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Abstract 

Lithium iron phosphate batteries have seen a recent rise in usage in electric vehicles and battery 
energy storage systems. For these applications, reliability is of paramount importance and influences 
long-term adoption especially when replacing a used battery as it influences product warranties and 
consumer trust. Remaining Useful Life (RUL) prediction is at the core of avoiding unexpected failure 
and enabling proactive battery maintenance. Physics-based and data-driven methods have been 
explored by researchers, whilst Physics-Informed Neural Networks (PINNs) can combine their 
strengths in estimating battery RUL. This paper proposes Gompertz-Informed LSTMs (GILSTMs), 
approaches that combine the Gompertz function, an inherently interpretable white-box model, with 
LSTMs to capture both downward monotonic behaviour and long-term dependencies from data. 
LSTMs are regarded as black box systems and critical infrastructure operators may refrain from using 
such black box systems. Gray-box models such as GILSTMs may get over the hurdle by increasing 
model interpretability and chances of industrial adoption for battery energy storage systems, while 
also benefitting from data-driven modelling. This study explores two GILSTM architectures: the first 
uses an LSTM to predict Gompertz parameters, which are then converted into RUL via the inverse 
Gompertz equation. The second uses the inverse Gompertz equation as a verification step to cross-
check the RUL values generated by the LSTM. The first type of GILSTM was constrained by both a 
physics loss and an inverse Gompertz layer to predict RUL while the second verified the results of 
an LSTM, despite that the GILSTMs failed to generalize. The first type of GILSTM achieved an 
average RMSE of 22.97%, while the second type achieved an average RMSE of 26.99%. The models in 
this paper are also benchmarked on the first 100 cycles, a current state of art for battery degradation 
testing. The best overall implementation was an LSTM that predicted RUL by recursively predicting 
SoH achieving an average RMSE per cycle of 9.18% and a 100th cycle RMSE of 17.02%. 

Keywords: battery health estimation; Remaining Useful Life; lithium-ion batteries; lithium iron 
phosphate batteries; LSTM; Gompertz model; hybrid modelling; physics-informed machine learning; 
State of Health; State of Charge; coulomb counting equation 
 

1. Introduction 

An ideal power grid can match power supply and power demand by seamlessly balancing 
generation and consumption of power in real time. With the global rise in solar and wind sources, 
renewable and cheap energy is now more accessible. Unfortunately, solar and wind energy are 
intermittent, thus cannot be ramped up and down at will to match instantaneous electricity demand. 
Battery energy storage systems (BESSs) are poised to help wind and solar overcome this hurdle, 
increasing the cleanliness of many countries’ energy grids as well as providing energy security to 
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millions of people. In Kenya, the power grid integrates various power sources such as geothermal, 
hydroelectric, wind, solar and thermal. Unfortunately, due to grid-attributed infrastructure failures, 
blackouts in Kenya have become very common even in the 2020s [1] reducing reliability and stability, 
interrupting residential and industrial work. Issues regarding power grid reliability may be 
exacerbated with the installation of data centres which are very sensitive to changes in power grid 
frequency [2–4]. Technologies such as pumped-hydro and lithium-ion batteries play a crucial role in 
storing excess energy and dispatching it when needed, reducing energy curtailment and providing 
support to maintaining the frequency of power-grids [5]. In Kenya, the System Average Interruption 
Duration Index (SAIDI) in the first half of the year 2024 was 11.45 hours per month [6], meaning on 
average every electricity customer of the 9.6 million electricity customers [7] in Kenya experiences 
11.45 hours of power outage per month.  

To address these blackout issues, many people are looking toward purchasing residential battery 
backup systems. KenGen, Kenya’s largest electricity producer has proposed several BESS to be rolled 
out across Kenya between 2026 and 2041 with capacities of 2.2GW/4.7GWh, pending feasibility 
studies [8]. These batteries degrade over time and can cause unintended failures to occur if not 
managed properly. Knowing when to replace the batteries is crucial. This paper looks at 
understanding lithium iron phosphate (LFP) battery lifespan by providing an interpretable physics 
constrained framework for predicting the battery lifespans using Gompertz-Informed LSTM 
methods. The paper also addresses the potential implications and the ability of the method to follow 
physical degradation laws particularly the downward monotonic behaviour of LFP battery capacity 
degradation. 

2. Background and Prior Work 

This section details the technical and economic context for the research, beginning with a 
comparative analysis of energy storage technologies to highlight the advantages of Lithium-ion as a 
storage method. It then provides a detailed examination of the electrochemical properties and 
operational parameters related to LFP cells. This section builds up the necessary foundation to 
understand battery degradation mechanisms and the technical variables such as State of Health (SoH) 
and Remaining Useful Life (RUL) that are essential for the predictive modelling discussed later in 
this paper. 

2.1. Batteries and Their Characteristics 

There are over 60 types of batteries, one of which is the Lithium-ion battery (LiB) [9,10]. There 
are several chemistries within LiBs, the most prominent are lithium nickel manganese cobalt oxide 
(NMC), lithium nickel cobalt aluminium oxide (NCA) and lithium iron phosphate (LFP) batteries. In 
this paper, the focus is on the LFP batteries as they have recently eclipsed NMC and NCA batteries 
due to lower costs per kWh, thermal stability and safety [11].  

Among the different types of batteries commonly used for grid-scale or consumer energy 
applications, the choice typically depends on key factors such as storage efficiency, energy density, 
lifespan, discharge duration, and peak power capacity. Table 1 outlines a detailed description of 
common battery types. LiBs have seen increasing adoption in small- and large-scale systems due to 
their growing practicability [12,13]. For instance, pumped hydro costs from $1700 to $5100 per 
kilowatt (on average $3400) while LiB systems are priced from $2500 to $3900 per kilowatt (on average 
$3200) [14] yet unlike LiB-based BESSs which can be deployed almost anywhere with varying scale 
depending on the use case, pumped hydro tends to require locations with two adjacent areas of low 
and high elevation (constrained by geography). In addition, pumped hydro implementations require 
very large capital costs, keeping pumped hydro out of reach for most people, organizations and some 
countries. 
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Table 1. Battery and their storage capacities. 

