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EXECUTIVE SUMMARY 

Determining the State of Charge/State of Health (SOC/SOH) of a battery is a research topic that has 

received considerable attention. This is mainly attributed to the fact that indirect techniques are 

preferred over direct techniques (such as the prevalent Coulomb counting), the latter suffering from 

severe divergence issues due to its integrating character. Indirect techniques, however, rely on a 

model to calculate the hidden SOC from direct measurements such as current and voltage. Creating 

effective and practical reverse modelling techniques, however, is not a trivial endeavour. 

 

This is because of: 

 

(1) The fact that the dynamics of the battery can be complex and can be captured only partially by 

an equivalent circuit model. When using a more complex model, practicality is sacrificed for 

performance. 

 

(2) The battery dynamics (and thus, the model parameters) are changing over time, and estimating 

model parameters and a hidden (correlated) state simultaneously can result in unstable 

behaviour. 

 

Driven by recent developments in machine learning, model-free techniques such as Artificial Neural 

Networks (ANN) and Gaussian mixture models have been used to mitigate the modelling challenge. 

Here, however, most physical insight into the problem is omitted, resulting in a reduced data-efficiency 

and non-intuitive solution. A new step forward in recent literature is the use of structured neural 

networks (SNN), where a simple equivalent circuit model (ECM) is used, the parameters of which, 

however, are resulting from a nonlinear model-free approach. 

 

In this work, we have expanded onto this two-fold: 

 

(1) We have introduced the notion of Structured Recurrent Neural Networks (SRNN), in which we 

leverage the idea of a structured neural network (which like ANNs, has mainly been used as a 

direct technique) into the realm of indirect SOC/SOH estimation techniques. We do this by turning 

the Artificial Neural Network into the form of a Recurrent Neural Network. This brings its own set 

of challenges, for which we apply solutions from the appropriate branch of machine learning 

research. This provides a suitable alternative to methods such as dual Kalman filters commonly 

used in literature to estimate the time-varying battery parameters in the SOH estimation. 

 

(2) We introduce a very general, universally applicable method to augment any base model – such 

as an ECM, in which each parameter has a physical meaning and is interpretable – with a black-

box extension that is able to capture structured leftover unexplained behaviour that was not 

captured by the physical model. 

 

All the methods introduced in this work are fully compatible with the usage of Kalman filters. 

Furthermore, by designing the structure of our method even allows for further integration of the 

Kalman filter into the optimisation of the SRNN, but this remains a topic for further research in the 

future. 
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INTRODUCTION 

Determining the State of Charge/State of Health (SOC/SOH) of a battery is a research topic that has 

received considerable attention. This is mainly attributed to the fact that indirect techniques are 

preferred over direct techniques (such as the prevalent Coulomb counting), the latter suffering from 

severe divergence issues due to its integrating character. Indirect techniques, however, rely on a 

model to calculate the hidden SOC from direct measurements such as current and voltage. Creating 

effective and practical reverse modelling techniques however, is not a trivial endeavour. 

 

This deliverable will describe the State of Charge/State of Health (SOC/SOH) estimation efforts 

performed by VITO, with regards to the EVERLASTING project.  

 

The document is structured as follows:  

 

- in the first section, we will briefly cover the taxonomy of approaches to state of charge 

estimation, and how our own estimation methods fit within this context.  

- the second section will cover the way our data was collected, and the different datasets that 

were used to train and test our different methods.  

- the third section will give a basic overview of how the Kalman filter works, and what our battery 

model looks like.  

- the fourth section covers our contributions, how a new structured error term can be added to 

this model to capture additional nonlinear behaviour not captured by the simplified model. 

 

To explain a broader and less technical audience, the definitions and the methods State of Charge and 

State of Health (SOC/SOH) estimations, the EVERLASTING project has published the following white 

papers: 

 

- D8.3: BMS Functions 

- D8.5: SoC Definition 

- D8.6: Evaluation of SoC Accuracy 

- D8.7: Definition of SOH. 

