝑡𝑡, and the symbol ⊙ represents the element-wise multiplication. 
Subsequently, the output gate determines the information to be propagated to the next layer (or the next time 
step) and is computed as follows: 

 𝑜𝑜𝑡𝑡 = 𝜎𝜎(𝑊𝑊𝑜𝑜𝑥𝑥𝑡𝑡 + 𝑈𝑈𝑜𝑜ℎ𝑡𝑡−1 + 𝑏𝑏𝑜𝑜) (99) 

which produces the hidden state 

 ℎ𝑡𝑡 = 𝑜𝑜𝑡𝑡 ⊙ tanh(𝐶𝐶𝑡𝑡) (20) 

The resulting hidden state provides a temporal feature representation learned by the LSTM network, capturing 
the degradation patterns embedded in the Health Indicator sequence. These learned features are 
subsequently used to predict the future health condition of the battery. The output of the LSTM network is 
employed to forecast the Health Indicator at the next timestep, which can be expressed as 

 𝐻𝐻𝐻𝐻�𝑡𝑡+1 = 𝑓𝑓𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿(𝐻𝐻𝐼𝐼𝑡𝑡−𝑛𝑛+1, . . . ,𝐻𝐻𝐼𝐼𝑡𝑡) (210) 

where 𝐻𝐻𝐻𝐻�𝑡𝑡+1 denotes the predicted Health Indicator at the next timestep obtained from the LSTM network 
using the historical Health Indicator sequence. The Remaining Useful Life (RUL) is then estimated as the time 
remaining from the current operating condition until the predicted Health Indicator reaches the predefined 
End-of-Life (EoL) threshold, as expressed by 

 𝑅𝑅𝑅𝑅𝑅𝑅 = 𝑡𝑡𝐸𝐸𝐸𝐸𝐸𝐸 − 𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 (22) 

In this study, HI is derived from SoHR estimated using the RLS algorithm. Consequently, the LSTM network 
does not directly utilize the measured current or voltage signals as inputs. Instead, it learns the battery 
degradation behavior from the temporal evolution SoHR, enabling accurate forecasting of the degradation 
trajectory and estimation of the RUL until the predefined EoL threshold is reached. 
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2.6 Equivalent Cycle Calculation 
Because the BESS operates under irregular, partial charge–discharge profiles driven by PV generation and 
household load, the cycle count was expressed as the equivalent full cycle (EFC) based on energy throughput, 
rather than by counting individual charge–discharge events [18]. For each day 𝑖𝑖, the discharged energy was 
obtained from the cumulative discharging energy recorded by the BESS, or equivalently by integrating the 
discharge power over the sampling interval: 

 𝐸𝐸dis,i = 𝐸𝐸dis,cum(𝑡𝑡i,end) − 𝐸𝐸dis,cum(𝑡𝑡i,start) = �𝑃𝑃dis,k𝛥𝛥𝛥𝛥
k∈i

 (23) 

where 𝑡𝑡i,start and 𝑡𝑡i,end denote the first and last timestamps of day 𝑖𝑖. The equivalent cycle count accumulated 
up to day 𝑑𝑑 is then calculated as: 

 𝑁𝑁eq(𝑑𝑑) = �
𝐸𝐸dis,i

𝐸𝐸ref

𝑑𝑑

i=1

 (24) 

where 𝐸𝐸ref is the reference energy capacity of the battery, One equivalent cycle corresponds to a cumulative 
discharge equal to 𝐸𝐸ref, regardless of how this energy is distributed over partial cycles. The relationship 
between RUL in cycle units and day units is bridged by the operational usage frequency or average daily cycle 
count, where cycle RUL indicates the electrochemical capacity limit until reaching EoL while day RUL reflects 
real-world operational time dynamically influenced by DoD variations, ambient temperature, and calendar 
aging components running concurrently with cyclic processes. 

3. Results and Discussion 

3.1 SoH Estimation Performance 
Before parameter estimation with the RLS algorithm, the dataset was grouped by battery operating 
temperature using temperature binning to reduce the impact of thermal variations on estimated internal 
resistance. Throughout the observation period, battery operating temperatures ranged from 25°C to 45°C and 
were divided into four bins: 25–30°C, 30–35°C, 35–40°C, and 40–45°C, each with a width of 5°C. This 
preprocessing ensured that estimated resistance parameters primarily reflected intrinsic degradation due to 
battery aging, rather than transient fluctuations from temperature changes. As a result, temperature-
dependent effects on battery impedance characteristics were reduced, yielding more consistent and reliable 
parameter identification, as shown in Figure 3. 