Energy Storage 
Method 

Max Power Rating 
(MW) 

Discharge time Max cycles or 
lifetime 

Energy 
Density 

(Wh/liter) 

Efficiency 
(%) 

Pumped Hydro 3,000 4h – 16h 30-60 years 0.2-2 70-85 
Li-ion 100 1 min – 8h 1000-10000 cycles 200-400 85-95 

Lead-acid 100 1 min – 8h 6-40 years 50-80 80-90 

Hydrogen 100 mins – week 5 – 30 years 600 (at 200 
bar) 

25-45 

Flywheel 20 secs - mins 20,000 – 100,000 
cycles 

20-80 70-95 

Beyond cost, LiBs offer advantages in terms of modularity and ease of development, especially 
in urban areas, where most electricity is used. LiB systems can be implemented at household, factory 
and grid levels; therefore, they are expected to play an increasingly large role in the transition to 
renewable, decarbonized energy systems. Due to these advantages of LiBs, their adoption in Kenya 
and many other countries would be of benefit to their respective power grid, especially regarding 
reducing SAIDI, integration of wind and solar energies, massively reducing the amount of grid 
energy that is curtailed and playing as a substitute to expensive fossil-fuel power plants. 

2.2. Characteristics of LFP Batteries 

Lithium Iron Phosphate batteries (LFPs) are a safer and a more thermally stable variant of 
lithium-ion batteries, known for their lower risk of thermal runaway [9–12], with a thermal runaway 
threshold ranging from 180°C - 250°C as seen in Table 2. LFPs typically offer a lifespan ranging from 
1,000 to 10,000 charge-discharge cycles, which translates to approximately 2.74 to 27.4 years when 
used at a rate of one cycle per day. In 2024, LFPs accounted for approximately 40% to 59% of electric 
vehicle (EV) battery deployments and dominated the BESS market with an estimated 80% market 
share [13]. Their increasing popularity is driven by their durability, cost-effectiveness, and the 
elimination of critical materials like cobalt and nickel, making them more sustainable and 
geopolitically secure for large-scale energy storage and transportation applications [13]. 

The Remaining Useful Life (RUL) of LiBs refers to the number of charge-discharge cycles a 
battery can undergo while still maintaining an acceptable capacity. The definition of acceptable 
capacity is industrially defined as about 70-80% of its nominal capacity [14]. For example, an unused 
LFP battery with a nominal capacity of 1100 mAh may have a RUL ranging from 1000 to 10,000 cycles, 
depending on the manufacturer, operating conditions and usage. With each cycle, the battery 
undergoes gradual degradation, causing its capacity to decrease. When the capacity drops to 
770mAh-880 mAh (70%-80% of 1100 mAh), the RUL reaches zero, signalling the end of its effective 
service life, thus a need for replacement. 

The maximum capacity that the battery can draw at any point in time, relative to its capacity 
when new, is known as the State of Health (SoH). SoH is typically expressed as a percentage and 
serves as a real-time indicator of battery aging [14]. While RUL provides a forecast of how many more 
cycles a battery can deliver, SoH provides a snapshot of the battery’s present condition, usage related 
properties such as those in Table 2 may inform the gradual change in SoH for LFP batteries. These 
two parameters, SoH and RUL, are closely related and are both critical in battery management 
systems (BMS) for ensuring safe operation, optimizing performance, and planning timely 
replacements in grid-scale and consumer applications. By monitoring the usage related properties of 
an LFP battery, with reference to those in Table 2, the SoH and RUL of an LFP battery can be 
estimated. The SoH values are fixed percentage points dependent on cycling conditions while the 
RUL varies greatly based on usage.  

Battery users may usually be more concerned with the status of the battery within each charge-
discharge cycle, the proportion of energy remaining in the battery relative to its nominal energy. This 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 19 March 2026 doi:10.20944/preprints202603.1540.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202603.1540.v1
http://creativecommons.org/licenses/by/4.0/


 4 of 25 

 

proportion of energy remaining in a battery relative to its nominal energy is referred to as the State 
of Charge (SoC) and is usually indicated using a battery status bar or battery indicator; the nominal 
energy is a result of multiplying the nominal voltage with the nominal capacity and is expressed in 
Watt-hours (Wh) [15]. This SoC is typically expressed as a percentage ranging from 0% (fully 
discharged) to 100% (fully charged). If a battery is discharged below 0% SoC or charged beyond 100% 
SoC, irreversible chemical reactions may occur, leading to accelerated degradation and a significant 
drop in the SoH. Therefore, battery engineers have developed charging and discharging limits to 
properly approximate this SoC based on usage related properties as seen in Table 2. 

One method for approximating SoC that has become very common for continuously operating 
battery systems is the Coulomb Counting (CC) method. The method is simple and standardized 
because it is accurate for short-term calculations [16]. The method uses the Coulomb Counting SoC 
estimation formula shown in Equation 1 [17,18].  Where 𝑆𝑜𝐶 ሺ𝑡଴ሻ is the initial state of charge of 
the battery based on open circuit voltage or predictive means. 𝐶௥௔௧௘ௗ is the nominal capacity of the 
battery/cell when it is new. 𝐼௕௔௧ is the battery current, 𝑡଴ is the initial time and t is the time when 
charging or discharging occurs. This equation simply calculates the area under the curve of current 
over time.  

                  𝑆𝑜𝐶ሺ𝑡ሻ = 𝑆𝑜𝐶 ሺ𝑡଴ሻ +  ଵ଴଴%஼ೝೌ೟೐೏ ׬ 𝐼௕௔௧ሺ𝜏ሻ𝑑𝜏௧଴ା௧௧଴                           (1) 

The coulomb counting equation doesn’t directly address battery decay; thus, it can be erroneous 
due to long-term drift of the battery capacity from the rated capacity [16]. Enhanced coulomb 
counting methods have been proposed to address long term drift [19–21], each of which highlights 
the need to include battery decay by including the shift in SoH over time as shown in Equation (2). 