- D8.8: Cell Testing and Estimation of SOH. 

 

All white papers are available on: https://everlasting-project.eu/results/deliverables-reports/. 

 

  

https://everlasting-project.eu/results/deliverables-reports/
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1 RELATED WORK & TAXONOMY 

In this section, we will provide a rough taxonomy of the different methods that are currently available 

for SOC and SOH estimation in the field of battery systems and how our current methods fit within 

this larger framework.  

 

We will make the primary categorisation based on the method's requirement of retaining a state.  

 

Approaches that do not retain a state reduce the problem to a curve-fitting approach. However, 

without incorporation into a larger adaptive (stateful) framework, they cannot capture any of the 

nonlinear behaviours of a dynamic battery system1.  

 

Approaches that do retain a state can be described in terms of a dynamic system, and at each timestep 

they determine the next state based on the information of the previous state, combined with the 

information collected by the sensors. 

1.1 STATELESS METHODS 

In this section, we will cover the stateless curve-fitting models. It should be noted that these methods 

require the explicit presence of an accurate measurement of the SOC within the training set, which in 

normal circumstances is the hidden variable that we are trying to predict. Thus, we would only be able 

to train these models on short sequences for regions where we can trust the SOC estimates produced 

in test lab conditions. This limits their practical use when trying to collect and use larger amounts of 

training data. 

 

In this section, we will also include the methods that combine a simple or extended RC (Resistor-

Capacitor) model with a direct estimation of the OCV (open circuit voltage) curve. We know the OCV 

is equal to the terminal voltage when there are no polarisation effects or voltage drops on the internal 

impedance. The OCV is then directly related to the battery SOC [1]. 

1.1.1 LOW-DIMENSIONAL FUNCTIONS 

In a later section, we will take a closer look at the specific training data used to train our algorithms. 

For now, it suffices to say that a quick visual inspection of the data shows us that the manifold relating 

our input parameters to the state of charge is fairly smooth. This opens up the possibility of fitting a 

low-dimensional function to the data. Examples in the literature include (partially) linear models 

[20][4], logarithmic models [20][4], exponential models [4][6][7][8][17], polynomial models 

[8][6][10][11], sums of sines [8], combinations of these, or potentially any other curve that is 

sufficiently low in numbers of parameters. Other authors have opted to employ more classical methods 

from statistics to perform this task [10]. 

1.1.2 MACHINE LEARNING 

Many estimators are available when we look to the domain of machine learning to fit the training data. 

Support vector machines are a plausible candidate [5][14][15], but non-differentiable estimators such 

as gradient boosted trees or random forests are not an option2. Similarly, simple linear models will 

                                           
 
2 This is for two reasons: (1) Non-differentiable functions are not usable when we employ the Extended Kalman Filter. This can 
be overcome by swithing to the Unscented Kalman Filter. (2) But also, these functions lack sufficient continuity, which is a 
requirement to have a realistic modeling of a physical process. 
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fail due to the highly nonlinear nature of the data. Another option consists of ensemble methods, such 

as bags of extreme learning machines (ELMs). 

1.1.3 DEEP LEARNING 

An alternative to the parametrised curve-fitting approach consists of fitting a neural network to the 

inputs/SOC manifold. The main difficulty lies in choosing a suitable architecture, which combines an 

appropriate model capacity to generalise well into the test cases. Some preliminary experiments of 

our own seem to suggest that a simple feedforward neural network architecture seems to be sufficient 

to get decent results under the known limitations of the stateless methods. This has been confirmed 

by literature, where the results of the trained model are either combined with the extended [15] or 

the unscented [17] Kalman filter to perform adaptive SOC estimation. 

1.1.4 STRUCTURED NEURAL NETWORKS 

A fairly recent development in the world of deep learning is the usage of so-called structured neural 

networks [1], which is a hybrid form of ANN that replaces part (or all) of the black box components 

in a feedforward neural network by a structure that corresponds at least partially to a physical model. 