 
Figure 3. Data binning temperature 

After the temperature binning process, the battery was modeled by deriving the mathematical formulation of 
the first-order Thevenin ECM (1-RC ECM). The function of the SoC–OCV curve in ECM modeling is to map the 
non-linear relationship between the open-circuit voltage and the State of Charge, allowing 𝑅𝑅0 and polarization 
voltage parameters to be accurately estimated at each operating point of SoC. The comparison between the 
model output and the measured battery response is presented in Figure 4. 
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Figure 4. Comparison of OCV and measured battery terminal voltage for overpotential extraction 

Figure 4 presents the sampled battery terminal voltage profile together with the reference OCV. The OCV 
ranges from approximately 46.5 V to 56.5 V, measured directly on the battery in the laboratory under no-load 
conditions. Whereas the measured terminal voltage exhibits a wider variation, ranging from approximately 47.0 
V to 57.8 V, following the battery charging and discharging conditions. The difference between these two 
voltage profiles corresponds to the overpotential (𝑦𝑦𝑘𝑘), which increases during periods of significant current 
variation. Pronounced overpotential peaks are observed during rapid transitions between charging and 
discharging operations, while under low-current or rest conditions, the terminal voltage gradually converges 
toward the OCV curve. To evaluate the sensitivity of the RLS algorithm to parameter adaptation, six forgetting 
factor (𝜆𝜆) values were investigated: 0.950, 0.975, 0.985, 0.990, 0.995, and 0.999. The forgetting factor is a 
key parameter in the RLS algorithm because it determines the trade-off between parameter adaptability and 
estimation stability. Smaller values of 𝜆𝜆 assign greater weight to recent measurements, enabling faster 
tracking of battery parameter variations at the expense of increased sensitivity to measurement noise. 
Conversely, values of 𝜆𝜆 closer to unity produce smoother and more stable parameter estimates but reduce the 
algorithm's responsiveness to battery degradation. Therefore, the selection of an appropriate forgetting factor 
plays a critical role in the accuracy and robustness of SoHR estimation. 

  
(a) (b) 

 
(c) 

Figure 5. RLS parameter estimation under different forgetting factor values, (a) 𝑅𝑅0 trajectory, (b) 𝑅𝑅1 trajectory,  
(c) 𝐶𝐶1 trajectory 
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Figure 5 presents the ECM parameter identification results obtained using RLS algorithm with different 
forgetting factor values (𝜆𝜆 = 0.950 − 0.999). As shown in Figure 5(a), the estimated ohmic resistance (𝑅𝑅0) 
ranges from approximately 20 to 40 mΩ and exhibits a gradual increasing trend, reaching about 36–38 mΩ at 
the end of the observation period. The choice of forgetting factor significantly affects the smoothness of the 
estimated parameters. Smaller values of 𝜆𝜆 produce more responsive estimates with larger fluctuations, 
whereas 𝜆𝜆 = 0.999 yields a smoother and more stable trajectory. The gradual increase in 𝑅𝑅0 indicates 
progressive battery degradation caused by the growth of the internal ohmic resistance during long-term 
operation. 

As illustrated in Figure 5(b), the polarization resistance (𝑅𝑅1) generally varies between 55 and 85 mΩ and also 
shows an increasing trend over time. Although several transient spikes exceeding 150 mΩ are observed, 
particularly for smaller forgetting factor values, all estimation results exhibit a consistent degradation pattern. 
In contrast, Figure 5(c) shows that the polarization capacitance (𝐶𝐶1) exhibits substantially larger variations than 
the resistance parameters, ranging from approximately 5,000 to 25,000 F, with occasional peaks approaching 
80,000 F under certain operating conditions. Compared with 𝑅𝑅0 and 𝑅𝑅1, the estimated 𝐶𝐶1 is more sensitive to 
current dynamics, resulting in greater estimation fluctuations. Subsequently, the estimated internal resistance 
(𝑅𝑅0) is converted into the Resistance-based State of Health (SoHR) using Equation (14). The resulting of SoHR 
estimation is presented in Figure 6. 