               𝑆𝑜𝐶ሺ𝑡ሻ = 𝑆𝑜𝐶 ሺ𝑡଴ሻ + ଵ଴଴%ୗ୭ୌ ∗ େ౨౗౪౛ౚ ׬ 𝐼௕௔௧ሺ𝜏ሻ𝑑𝜏௧଴ା௧௧଴                         (2) 

This improvement is the integration of SoH into the traditional coulomb counting method used 
for State of Charge (SoC) estimation by accounting for the reduction in usable capacity over time can 
provide more accurate real-time SoC estimates. To achieve inclusion of SoH, causes of degradation 
need to be well understood. Charging above the maximum charge voltage can lead to overcharging, 
which has been found to accelerate degradation. Discharging below the minimum discharge voltage 
limit can result in over-discharge, leading to irreversible chemical changes that degrade the batteryʹs 
capacity and potentially render the cell unusable. Higher speeds of discharging/charging of the cells 
relative to the nominal capacity (C-rate) increase internal resistance and thermal stress, leading to 
faster degradation. Studies show capacity fade correlates with cycles, temperature, and depth of 
discharge [22]. Proper estimation of SoC is usually employed to mitigate this degradation thus 
extending battery life. To control degradation, modern battery systems are equipped with a battery 
management system (BMS) that monitors and regulates SoC ensuring safe operation. SoC estimation 
has a direct influence on the SoH and the RUL of the battery, SoH estimation also has a direct 
influence on SoC and RUL. Accurate RUL prediction is essential for ensuring the reliability, safety 
and efficiency of battery-powered systems such as electric vehicles and renewable energy storage. 

Table 2. Usage related properties of LFP Batteries. 

Properties Description 
Nominal Voltage 3.2 volts [20] 

Maximum Charge Voltage 3.65 V [21,22] 
Minimum Discharge Voltage 2.0 V-2.8 V [23] 

Charging rates 0.2-0.5 C [24] 
Fast charge rate 1C [24] 

Standard continuous discharging rate 1C [25] 
High performance continuous discharging rate 2-3 C [25] 
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2.3. SoH and RUL Estimation Methods 

The health and lifespan of any industrial equipment is very important, the SoH and RUL of all 
and any industrial equipment is crucial to the maintenance of good operations, from MOSFETs [23], 
bearings [24,25] and other industrial machinery [26–28]. A battery can be defined specifically as 
equipment that stores and releases electrical energy. Equipment tends to suffer wear and tear and 
with time need to be replaced and renewed, in the case of LiBs, degradation is caused by collection 
of solid electrolyte interfaces (SEI) on the graphite anodes [3,29–33] reducing the amount of lithium 
ions available in the battery, termed loss of lithium inventory (LLI), causing shorter operating 
durations at a specific power output. Capacity degradation occurs in two forms called calendar aging 
and cycle aging, representing loss of capacity when at rest and loss of capacity during usage 
respectively [33], this paper primarily investigates cycle aging. If the time for this replacement (RUL) 
is not monitored, a battery or system of batteries may fail to provide the required energy at a critical 
juncture. More recently, the RUL and SoH of lithium-ion batteries have become matters of scientific 
research focus because of the growth currently occurring in the clean, green and sustainable energy 
sectors [16,33–43]. Several methods are used to predict RUL including data driven methods utilizing 
Neural Networks [31–34], Gaussian processes [35,44], LSTMs [36,38] and physics-based methods 
have recently been of interest in battery parameter estimation [40,41,44]. Despite these advancements 
in RUL prediction, model interpretability remains a significant challenge due to the nonlinear, time-
variant nature of battery degradation and the strict reliability requirements of critical applications 
such as electric vehicles and battery energy storage systems. To address this, this paper proposes 
integrating the Gompertz degradation model with LSTM architecture. This approach aims at 
enhancing model interpretability by using the Gompertz model not only as a reliable health indicator 
but also as a mechanism to enforce physics constraints in the network’s real-time predictions. 

The study evaluates three distinct modelling strategies: (1) a physics-based Gompertz method 
that models the SoH-RUL relationship as a deterministic decay process (2) purely data-driven Long 
Short-Term Memory (LSTM) models used to capture temporal dependencies and (3) a hybrid 
framework called Gompertz-Informed LSTM (GILSTM). By constraining data-driven learning with 
the Gompertz parameters (k, a and b), the GILSTM approach is designed to combine the predictive 
power of LSTMs with the interpretability and adherence to physical laws offered by the Gompertz 
model.  

The remaining paper sections are structured as follows: section 3 presents the methodology 
which includes the rationale for using the Gompertz function, the dataset, dataset analysis and 
dataset preprocessing; modelling approaches and the modelling rationale, section 4 presents the 
experimental results, section 5 presents the discussion of comparative evaluation and key limitations, 
then finally section 6 presents the paper conclusion, key takeaways and suggestions for future work. 

3. Materials and Methods 

This section outlines the basis for using the Gompertz function, the dataset characteristics and 
the methodological framework employed in this study. It describes and explores the dataset used, 
the implementation of pure data-driven models utilizing LSTMs, empirical modelling based on the 
Gompertz decay function and a novel hybrid approach: Gompertz-Informed LSTM (GILSTM). This 
hybrid architecture proposes to combine the generalizability of the data-driven techniques with the 
interpretability and robustness of an empirical modelling approach to accurately estimate Remaining 

High performance pulsating discharging rate 10-15 C [25] 
Gravimetric Energy Density 100–140 Wh/kg [26] 
Volumetric Energy Density 220 Wh/L [26] 

Thermal Runaway Threshold 180–250 °C [26] 
Operation/Storage Range -30 °C to +60 °C [26] 

Typical Lifespan 2,500 to >9,000 cycles [27,28] 
Ideal conditions lifespan 10,000 cycles [27,28] 
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Useful Life (RUL) at specific State of Health (SoH). The overall workflow adopted for this study is 
visualized in Figure 1 below. 

 
Figure 1. Data and Machine Learning Pipeline. 

The key parts of Figure 1 were dataset preparation, modelling and model testing. Dataset 
preparation involved acquisition of available online LFP battery datasets, conversion of the raw data 
to pandas data frames where variables such as Current, Voltage, Time and Cycles were extracted 
from the dataset and using Equation 1 this data was feature engineered to calculate SoC thus, by 
obtaining the maximum SoC relative to nominal capacity, the SoH of each cell at each cycle was 
computed. The RUL was extracted for each cell at 70% normalized SoH and the resultant SoH curves 
were used to compute the Gompertz Parameters (k, a and b) to be used as physical constraints for 
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hybrid models. Modelling involved comparing three distinct approaches to predict RUL. Model 
testing was the final stage used to evaluate each model’s effectiveness. 