Parameter estimation of this model is performed traditionally using backpropagation (BP) and an 

optimiser of choice (e.g. stochastic gradient descent). 

1.2 STATEFUL METHODS 

Whereas the previous methods did not retain any state by themselves, they usually need to be 

contained within a system that does so to be sufficiently adaptive to real-world situations. Such 

approaches that do retain a state can be described in terms of a dynamic system, and at each 

timestep, they determine the next state based on the information of the previous state, combined 

with information collected by the sensors. 

1.2.1 COULOMB COUNTING 

In the most basic scheme, called Coulomb counting, we use a highly accurate measurement device to 

register the currents sent to the battery and simply integrate the State of Charge based on this 

computation [19]. As long as the sequences are short and the sensor is of high quality, the estimates 

made by this approach are considered accurate. However, a very accurate sensor is too expensive to 

include in a conventional battery management system and thus only present in lab conditions. 

Additionally, for longer sequences (data collected over more than a week), small inaccuracies will build 

up over time, rendering the SOC estimate no longer trustworthy. 

1.2.2 KALMAN FILTER 

The Kalman Filter, also known as linear quadratic estimation, is an iterative linear algorithm that 

combines the information from predictions made by a linear model with a series of measurements 

coming from a noisy sensor. Both sources of information are assumed to be subjected to Gaussian 

noise with a known prior distribution, represented by their respective covariance matrices. 

 

The Extended Kalman Filter (EKF) [20] removes the restriction of modelling the process using a linear 

dynamic system. Instead, we can employ any state transition function, as long as it is differentiable, 

and we still have a way to compute a reasonable covariance matrix.  

 

The Unscented Kalman Filter (UKF) [20] additionally removes the requirement for the transition 

function to be differentiable by generating a set of so-called sigma points from the initial Gaussian 
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distributions and fitting a new set of Gaussian distributions on the projections of these points under 

the transition function. 

 

The Dual Kalman Filter (DKF) [22] is another compatible extension, where we are using two parallel 

Kalman filters to update both state and parameter estimates simultaneously. In the context of battery 

management systems, the DKF is used to update the resistance and capacity values, which serve as 

indicators of the general state of health (SOH) of the battery. The DKF is a less computationally 

intensive alternative to the Joint Kalman filter, which extends the state space to also include the 

parameters3. 

 

The battery model we employ for our dynamic system is an equivalent circuit model (ECM). More 

specifically, it is a 1st order RC Circuit with a nonlinear variable voltage source dependent on the state 

of charge. For more information on the Kalman Filters and our battery model, we refer to sections 

1.2.2 and 3.2. 

1.2.3 STRUCTURED RECURRENT NEURAL NETWORKS 

In this work, we introduce a novel way to capture the nonlinear behaviour that remains when using a 

relatively simple quasi-linear dynamic system such as the 1st order RC circuit that formed the basis 

of our work. We extend this battery model with a structural error term, which we try to learn based 

on the available training data.  

 

In theory, you could use any estimator to approximate this nonlinear behaviour, as long as you have 

complete knowledge about the evolution of the true state vector, which is already extremely hard to 

achieve in perfect lab conditions. In practice, due to ageing effects, temperature differences, chemical 

effects and simple acts of randomness, the actual nonlinear effects might even be sufficiently different 

from those of the reference battery cell(s) that a practical system will most likely benefit from online 

retraining. Keeping this in mind, we opt for a slightly different approach, which restricts our list of 

potential estimators. We will illustrate this in more detail in section 4.4, when we present our hybrid 

approach that combines a Kalman filter with a structured neural network. 