 
Figure 6. Resistance-based SoH estimation using different forgetting factor values 

Figure 6 presents SoHR estimated using the RLS algorithm with different forgetting factor values (𝜆𝜆 = 0.950–
0.999). Throughout the observation period from October 2024 to April 2026, all estimation trajectories exhibit 
a gradual decline in SoH from approximately 99–100% at the beginning of the monitoring period to 
approximately 88–90% at the end, corresponding to an overall battery degradation of about 10–12%. The 
most pronounced decline occurs during the middle to late stages of operation, which is consistent with the 
progressive increase in internal resistance caused by battery aging. The forgetting factor has a significant 
influence on the stability of the SoHR estimation. The trajectory obtained with 𝜆𝜆 = 0.950 exhibits larger 
fluctuations and generally predicts slightly higher SoH values than the other configurations. In contrast, 𝜆𝜆 =
0.995 and 𝜆𝜆 = 0.999 produce smoother and more consistent estimation trajectories, providing a more reliable 
representation of the long-term battery degradation process. These results indicate that larger forgetting factor 
values are more suitable for constructing a stable HI, thereby improving the quality of the input sequence for 
LSTM model used in RUL prognostics. 

Table 1 summarizes the effect of different forgetting factor (𝜆𝜆) values on the SoHR estimation. As the forgetting 
factor increases, the estimated final internal resistance (𝑅𝑅0) decreases and becomes more stable, from 44.59 
mΩ at 𝜆𝜆 = 0.950 to 37.04 mΩ at 𝜆𝜆 = 0.999. Consequently, the estimated final SoHR increases from 86.48% to 
88.08%, indicating that larger forgetting factor values provide more consistent degradation estimates that 
better reflect the actual battery condition. In terms of estimation accuracy, increasing the forgetting factor 
substantially improves the model performance. The RMSE decreases from 5.3577% to 1.0554%, the MAE 
decreases from 4.1127% to 0.8077%, and the MAPE decreases from 4.4969% to 0.8704%. Meanwhile, the 
coefficient determination (𝑅𝑅2) increases significantly from 0.0598 to 0.8354, indicating a much stronger 
agreement between the estimated and actual degradation trends. Although all scenarios require only a very 
short computational time (0.0026–0.0057 s), the differences are negligible. Therefore, 𝜆𝜆 = 0.999 is selected 
as the optimal forgetting factor, as it provides the highest estimation accuracy, the most stable parameter 
identification, and a negligible computational cost, making it well suited for generating a reliable Health 
Indicator for subsequent LSTM-based RUL prognostics. 
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Table 1. Comparison of RLS output parameters under different forgetting factor values 

Parameter 
Forgetting factor (λ) 

λ = 0,95 λ = 0.975 λ = 0.985 λ = 0.990 λ = 0.995 λ = 0.999 

Initial 𝑅𝑅0 (mΩ)  30.74 26.13 26.01 26.17 26.35 26.5 

Final 𝑅𝑅0 (mΩ) 44.59 40.96 39.48 38.64 37.87 37.04 

Final SoHR (%)  86.48 82.97 84.47 85.71 86.88 88.08 

RMSE (%) 5.3577 5.4756 4.1421 3.1793 2.0663 1.0554 

MAE (%) 4.1127 4.2948 3.2951 2.5683 1.6745 0.8077 

MAPE (%) 4.4969 4.8198 3.6423 2.8131 1.8238 0.8704 

R² 0.0598 0.1427 0.2486 0.3668 0.5794 0.8354 

Computational time (second) 0.005668 0.003543 0.002652 0.002609 0.003517 0.003452 

3.2 RUL Prognostic Performance 
The LSTM model was employed to perform long-term forecasting of the SoHR trajectory obtained from the 
ECM–RLS framework. The model input consisted of the HI generated from the ECM-based battery modeling 
and RLS parameter estimation, while the model output was the predicted future SoHR trajectory until the 
predefined EoL thresholds of 80%, 70%, and 60% were reached. The prognostic model was implemented using 
a two-layer stacked LSTM architecture. To obtain the optimal prognostic performance, a sequential 
hyperparameter tuning strategy was adopted, consisting of two evaluation stages: Scenario A, which optimized 
the number of hidden units, and Scenario B, which optimized the learning algorithm (optimizer). In Scenario A, 
three stacked LSTM architectures were evaluated, representing lightweight (16–8 neurons), moderate (32–16 
neurons), and relatively larger (64–32 neurons) network configurations. The first LSTM layer was configured 
with return_sequences = True to preserve temporal information for the subsequent LSTM layer. In addition, a 
dropout rate of 20% was applied after each LSTM layer to reduce the risk of overfitting. Based on the 
experimental results, the architecture yielding the lowest RMSE, MAE, MAPE, and computational time, together 
with the highest 𝑅𝑅2, was selected for the second evaluation stage. 