3.1. Basis for Using Gompertz Parameters for RUL Prediction 

3.1.1. Monotonicity and RUL Prediction 

LiB capacity degradation is inherently a downward monotonic process. While predicting the 
SoH at future cycles is a common approach to estimating the RUL, direct multistep forecasting often 
suffers from error accumulation (drift) as the prediction horizon increases. To address this contention 
around predicting RUL, this study proposes an inverse mapping strategy. Rather than predicting the 
SoH for a given cycle, the model predicts the number of cycles required to reach 0.7 SoH threshold. 
Thus, RUL prediction is reformulated as determining the number of cycles the battery in its current 
state will take to reach its End of Life (EoL) threshold. This approach leverages the monotonic nature 
of capacity degradation, mapping observed data to a specific destination (the RUL at EoL). As 
illustrated in Figure 2, the proposed method predicts the point of failure by estimating the number 
of cycles required to reach a SoH of 0.7, enforcing a strictly monotonic decay consistent with physical 
capacity degradation.  

 

Figure 2. Schematic of the proposed inverse-mapping prediction. 

Unlike traditional methods that forecast SoH from cycles or predict RUL, this paper’s approach 
uses an LSTM to predict the k, a and b (Gompertz parameters) and use the inverse Gompertz equation 
to calculate the corresponding RUL from the x-axis. The Gompertz model can on its own be used to 
predict close SoH intervals, for example, in Figure 2 the Gompertz fit for SoH data from Beginning-
of-Life (BoL) to 93% SoH (511 cycles of historical data) can be used to calculate the cycles needed to 
reach 0.9 SoH but can an LSTM trained using constraints informed by the Gompertz model accurately 
predict the k, a and b parameters that would calculate the RUL accurately? The Gompertz fit at 93% 
SoH approximates a RUL of 4452 cycles. The theoretical Gompertz degradation path (red curve) 
serves as a physics-informed constraint, guiding the LSTM’s k, a and b values to predict the SoH 
curve (green line) while ensuring monotonic degradation behaviour. By predicting the RUL, the 
model combines the data-driven benefits of neural networks with physics informed constraints 
derived from the Gompertz growth model [45]. 

3.1.2. The Gompertz Model 
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The Gompertz model [45] is a widely established sigmoidal function commonly used to describe 
growth and degradation processes, owing to its asymptotic behaviour, interpretability and ability to 
model nonlinear trends such as growth and degradation phenomena. In this study, the Gompertz 
function is used to approximate the capacity degradation curve of LFP batteries and estimate their 
RUL.  The general form of the Gompertz function [45] is defined in Equation 3a. 

                        𝑦ሺ𝑥ሻ = 𝑘𝑒  ି௘ೌష್ೣ                                                                 ሺ3aሻ  

where 
● 𝑦(𝑥) denotes the normalized capacity at cycle x. 
● 𝑘 is a scaling factor representing initial capacity. 
● 𝑎 is a shape parameter controlling the shift of the curve. 
● 𝑏 controls the rate of capacity degradation. 

The model parameters (k, a, b) are estimated using non-linear least squares optimization. 
Equation 3a can be rearranged to Equation 3b to solve for x (cycles) given a specific target SoH ( 𝑦ො), 
facilitating the inverse mapping strategy described in Section 3.1.1.  

       𝑥 = ୟି ୪୬ቀ୪୬ቀೖ೤ቁቁ௕                              (3b) 

Furthermore, to ensure the neural network adheres to physical degradation laws, the differential 
form of the Gompertz equation is utilized as a constraint during training. This enforces a Physics-
Informed framework where the network outputs satisfy the rate of change defined by Equation 3c. 

                          ௗ௬ௗ௫ = 𝑏𝑦𝑒௔ି௕௫                                                        (3c) 
By integrating Equation 3c into the loss function, the model is constrained to obey the 

mathematical properties of the Gompertz degradation trend, ensuring robust and interpretable RUL 
predictions. 

3.2. Dataset Acquisition and Description 

The dataset used for experimentation and pipeline development in this study was the Huazhong 
University of Science and Technology (HUST) battery dataset [36]. The HUST battery dataset was 
downloaded directly from Mendeley data. The raw HUST dataset comprises of charging and 
discharging data from 77 LFP cells, each with a nominal capacity of 1.1 Ah. From the data, all cells 
were cycled using a standardized charging protocol, with different multistage discharge protocols 
applied to the cells at a constant temperature of 30 °C to ensure thermal consistency across the dataset. 
The dataset is meant to be used to model battery health, thus relevant to the study in this paper. The 
raw HUST data has been packaged in pickle format (.pkl) and are serialized python objects that had 
been converted into a byte stream for storage purposes. 

3.3. Dataset Analysis and Preparation 

The raw HUST data was stored in dictionary format, that dictionary contained three nested 
dictionaries, the first contained data representing the calculated RUL at each battery cycle, the second 
contained the battery capacity after each cycle and the third contained data indicating the charging 
status, cycle number, current in milliamperes, voltage, capacity of stored power and the time since 
the cycle started. To conduct the study in this paper, the data was aggregated into a refined dataset. 
The refined dataset includes six dependent variables: current, voltage, cell capacity (Q), RUL, cycle 
number, and change in capacity (dq) as well as two independent variables: time and cycle count. 
Figure 3 shows how these variables change over time for cell 2-2. The plots are of the dependent 
variables over time for all cycles of cell 2-2 from the HUST dataset on the left (a) and on the right (b) 
are the same plots over time but only for the first ten cycles. 
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(a) 

 
  (b) 

Figure 3. The plots of the dependent variables over time for cycles of cell 2-2. 