  

                                           
3 If we have state space of dimension M, and a parameter space of dimension N, the DKF will have two covariance matrices of 
MxM and NxN, while the JKF will have a single covariance matrix of (M+N)x(M+N). 
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2 DATA COLLECTION 

The original title of deliverable D7.5 was "Validation report of self-learning SoH algorithm on full 

electric bus". The title has been changed to "Validation report of self-learning SoH algorithm on 

lithium-ion module" because the source of the dataset, used for the validation of the SoH algorithm 

developed in Task2.3, has been changed. The main reason for this change of source of datasets is 

that some electrical and performance information of the cell is needed to build the model. Due to 

confidentiality reasons, it was not easy to collect the needed data on cells used in electric buses which 

are owned and operated by partners from outside the consortium. Consequently, and for consistency 

reasons, the same battery cell that was used in the other EVERLASTING research tasks was also 

selected for Task7.6 to run the SOH validation tests on the battery modules level. 

 

The battery cell selected in the EVERLASTING project is an 18650 high energy lithium-ion cell from 

LG Chem (INR18650 MJ1). According to the manufacturer datasheet, it has a nominal capacity of 

3.5 Ah and specific energy of 259.6 Whkg-1. It has an ohmic resistance of around 0.04 Ohm, and the 

recommended operating voltage window varies between 2.5 and 4.2 V. 

 

In the previous deliverable D2.4 "Self-Learning Algorithms for SOC/SOH Estimation", data from 

individual battery cells were used. But in a real application such as an electric vehicle, a battery pack 

consisting of many battery cells in series will be used. Therefore, for this validation, a 16S1P battery 

module was assembled from the same cells and connected to a battery tester machine. The ~60V 

module has a 4x4 shape with a 4 mm gap between the cells, provided by a 3D printed support 

structure. The cells capacity was initially balanced (i.e. brought on the same level), then shortened 

and scaled-down driving profiles were applied, followed by constant current charging and regularly 

interrupted to run a few checkup tests. 

 

The battery module was cycled for about 4 months using the PEC battery tester in the VITO battery 

lab, and the total voltage, current and temperature were logged with at least 0.5 s sample intervals. 

A BMS, depicted in Figure 2, was also connected to the cells, allowing the recording of individual cell 

voltages and temperatures. The BMS sends these measurements over CAN-bus to the battery tester 

machine, which includes it in the test log, but the BMS did not perform additional balancing. 

 

 

Figure 1: Schematic view of the structure of the 16S1P battery module 
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Figure 2: Battery module (16S1P) setup (BMS, temperature sensors & individual cell connections) 

The applied test profiles can be divided into four categories: (1) characterisation tests, (2) calendar 

ageing tests, (3) cyclic ageing tests and (4) driving profiles.  

 

For the purpose of training and evaluating our structured recurrent neural networks, data from 

categories (1-3) (collected from Task 2.4) is mainly used to train the network, while category (4) 

represents realistic patterns to be observed in the field, and thus forms a good test set. Figure 4 to 

Figure 7 show examples of the tests used to train our models, visualising voltage, current, and 

temperature. 

 

Characterisation tests were performed to determine the cell parameters, containing a 

charge/discharge cycle at C/20 and current pulses to determine internal resistance at different SOC 

levels. Tests were performed at four different temperatures (4°C, 25°C, 35°C, and 45°C). Unlike the 

majority of the methods in section 1.1, we do not fit a parametrised curve through the data gathered 

from our offline OCV tests. Because we have a rather dense set of SOC/OCV data points, with a 1% 

SOC resolution, we have instead opted to use bilinear interpolation. The resulting curves from these 

tests are illustrated in Figure 3. 
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Figure 3: OCV curves at different temperatures and after charging and discharging at C25 

 

Figure 4: Examples of characterisation tests (time relative to 1970-1-1) 
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Figure 5: Examples of calendar ageing tests 

 

Figure 6: Examples of cyclic ageing tests 
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Figure 7: Examples of driving profiles 
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3 THE BASE MODEL 

3.1 THE KALMAN FILTER 

As introduced in the section 1.2.2, the Kalman Filter and its nonlinear variants (Extended Kalman 

Filter and Unscent Kalman Filter) are recursive estimators which combine information from a 

linear/nonlinear models  and measurement sensors assuming both information affected by Gaussian 

noise. 