In Scenario B, three widely used optimization algorithms Adam (Adaptive Moment Estimation), RMSprop (Root 
Mean Squared Propagation), and SGD (Stochastic Gradient Descent) were investigated to identify the most 
stable weight-update strategy. Furthermore, a fully connected Dense layer containing 16 neurons with the 
ReLU activation function was employed to capture nonlinear relationships from the LSTM outputs before 
producing the final SoHR prediction through a single-neuron output layer. The performance comparison of all 
hyperparameter configurations evaluated in Scenarios A and B is summarized in Table 2. 

Table 2. Performance comparison of LSTM hyperparameter configurations 

Scenario 
Model 

ID 
Hidden units  
(Layer 1 & 2) Optimizer RMSE 

(%) 
MAE  
(%) 

MAPE 
(%) R² Computational  

time (second) 

 M1.1 16 – 8 Adam 0,7422 0,5558 0,6444 0,8872 0,601362 

Scenario A M1.2 32 - 16 Adam 0,9605 0,6692 0,7775 0,9118 0,200149 

 M1.3 64 -32 Adam 0,8947 0,65 0,7542 0,9553 0,206641 

 M3.1 64 -32 Adam 0,8947 0,65 0,7542 0,9553 0,206641 

Scenario B M3.2 64 -32 RMSprop 0,8871 0,6484 0,7527 0,9372 0,125035 

 M3.3 64 -32 SGD 0,8699 0,7147 0,8267 0,9392 0,446784 

 

The sequential evaluation of the LSTM model revealed distinct performance characteristics across the tested 
configurations. In Scenario A, which investigated different network architectures (hidden units) while 
maintaining the Adam optimizer, Model M1.1 with the smallest architecture (16–8 hidden units) achieved the 
lowest prediction errors, with an RMSE of 0.7422%, MAE of 0.5558%, and MAPE of 0.6444%. However, it 
yielded the lowest coefficient of determination (𝑅𝑅2 = 0.8872) and required the longest computational time 
(0.601362 s), indicating that its limited network capacity was insufficient to effectively capture the long-term 
degradation dynamics of the battery. Increasing the network capacity to Model M1.2 (32–16) and Model M1.3 
(64–32) substantially improved the goodness of fit, with the 𝑅𝑅2 values increasing to 0.9118 and 0.9553, 
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respectively. Although Model M1.3 exhibited a slightly higher RMSE (0.8947%) than Model M1.1, its 
considerably higher 𝑅𝑅2 demonstrates a superior capability to capture the overall SoHR degradation trend. 
Moreover, Model M1.3 achieved a significantly shorter computational time (0.206641 s), making it the most 
suitable hidden-unit configuration for the subsequent optimizer evaluation in Scenario B. 

In Scenario B, the optimization focused on the learning algorithm while fixing the network architecture to the 
best-performing configuration identified in Scenario A (64–32 hidden units). Three optimization algorithms, 
namely Adam, RMSprop, and SGD, were comparatively evaluated. Among them, Model M3.3 using the SGD 
optimizer achieved the lowest RMSE (0.8699%) with an 𝑅𝑅2 of 0.9392, but required the longest computational 
time (0.446784 s) due to the relatively slower convergence behavior of SGD. In contrast, Model M3.2 was 
employing the RMSprop optimizer exhibited the most balanced overall performance, achieving an RMSE of 
0.8871%, MAE of 0.6484%, MAPE of 0.7527%, and an 𝑅𝑅2 of 0.9372, while outperforming the Adam optimizer 
in terms of prediction error. 

For long-term RUL prognostics, the primary consideration is the model's ability to accurately preserve the 
overall degradation trajectory rather than minimizing point-wise prediction errors alone. In this regard, Model 
M3.1, which employs the Adam optimizer with a 64–32 hidden-unit architecture, demonstrated the best 
overall performance by achieving the highest coefficient of determination (𝑅𝑅2 = 0.9553), while its prediction 
errors remained comparable to those of the RMSprop-based model. The superior 𝑅𝑅2 indicates that the model 
more faithfully captures the long-term degradation trend, thereby reducing error accumulation during iterative 
multi-step forecasting. Therefore, Model M3.1 was selected as the optimal prognostic model and subsequently 
used to iteratively project the future SoHR trajectory for RUL estimation. The resulting RUL prognostic 
trajectories obtained using the 64–32 hidden-unit architecture with the Adam optimizer are presented in Fig. 
7. 