The RUL of the cell equalled zero when the usable cell capacity dropped to 880 mAh (80% of the 
nominal capacity). Figure 3 (b) zooms in to the first ten cycles (9.7 hours) of Figure 3(a), showing how 
the dependent variables evolved with each charge-discharge cycle within those 10 cycles, while 
Figure 3 (a) shows how those dependent variables evolved over the entire lifespan of the battery (2651 
cycles/90 days). The HUST dataset had data from variables of voltage, current, time, capacity, dq and 
cycles to model SoH and RUL, it was required to understand the relationship between these variables 
and how they can be used to obtain SoC and SoH. For the SoC to be computed, the Coulomb Counting 
SoC estimation formula shown in Equation 1 was used because SoH is defined as the ratio of the 
capacity of a battery in a used state and a new state [46–48], moreover since the Coulomb Counting 
SoC equation uses the rated capacity instead of the current capacity, this detail is reinforced. As 
mentioned earlier the coulomb counting equation typically uses the nominal capacity to calculate 
SoC, if a SoH degradation model such as an LSTM or a Gompertz model is used, the capacity can be 
adjusted such that each percentage value of the SoC from 0% to 100% of each cycle is corrected, that 
is, 1% should represent 1% of the current capacity not rated capacity, for early, mid and later cycles. 
The SoH formula is represented as in Equation 4, where 𝐶௖௨௥௥௘௡௧ stands for the cell capacity at time 𝑡 and 𝐶௥௔௧௘ௗ is the nominal capacity of the cell.  

                  𝑆𝑜𝐻(𝑡) = ஼೎ೠೝೝ೐೙೟஼ೝೌ೟೐೏ = ୫ୟ୶(ௌ௢஼)஼ೝೌ೟೐೏                 (4) 

Since the HUST cells were charged and discharged to more than the nominal capacity of 1.1Ah, 
each cell was normalized by 115% of 1.1Ah to ensure they are bound between 0 and 1. This is 
attributed to the conservative manufacturer ratings and the capacity buffer typically found in new 
cells [49,50]. By using a normalization factor of 1.265Ah (115% of nominal capacity), the SoH 
normalization in Equation 5 accounts for the or the fact that new high-quality cells often exhibit an 
initial capacity significantly higher than their labelled nominal capacity. This ensures that the 
normalized SoH do not exceed 1.0 at the Beginning of Life (BoL) which would otherwise distort the 
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training of machine learning models like LSTM; thus the 80% of the nominal capacity is normalized 
to 70% SoH. 

                𝑛𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑆𝑜𝐻(𝑡) = ௌ௢ு ଵଵହ.଴                                 (5) 

Following the completion of data preprocessing and calculations, the capacity values for e ach 
cycle were extracted, enabling subsequent analysis of degradation trends. For training, validation 
and testing purposes, the dataset was split with the ratio 72:14:14, resulting in 55 cells for training, 11 
cells for validation and 11 cells for testing, the exact splits were based on BatteryML’s [44] train-test 
splits, this was to ensure consistency when comparing results. In Figure 4, the SoH values obtained 
from the SoH normalization formula Equation 4 are used and the cycle number has been normalized 
by 10,000 cycles, the expected upper limit number of cycles. The batteries in the HUST dataset used 
more than the nominal capacity of 1.1 Ah with many reaching 1.21 Ah. To ensure uniformity among 
all the datasets, 1.265 Ah was used as the normalizing constant for all datasets used as shown in 
Equation 5. 

 

Figure 4. The plot of normalized SoH versus cycle number for cell 2-2 (left) and a plot of SoH versus normalized 
cycle count is plotted for all 77 HUST cells. 

3.4. Modelling 

3.4.1. Gompertz Model Formulation 

The Gompertz model is a growth model developed by Benjamin Gompertz in 1825 to model 
human mortality [45]. The Gompertz model was utilized in two experiments, the first set of 
experiments fit the model on entire SoH curves like those shown in Figure 4, thus extracting their 
final k, a and b, then finally calculating the RUL using Equation 3b where y = 0.7 and checking the 
Gompertz model’s ideal performance. This method is referred to as the baseline Gompertz fit. The 
second method was testing the Gompertz model real time RUL estimation performance from cycle 1 
to cycle N where N ranged from value 2 to value 2689 (the longest cell lifespan of any of the HUST 
cells). For the second method, the inverse Gompertz equation (Equation 3b) was also used. This 
method is referred to as Real-Time Gompertz Testing. Data analysis was conducted to explore the 
relationship between the Gompertz parameters k, a and b and the battery RULs. 

A. Baseline Gompertz Fit 

In an ideal situation, the entire SoH curve of each battery is known by some form of successful 
extrapolation thus fitting the Gompertz function to these curves results in values of k, a and b whose 
calculated RULs should have very little deviation from the target RULs. By doing this, the study 
shows the potential performance of the Gompertz model.  Figure 5 shows the pipeline used to 
calculate the RUL using the Gompertz function. 
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Figure 5. Schematic of the RUL estimation framework using the Gompertz function. 

The observed SoH on the left was fitted to the model to extract parameters k, a and b, these 
parameters are used as targets in the GILSTM later. The parameters were used to calculate the exact 
point of intersection with the failure threshold by using the Inverse Gompertz function, Equation 3b, 
where y = 0.7, resulting in predicted RUL values.  

B. Real-Time Gompertz Testing 

In practice, the complete SoH curves are not known if the cell has not reached its RUL, the curves 
need to be approximated from the known values of SoH. Each cell would have SoH values ranging 
from cycle 1 to cycle N where N ranged from value 2 to value 2689 (the longest cell lifespan of any of 
the HUST cells), interval of 1 cycle. The schematic pipeline for this is shown in Figure 6. As illustrated 
in Figure 6, the parameters k, a and b are subsequently used in Equation 3b to estimate the RUL by 
extrapolating the cycle x at which the SoH drops to 0.7 due to normalization in Equation 5 the SoH 
values of 110% to 80% are represented within the range 0.96 to 0.7.   

 

Figure 6. Schematic of the Realtime-fitting procedure. 

Figure 6 above describes how the Gompertz model fits on available data and how RUL is 
calculated at different cycle numbers and SoH thresholds. The Gompertz model was fitted on 
truncated SoH curves representing different stages of battery life (96%, 93%, 87%, and 78% SoH). The 
vertical gray line indicates the current cycle available for fitting; the red curve shows the Gompertz 
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modelʹs extrapolation used to calculate RUL at that specific cycle. The main limitation was how to 
capture long temporal dependencies, especially given how the SoH curve has a non-linear shape. 
When calculating the RUL, the values were multiplied by 10,000 to obtain the non-normalized RUL 
values. 