 

In its most general form, the dynamic system can thus be described by the following set of equations, 

where xk and zk respectively represent the hidden state and the data measured by the sensors at 

timestep k. In addition, uk represents the employed control actions, f is the transition function to go 

from one state to the next, and h is the observation function that translates the hidden state into the 

corresponding sensor data that we expect to see, based on the control actions taken by the user. The 

terms wk and vk are Gaussian noise terms. 

 
𝑥𝑘 = 𝑓(𝑥𝑘−1, 𝑢𝑘) + 𝑤𝑘 (1) 
𝑧𝑘 = ℎ(𝑥𝑘 , 𝑢𝑘) + 𝑣𝑘 (2) 

 

For such a system, the iterative Kalman cycle of predicting and correcting works as follows: 

• Given the initial state xk-1 of the system at timestep k-1 and the control actions uk, we simply 

apply the transition function f to predict the next state �̂�𝑘 = 𝑓(𝑥𝑘−1, 𝑢𝑘). 
• Similarly, we predict the updated state covariance matrix Pk using the Jacobian Jf and the process 

covariance/noise matrix Qk: 

 
𝑷𝑘 = 𝑱𝑓𝑷𝑘−1𝑱𝑓

𝑇 + 𝑸𝑘 

 

(3) 

• We then move on to correcting these predictions using the so-called Kalman Gain K, which is based 

on the state covariance matrix Pk, the sensor covariance/noise matrix Rk, and the Jacobian Jh of 

the observation function h: 

 
𝑲 = 𝑷𝑘𝑱ℎ

𝑇(𝑱ℎ𝑷𝑘𝑱ℎ
𝑇 + 𝑹)−1 

 

 

(4) 

 

Figure 8: Implemented battery model, a 1st order RC circuit 
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• Using this matrix, we correct the predicted �̂�𝑘, based on the difference between the predicted 

observations ℎ(�̂�𝑘 , 𝑢𝑘) and the observations 𝑧𝑘 made by the sensors. 
 

𝑥𝑘
′ = 𝑥𝑘 + 𝑲(𝑧𝑘 − ℎ(𝑥𝑘 , 𝑢𝑘)) 

 

(5) 

• Finally, we correct the state covariance matrix 𝑷𝑘 using 𝑲 and the Jacobian 𝑱ℎ: 

 
𝑷𝑘

′ = 𝑷𝑘 − 𝑲𝑱ℎ𝑷𝑘 

 
(6) 

All Jacobians are computed concerning the current state vector �̂�𝑘. For a more detailed explanation, 

we refer to the literature [20][23]. We have visualised the computational flow described above in 

Figure 9. 

 

 

 

Figure 9: The computational flow of the (Extended) Kalman Filter 

 

3.2 THE BATTERY MODEL 

Like many others in our work, we use an equivalent circuit model (ECM) to represent the relationships 

between the internal state, the current, and the terminals' voltage. In this ECM, illustrated in Figure 8, 

the behaviour of the cell is modelled using a variable voltage source 𝑉𝑆𝑂𝐶 (depending on the actual 

SOC via the OCV function ℎ𝑠), an internal resistance 𝑅0, and a single RC branch representing the 

polarisation effects, using the elements 𝐶1 and 𝑅1. 