 
(a) 

 
(b) 

Figure 7. LSTM-Based RUL Prognostics: (a) 𝑅𝑅0 prognostics, and (b) SoHR Prognostics 

Figure 7 illustrates the LSTM-based RUL prognostic results using the ohmic internal resistance (𝑅𝑅0) as the 
degradation indicator. The model successfully projects the battery degradation trend continuously beyond the 
end of the historical observation period in 2026. The historical trajectory shows an increase in 𝑅𝑅0 from 
approximately 26.83 mΩ at the beginning of the observation period to 36.31 mΩ at the end of the training 
dataset. Subsequently, the LSTM model predicts that the internal resistance will continue to increase 
nonlinearly, reaching 44.89 mΩ on 23 September 2027, corresponding to the predefined 80% EoL threshold. 
Beyond this point, the resistance growth continues progressively, reaching 53.61 mΩ on 8 December 2028 for 
the 70% EoL threshold and further increasing to 61.22 mΩ on 30 November 2029 for the 60% EoL threshold. 
This degradation trajectory indicates that the battery aging mechanism progresses gradually, which is 
consistent with the characteristics of LiFePO4 batteries, where internal resistance increases over time due to 
cumulative charge–discharge cycling and electrochemical degradation. Since the LSTM uses iterative multi-
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step forecasting, errors accumulate with the forecast horizon, and the reported metrics (computed on 
observed data) do not reflect long-horizon errors. The RUL estimates are therefore extrapolations with 
increasing uncertainty at longer horizons and have not yet been validated against actual EoL data. 

For comparison, the LSTM was benchmarked against the Gated Recurrent Unit, or GRU, a simplified variant of 
the LSTM architecture that retains the ability to model temporal dependencies. The LSTM better follows the 
long-term degradation trend, as indicated by its higher R², namely 0.9553 versus 0.8627 for the GRU. In 
contrast, the GRU achieved slightly better prediction accuracy, with an RMSE of 0.697% versus 0.8947% for 
the LSTM, an MAE of 0.5536% versus 0.6500%, and a MAPE of 0.6018% versus 0.7542%, as well as a shorter 
computational time. Since long-term prognostics prioritizes preserving the overall degradation trajectory over 
minimizing point-wise errors, the LSTM was selected as the prognostic model. 

4. Conclusion 
The results of this study demonstrate that the first-order Thevenin 1-RC model successfully represents the 
dynamic characteristics of the LiFePO4 battery in a residential microgrid system through the estimation of 
physical parameters, including the ohmic resistance (𝑅𝑅0), polarization resistance (𝑅𝑅1), and polarization 
capacitance (𝐶𝐶1). The identified parameters provide a reliable basis for internal resistance tracking and real-
time battery SoH estimation. The implementation of the RLS algorithm with a forgetting factor mechanism 
significantly improves the accuracy of SoHR estimation. Among the evaluated configurations, 𝜆𝜆 =
0.999 achieved the best performance, with an RMSE of 1.0554%, MAE of 0.8078%, MAPE of 0.8707%, and 
𝑅𝑅2 = 0.8354. The proposed approach successfully tracked the increase in ohmic resistance (𝑅𝑅0) from 26.5 mΩ 
to 37.04 mΩ, corresponding to a reduction in SoHR to 88.08% after 348 equivalent cycles. Furthermore, the 
LSTM-based prognostic model, utilizing degradation features extracted from the RLS estimation, the optimized 
LSTM model successfully projected the future SoHR trajectory and estimated the RUL under predefined EoL 
threshold scenarios. The optimized LSTM model achieved an RMSE of 0.8947%, MAE of 0.6500%, MAPE of 
0.7542%, and 𝑅𝑅2 = 0.9553. The model predicted the battery EoL thresholds at 511 days for SoHR = 80%, 953 
days for SoHR = 70%, and 1,310 days for SoHR = 60%, demonstrating the effectiveness of the proposed hybrid 
ECM–RLS–LSTM framework for battery health monitoring and long-term prognostics in residential BESS 
applications.  

These predictions are extrapolations and have not yet been validated against actual EoL data, which remains a 
limitation of this study. Future work is recommended to apply a Variable Forgetting Factor (VFF-RLS) algorithm 
so that λ can adapt automatically to dynamic load transients in the microgrid, yielding stable internal 
resistance estimates without losing responsiveness. Future studies are also encouraged to incorporate 
ambient temperature compensation and to integrate uncertainty quantification methods, such as Bayesian 
Neural Networks or Monte Carlo Dropout, into the LSTM or GRU models to provide uncertainty intervals for RUL 
predictions. In addition, the RUL predictions should be validated against actual end-of-life data and tested on 
more battery units. 
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