3.4.2. Long Short-Term Memory (LSTM) Models 

LSTM networks [51] are a type of recurrent neural network (RNN) capable of learning long-term 
dependencies in sequential data. Due to their memory nodes, LSTMs are particularly effective at 
modelling time series data with temporal correlations, such as battery capacity degradation patterns 
across multiple charge-discharge cycles. In this study, two LSTMs were developed to model SoH to 
RUL using two separate strategies and the same models were used as the backbone neural network 
in the GILSTMs section 3.4.3. The two models can be classified in this manner: 

A. An LSTM that directly predicted RUL from SoH values (LSTM1). 
B. An LSTM-based that predicted the next cycle’s SoH from SoH values (LSTM2). 

These models were used as baseline Blackbox models. For each of these models, the same 
backbone LSTM predictor was used with the main differences being the mentioned outputs, the 
training strategy as well as testing strategies. The architecture of each of these models is shown in 
Figure 7. Both models take a sequence of normalized SoH values as input, these values are derived 
from the SoC calculations over a fixed window of prior cycles, here a window size of 100 cycles is 
used. LSTM1 outputs a single RUL prediction. LSTM2 outputs the next cycle’s SoH value, the RUL 
is obtained from it by recursively popping out the first value in the window, shifting the remaining 
window forward by one and popping in the predicted SoH value at the end of the window then 
running the model on this new window. The number of cycles needed to output a SoH prediction 
lower than 80% of the nominal capacity is taken as the predicted RUL. This type of LSTM is known 
as a sequence-to-one LSTM.  

 
(a) 

 
(b) 

Figure 7. (a). The labelled architecture for the SoH to RUL LSTM (LSTM1). (b). The labelled architecture for the 
SoH-to-SoH LSTM (LSTM2). 

These two models are baseline data driven LSTM models for comparison with the GILSTMs. 
The approaches leverage the LSTM’s ability to capture non-linear and temporal dynamics in battery 
behaviour enabling accurate RUL estimation. Since these two models were formulated as similar 
sequence-to-one regression tasks as seen in Figure 7, their input tensors are similar and of shape 
[batch_size, window_size, 1], where window_size refers to the number of time steps used in each 
prediction. Experiments were conducted with a window size of 100.  

Training Setup 

Model training and inference were conducted on a POSIX-compliant Linux x86_64 system with 
a P100 GPU and on a POSIX-compliant Linux x86_64 system with 4 NVIDIA GH200 GPUs. The 
networks were trained using the Adam optimizer [52] with an initial learning rate of 1e-3. To improve 
convergence, a StepLR learning rate scheduler was employed with a step size of 200 epochs. The 
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Mean Squared Error (MSE) was used as the loss function, and performance was evaluated using Root 
Mean Squared Error (RMSE) on both training and validation datasets. The models with the best 
validation loss were saved. The number of training epochs set at 1000 as shown in Table 3 was 
determined empirically by monitoring the validation RMSE. Training continued for all 1000 epochs 
but only the best model was saved. 

Table 3. Key Training hyperparameters. 

Loss Function Mean Squared Error (MSE) 
Learning Rate Scheduler StepLR (step size = 200) 

Optimizer Adam(lr=1e-3) 
Epochs 1000 

Evaluation Metric Root Mean Squared Error (RMSE) 

3.4.3. Gompertz-Informed Long Short-Term Memory (GILSTM) Models 

In this study there were three GILSTM models developed to leverage the advantages of LSTMs 
and the Gompertz function to model battery capacity degradation. The three models were classified 
as follows: 

A. A GILSTM that directly predicted the parameters k, a and b from SoH values (GILSTM1) trained 
only on SoH data from the first 100 cycles only. For the inference stages, the predicted k, a and 
b were passed through an inverse Gompertz layer to predict each test cell’s RUL. 

B. A GILSTM that directly predicted the parameters k, a and b from SoH values (GILSTM2) trained 
on SoH data from all cycles. For the inference stage, the predicted k, a and b were passed through 
the inverse Gompertz layer to predict each test cell’s RUL. This inverse Gompertz layer is based 
on the Equation 3b. 

C. A GILSTM that predicts RUL using LSTM2, the model predicts the next cycle’s SoH from SoH 
values (GILSTM3), when used recursively can predict the RUL. The Gompertz function was 
fitted on the recursively output SoH curve and using the generated k, a and b parameters were 
passed through the inverse Gompertz layer to predict each test cell’s RUL. 

GILSTM1 and GILSTM2 both utilize the architectures described in Figure 8. The architectures 
are different depending on whether the model was training, Figure 8 (a) or inferencing, Figure 8 (b). 
When inferencing the inverse Gompertz function was used to calculate RUL. 

 
(a) 

 
(b) 

Figure 8. (a). The architecture for GILSTM1 and GILSTM2 used in training. (b). The architecture for GILSTM1 
and GILSTM2 used during inference. 

The purpose of these models, GILSTM1 and GILSTM2, having to predict the parameters first 
was to ensure the models learnt the physical degradation of the battery’s capacities. Training of these 
models utilized the same hardware used to train and test the purely data-driven models. The training 
process of these Gray-Box models is shown in Figure 9 and utilizes a weighted loss comprising of 
data loss, physics loss and RUL loss to guide the training process. The Physics-Informed Loss function 
is described in more detail in Figure 10. The overall weighted function used in training combines the 
data loss, the MSE between the target k, a and b and the predicted k, a and b, the physics loss, MSE 
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between the target and predicted 1st derivative of the Gompertz function (ௗ௬ௗ௫) and the MSE between 
the target and predicted Gompertz function (y) and an RUL loss where the predicted k, a and b were 
passed through an inverse Gompertz layer where y was 0.7, calculating the predicted RUL and then 
calculating the MSE between predicted RUL and target RUL. The GILSTM3 model leveraged the 
superior learning of the LSTM network to capture the underlying capacity fading shape and the 
Gompertz function used the capacity fade curve output from the LSTM to fit the parameters k, a and 
b of a Gompertz degradation function. RUL prediction from these fitted k, a and b is then conducted. 

 
Figure 9. The training process for GILSTM1 and GILSTM2. 