 

The voltage at the terminal can thus be written as: 

 
𝑉𝑡𝑒𝑟𝑚 = ℎ𝑠(𝑆𝑂𝐶) + 𝐼 ∙ 𝑅0 + 𝑉1 

 
(7) 

in which the voltage over the parallel branch 𝑉1 can be expressed as a function of its previous state 

as well: 

 

𝑉1,𝑘 = (1 −
∆𝑡

𝑅1𝐶1

) ∙ 𝑉1,𝑘−1 + 
∆𝑡

𝐶1

∙ 𝐼𝑘 

 

(8) 

and the state of charge can be computed by simple Coulomb counting: 

 

𝑆𝑂𝐶𝑘 = 𝑆𝑂𝐶𝑘−1 + 
∆𝑡

𝐶𝑛

∙ 𝐼𝑘 

 

(9) 



    D7.5 – Validation report of self-learning SoH algorithm on lithium-ion battery module 
 

Author: Chris Hermans (VITO) – February 2021 
     

EVERLASTING - Grant Agreement 71377 (Call: H2020-GV8-2015) 

    Electric Vehicle Enhanced Range, Lifetime And Safety Through INGenious battery management 

 

Public                                                                                     21 / 37 

Altogether, our dynamic system can be summarised as follows: 

 

 

𝑥𝑘 = [
𝑆𝑂𝐶𝑘

𝑉1,𝑘
] = [

1 0

0
∆𝑡

𝑅1𝐶1

] 𝑥𝑘−1 +

[
 
 
 
∆𝑡

𝐶𝑛

∆𝑡

𝐶1]
 
 
 

 𝑢𝑘 (10) 

 𝑢𝑘 = [𝐼𝑘] (11) 

 𝑧𝑘 = ℎ(𝑥𝑘 , 𝑢𝑘) = 𝑉𝑡𝑒𝑟𝑚 = ℎ(𝑆𝑂𝐶𝑘) + 𝑉1,𝑘 + 𝐼𝑘𝑅0 (12) 

 

 

Additionally, to employ the extended Kalman filter, we need to linearise the observation function ℎ 

around (𝑥𝑘 , 𝑢𝑘) at each timestep k:  

 

𝐽ℎ,𝑘 = [

𝜕ℎ𝑠(𝑆𝑂𝐶)

𝜕𝑆𝑂𝐶𝑘

0

0 1

] 

 

(13) 

 

The Jacobian for the transition function 𝐽𝑓 will be static throughout the time series, but the Jacobian 

of the observational function 𝐽ℎ is always dependent on the SOC at timestep k. However, for the brevity 

of notation, we will drop the k for each Jacobian as there will never be any ambiguity as to which 

timestep the Jacobian belongs to. 
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4 EXTENDING THE MODEL WITH NONLINEAR BEHAVIOUR 

In this section, we will detail how we extended the general EKF algorithm with a nonlinear state 

transition error correction term. In order to do this, we have made several assumptions that may or 

may not hold depending on the application: 

 

• The employed model in the vanilla EKF does not capture all the nonlinear behaviour, but it can at 

least be described in terms of known state and control vectors. 

• The observation function is known and correct, up to a Gaussian noise term. So we know how the 

state vector translates into a corresponding sensor measurement and that any changes in the 

predicted sensor readings are due to changes in the transition function alone. 

 

So mathematically, this means that we know the dimensions of vectors 𝑥 and 𝑢, and have a defined 

observation function ℎ that does not change over time. 

 

For the remainder of this section, the equations for the uncorrected base model will be referred to 

with a* superscript: 

 

 𝑥𝑘
∗ = 𝑓∗(𝑥𝑘−1, 𝑢𝑘) (14) 

 𝑧𝑘
∗ = ℎ(𝑥𝑘

∗ , 𝑢𝑘) (15) 

 

where the transition function 𝑓∗ refers to the transition function of the base model. After correction, 

the new dynamics can thus be described as: 

 

 �̂�𝑘 = 𝑓(𝑥𝑘−1, 𝑢𝑘) = 𝑓∗(𝑥𝑘−1, 𝑢𝑘) + 𝑓𝜀(𝑥𝑘−1, 𝑢𝑘) (16) 

 �̂�𝑘 = ℎ(�̂�𝑘 , 𝑢𝑘) = ℎ(𝑥𝑘
∗ , 𝑢𝑘) + 𝑒(𝑥𝑘

∗ , 𝑢𝑘) (17) 

 

where transition function 𝑓𝜀  refers to the correction of transition function that we are trying to 

estimate, and 𝑒(𝑥𝑘
∗ , 𝑢𝑘) is the difference between the predicted sensor measurements by the base 

model ℎ(𝑥𝑘
∗ , 𝑢𝑘) and the corrected model ℎ(�̂�𝑘 , 𝑢𝑘). 

 

During our research, we started by trying to estimate the transition error correction term 𝑓𝜀(𝑥𝑘−1, 𝑢𝑘) 
directly from the observed time series. We tried first two slightly different approaches, which we will 

discuss in the following sections 4.1 and 4.2. Then, we explain the pitfalls of both methodologies in 

4.3 and our final solution based on structured recurrent neural network in 4.4. 

4.1 METHOD 1: STRUCTURE IN THE MEASUREMENT ERROR 

The first version of our method focused on the measurement error made by the base model, trying to 

learn 𝑓𝜀 from sensory information alone. The underlying assumption here was that this measurement 

error contains the inherent structure and thus is not simply the product of Gaussian noise. If there is 

a structure, it can be learned and translated into a corresponding transition error correction term.  

 

Procedure Overview 

 

In order to learn the error corrected state �̂�𝑘  from the observed error 𝑒(𝑥𝑘
∗ , 𝑢𝑘), we followed the 

following procedure: 

 

• Learn the structure in the measurement error 𝑒(𝑥𝑘
∗ , 𝑢𝑘), as 𝑥𝑘

∗ is known from the training set, thus 

minimising the distance ‖𝑧𝑘 − �̂�𝑘‖between the measurements 𝑧𝑘 and the error corrected predictions 

�̂�𝑘. 
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• Based on these predictions, find the function 𝑓𝜀(𝑥𝑘−1, 𝑢𝑘) that allows us to locate the error corrected 

state �̂�𝑘. 

• Compute the Jacobian of 𝑓𝜀(𝑥𝑘−1, 𝑢𝑘) in order to update the Jacobian of 𝑓(𝑥𝑘−1, 𝑢𝑘). 
 

Step 1: Learning the Structured Measurement Error 

 

Learning the function 𝑒(𝑥𝑘
∗ , 𝑢𝑘) can be done by applying any regressor of choice, as long as the function 

it learns is differentiable. We explored the usage of linear regression, ensembles of extreme learning 

machines (ELMs), feedforward neural networks (MLPs), and convolutional neural nets (CNNs). 

 

Step 2: Determining the Correction for the Hidden State 

 

We recall the definition of the corrected predicted output states: 

 

�̂�𝑘 =  ℎ(�̂�𝑘 , 𝑢𝑘) = ℎ(𝑥𝑘
∗ , 𝑢𝑘) + 𝑒(𝑥𝑘

∗ , 𝑢𝑘) 
 

(18) 

If ℎ ∶ (𝑥, 𝑢) → 𝑧 is injective or there exists a surjective ℎ+: (𝑧, 𝜃) → 𝑥, where 𝜃 contains all information 

required to uniquely map 𝑧 back to 𝑥, this implies: 

 

{
(�̂�𝑘 , 𝑢𝑘) = ℎ−1(�̂�𝑘)

�̂�𝑘 = ℎ+(�̂�𝑘, 𝜃)
 

 

if h is injective

if ∃ℎ+: (𝑧, 𝜃) → 𝑥 where h+is surjective
 

(19) 

Step 3: Computing the Jacobian 

 

Updating the Kalman filter requires us to be able to compute the Jacobian of 𝑓 = 𝑓∗ + 𝑓𝜖 .  

As Jacobian of a sum of functions is equal to the sum of the Jacobians of those functions,  

𝐽𝑓 = 𝐽∗ + 𝐽𝜖, it suffices to compute the Jacobian of 𝑓𝜖 w.r.t. the input vector 𝑥. 