 

Figure 10. The Physics-Informed Loss used for training GILSTM1 and GILSTM2. 
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3.5. Evaluation Metrics 

Five evaluation methods were utilized to evaluate quantitatively the performance of the 
proposed models: mean squared error (MSE), physics-informed loss function, root mean squared 
error (RMSE), RMSE per Cycle and RMSE at cycle 100.  

a. Mean Squared Error (MSE) - measures the average of the squares of the error [43]. 𝑀𝑆𝐸 =  ଵ௡ ∑ (𝑦௜  −  𝑦పෝ)ଶ௡௜ ୀ ଵ                                      (6) 

The MSE is sensitive to outliers and used in regression models. Used when training all models, 
when training GILSTM1 and GILSTM2 the MSE was used to formulate the physics-informed loss 
function as shown in Figure 10. 
b. Physics-Informed Loss Function 

To train GILSTM1 and GILSTM2 it was seen fit to penalize the model for disobeying downward 
monotonicity since the Gompertz function captures that trend from the SoH curves, to achieve that 
the MSE in the first derivative ௗ௬ௗ௫  , in the Gompertz Function, the RUL as well as the Gompertz 
parameters k, a and b were used as shown in Figure 9 and in the weighted loss function shown in 
Figure 10. Use of the first derivative was influenced by the PINNs paper [53] as well as the fact that 
the first derivative had a very high correlation with the cell’s RUL. This resulted in a weighted loss 
comprising of data loss, physics loss and RUL loss to guide the training process. 
c. Root Mean Squared Error (RMSE) - Square root of MSE. Sensitive to outliers and is in the same unit 
as the original data. %RMSE is the RMSE divided by the mean target RUL. 𝑅𝑀𝑆𝐸 =  ටଵ௡∑ (𝑦௜  −  𝑦పෝ)ଶ௡௜ ୀ ଵ                               (7) 

d. RMSE vs Cycle 
Used to evaluate how the models RUL RMSE changes as batteries degrade across their cycle life. 

Confirms model generalizability over time.  
e. RMSE at cycle 100 

Used as a benchmark result particularly because of work from Severson et. al [35] and BatteryML 
[44]. Since predicting RUL is harder in early stages, this benchmark is a realistic way of comparing 
the performance of different models on RUL prediction. This benchmark relies on testing the model 
on data from the first 100 cycles only. 

4. Results 

This section outlines the results from Gompertz data analysis, visualized and numerical results 
from the modelling processes, particularly the results of empirical modelling based on the Gompertz 
decay function, pure data-driven models utilizing LSTMs (LSTM1 and LSTM2) and novel hybrid 
approaches: Gompertz-Informed LSTM (GILSTM1, GILSTM2 and GILSTM3). 

4.1. Gompertz Data Analysis and Modelling Results  

The initial experimentation with the Gompertz function was to provide baseline and real-time 
results when using the Gompertz model for RUL prediction.  

4.1.1. Gompertz Parameter Data Analysis and Baseline Gompertz Fit 

This section sought to establish justifiable reasons as to why the Gompertz model is suitable for 
making LSTMs and neural networks more interpretable when predicting RUL. The results of these 
experiments are on full SoH curves. Thus, prior to development of RUL prediction models, the 
relationships between SoH and the Gompertz parameters and between RUL and the Gompertz 
parameters were investigated. This initial experimentation was to check whether the Gompertz model 
had captured any valuable information that was relevant to the cells’ RUL. The variables represented the 
values captured from the cell’s full SoH curves. It was found that the values for the Gompertz parameters 
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k, a and b shown in Figures 11 (a), (b) and (c) respectively ranged between 0.93 to 1.2 for k, -4.6 to -1.5 for 
a and -28 to -4 for b. The parameter b shows a strong positive correlation with RUL. This reinforces the 
thought that the Gompertz function may be useful when predicting battery RUL. 

 
(a) 

 
(b) 

 
(c) 
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Figure 11. a, b and c represent the linear relationship between the Gompertz Parameters k, a and b respectively 
with RUL. 

Moreover, Figure 11 confirms correlations for parameters k, a and b with RUL seen in the 
correlation matrix in Figure 12 where parameter b has the highest correlation of 0.89 followed by 
parameter a and parameter k.  

 

Figure 12. The correlations between HUST data and Gompertz parameters. 

In Figure 12, what is particularly important is the high correlation between parameter b, the 1st 
derivative of the Gompertz equation and RUL. This high correlation informed the use of the first 
derivative in the physics-informed loss. The various tranches of RUL were 14 cells that had a RUL of 
1000 – 1500, 34 cells with a RUL of 1500-2000 and 29 cells with a RUL of more than 2000. As part of 
the study the relationship between these three various tranches of RUL and the Gompertz parameters 
k, a and b were investigated and shown in Figure 13. The variable b delineates these tranches quite 
well. 
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Figure 13. The relationship between a and b (left), a and k (middle) and b and k (right) colour-coded according 
to those RUL categories. 

Figure 13 proves that the Gompertz function can be used to confirm the RUL of a cell given 
complete SoH curves. Furthermore, the cells’ complete SoH curves were fitted on the Gompertz 
function, and the RUL was calculated using the inverse Gompertz function Equation 3b resulting in 
a mean RMSE of 27.9 cycles (1.4%). Such results would be excellent, but they can only be calculated 
given the actual SoH curves are known. 

4.1.2. Modelling Results 

Below is Table 4 representing the results of the various models developed in this study as well 
as the results of comparable studies. The units of RMSE are in cycles. 

Table 4. Modelling results. 

Model 100th Cycle RMSE (%RMSE) Mean RMSE (mean %RMSE) 
per cycle 

          Baseline Gompertz Not Applicable 27.9 (1.4%) 
Real-Time Gompertz 16250 (861.89%) 3192 (167.6%) 

SoH-RUL LSTM (LSTM1) 321 (17.02%) 188 (9.87%) 
SoH-SoH LSTM (LSTM2) 327 (17.34%) 182 (9.18%) 

SoH-k,a,b GILSTM (GILSTM1) 408 (21.64%) 657 (29.54%) 
SoH-k,a,b GILSTM (GILSTM2) 431 (22.86%) 501 (22.97%) 
SoH-SoH GILSTM (GILSTM3) 339 (17.98%) 594 (26.99%) 

HUST Model [34]  Not Applicable 186 (9.38%) 
BatteryML “Discharge” Model (best) on HUST 

dataset [44]  
322 (17.08%) Not Applicable 

BatteryML LSTM Model on HUST dataset [44]  443 (23.5%) Not Applicable 
BatteryML Transformer Model on HUST dataset [44] 391 (20.74%) Not Applicable 

BatLiNet Model on HUST dataset [54] 264 (14%) Not Applicable 

In Table 4, there is presented the performance of the developed models compared to the various 
baseline models. The baseline “Discharge” model used linear regression on capacity-voltage curves 
[54] whereas the BatLiNet model uses an Encoder-Decoder neural network with embedding spaces 
to achieve superior performance. The models developed in this study were also tested on RMSE per 
cycle resulting in Figure 14. 

The relationship between SoH and Gompertz (y), its first and second derivatives, was also 
investigated for all cells and is shown in Appendix A. The performance failures of the Gompertz 
function in the early cycles (before cycle 500) can be attributed to the large derivative values exhibited 
by the Gompertz and shown in Appendix A. As seen in Table 4 and Figure 14, LSTM1 and LSTM2 
had the best performance. 

The various capacity forecasts were also visually inspected to ensure they were what was 
expected. Figure 15 below represents some of the test cells with their target SoH and their predicted 
SoH, these are the curves predicted by LSTM2 since the other models predict direct values instead. 
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Figure 14. The RMSE per cycle for each of the models developed in this study. 

(a) (b) 

 
(c) 

 
(d) 

Figure 15. The target and predicted SoH curves from LSTM2 for cells 6-2 (a), 8-1 (b), 6-1 (c) and 7-5 (d). 

5. Discussion 

The evaluation of the Gompertz model, LSTM models and GILSTM models in Table 4 and Figure 
14 provide meaningful insights into their individual strengths, weaknesses and applicability for RUL 
prediction of LFP batteries. The Gompertz model offered advantages in physical interpretability with 
its parameters found to be strongly correlated to RUL, making it a suitable choice for real-world 
applications where interpretability is crucial. The Gompertz model was found to have poor 
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standalone performance before cycle 1000 where RUL prediction is most valuable, with some RMSE 
values hitting a hundred thousand. These poor early-cycle stage results may be attributed to the 
erratic behaviour seen in Appendix A when the SoH is higher than 0.9. Below 0.9 SoH the Gompertz 
and its derivative functions are seen to stabilize into smoother curves explaining the superior 
performance in mid-cycle and late-cycle stages; the performance in these stages catches up to LSTM1 
and LSTM2, the best models in this study. Despite the high early-cycle stage RMSEs of the Gompertz, 
when SoH curves are predicted accurately or are known such as in the Gompertz baseline, the 
performance was quite good with an RMSE of 27.9 cycles (1.4%). This indicates that the main issue 
may be intrinsic to SoH curve prediction. Note that some of that error can be attributed to the fact 
that none of the cells hit 0.7 SoH but the RUL prediction used 0.7, this was more of an error in the 
functioning of the electronic BMS. 

The developed LSTM models (LSTM1 and LSTM2) captured the overall degradation trends and 
temporal dynamics of battery life without overfitting. These LSTMs had the best performance in this 
study and are comparable to the state-of-the-art models developed in other studies being only 
outperformed by BatLiNet [54] by a 3.4% margin. The developed GILSTM models (GILSTM1 and 
GILSTM2) were found to have overfit on the SoH data, with predictions of k, a and b centroiding to 
the mean values of the targets. GILSTM3 used the Gompertz and Inverse Gompertz functions to 
verify the RUL predictions of LSTM2. From Figure 14, the GILSTM3 model was found to be 
performing poorly in comparison to the developed baseline LSTM models as the error went up with 
increase in cycles. For all developed non-GILSTM models, RUL prediction was better in mid-cycle to 
late-cycle stages than in early-cycle stages suggesting limitations in early-cycle RUL prediction. The 
GILSTMs did not generalize, this might be due to the limited dataset size. While the conceptual basis 
for the integration of the Gompertz and the LSTM is sound, further optimization of the GILSTM is 
necessary to realize its full potential. 

6. Conclusions 

This study demonstrates that while data-driven and physics-based models offer distinct 
advantages for RUL prediction in LFP batteries, achieving high value interpretable hybrid integration 
remains a significant challenge. LSTM1 and LSTM2 emerged as the most accurate predictors 
capturing temporal dynamics without overfitting and performing within 3.4% of the best state-of-
the-art models. The Gompertz model provided superior physical interpretability despite early-cycle 
instability when the SoH was above 0.9, its performance in later stages stabilized to get much closer 
to the top-performing LSTMs. 

The Gompertz-Informed LSTMs failed to bridge the gap between data-driven and physics-based 
models, underperforming due to overfitting and a tendency for parameter predictions of k, a and b 
to centroid toward mean values. Future work should focus on battery dataset expansion and 
optimization of the development of parameter predicting PINN models. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

BESS Battery Energy Storage System 
BoL Beginning of Life 
BMS Battery Management System 
CC Coulomb Counting 
Crated Nominal Capacity/Rated Capacity 
EoL End of Life 
EV Electric Vehicle 
GILSTM Gompertz-Informed Long Short-Term Memory 
kWh Kilowatt hour 
LFP Lithium Iron Phosphate 
LiB Lithium-ion Battery 
LSTM Long Short-Term Memory  
MSE Mean Squared Error 
NCA lithium Nickel Cobalt Aluminium oxide 
NMC lithium Nickel Manganese Cobalt oxide 
SAIDI System Average Interruption Duration Index 
SoC State of Charge 
SoH State of Health 
RMSE Root Mean Squared Error 
RUL Remaining Useful Life 
WS Window Size 

Appendix A 

The Figure below shows the relationship between HUST SoH data and the Gompertz (y), the 
first derivative (ௗ௬ௗ௫) and the second derivative. 
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At SoH values between 0.90 and 1.0, the Gompertz (y), the first derivative (ௗ௬ௗ௫) and the second 

derivative exhibit high variability while below 0.9 SoH, the curves smoothen out showing how in the 
initial SoH stages it is far harder to predict RUL and SoH based on the Gompertz function than in the 
latter stages, 0.9 SoH to 0.7 SoH. 
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