4.2 METHOD 2: STRUCTURE IN THE TRANSITION ERROR 

In the previous trial method, we focused on estimating the structure in measurement error 𝑒(𝑥𝑘
∗ , 𝑢𝑘) in 

order to compute �̂�𝑘. The most ambiguous component in this procedure was the specification of the 

function ℎ+, which maps an observation 𝑧 back onto a unique state vector 𝑥. To be more precise: in 

the previous method, we were using ℎ+  to map an updated output estimate �̂�  back to the 

corresponding corrected hidden state �̂�. 

 

Alternatively, as this approach already required us to specify this ℎ+, we also could choose to learn 

the transition function correction 𝑓𝜖(𝑥𝑘−1, 𝑢𝑘) directly instead. The general approach remains the same 

as in the first method, except it becomes slightly easier because we estimate the thing we are 

interested in directly. 

 

Procedure Overview 

 

To learn the error corrected state �̂� from the structural transition error 𝑓𝜖(𝑥𝑘−1, 𝑢𝑘), we followed the 

following procedure: 

 

• Use the inverse observation function ℎ+ to map each observation 𝑧𝑘 to a unique hidden state 𝑥𝑘. 

• Train a differentiable estimator 𝑓𝜖(𝑥𝑘−1, 𝑢𝑘), minimising the distance between these hidden states 

and the error corrected predictions: ‖𝑥𝑘 − �̂�𝑘‖. 
• Compute the Jacobian of 𝑓𝜖(𝑥𝑘−1, 𝑢𝑘) in order to update the Jacobian of 𝑓(𝑥𝑘−1, 𝑢𝑘).  

 

This is a cleaner procedure, as ℎ+might contain nonlinearities that would result in poorer performance 

of the initial method. 
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Step 1: Learning the Structured Transition Error 

 

As in the previous method, we require ℎ+  to be surjective: each observation 𝑧 must be mapped  

onto a single corresponding hidden state 𝑥. If dim(x) ≥ dim(z), ℎ is certainly not bijective, and we 

have an entire manifold of potential solutions for 𝑥. One way to deal with this is by picking the point 

𝑥 on this manifold that minimises the distance to the estimated hidden state by the incomplete model: 
‖𝑥 − 𝑥∗‖. 

 

Step 2: Determining the Correction for the Hidden State 

 

Like with the structured measurement error, learning the function 𝑓𝜖(𝑥𝑘−1, 𝑢𝑘) can be done by applying 

any estimator of choice, as long as the computed function is differentiable. 

 

Step 3: Computing the Jacobian 

 

Once again, 𝐽𝑓  =  𝐽∗  +  𝐽𝜖, so it suffices to compute the Jacobian of 𝑓𝜖 w.r.t. the input vector 𝑥. 

4.3 THE PROBLEMS OF METHOD 1 AND METHOD 2 

There is one very important caveat with the two methods above: as the function 𝑓 describes the 

transition from the previous state to the next, this means that if 𝑥𝑘−1 is an estimate, the error on 𝑥𝑘 

and every subsequent estimated state 𝑥𝑘+𝑖 , ∀ 𝑖 ≥ 1 will accumulate with every additional timestep.  

 

As a result, we cannot simply first run our simulation with (or without) a Kalman filter, use the 

uncorrected model to generate an initial set of 𝑥𝑘
∗ and 𝑧𝑘

∗ values, and subsequently use these values 

to estimate the function 𝑓𝜖 using the methods described above. 

 

There are possible solutions to this problem, as we already mentioned in report D2.4. Among them, 

we briefly introduce our proposed approach in the following section. 

4.4 PROPOSED SOLUTION: STRUCTURED RECURRENT NEURAL NETWORK 

The idea of our approach is using the estimates made by the faulty base model in order to estimate 

𝑓𝜖, we incorporate the base model itself into the optimisation procedure. This means we will need to 

estimate the complete transition function using an estimator that can directly incorporate the previous 

model. In addition, the estimation will have to be based solely on the observation data.  

We propose to use a Structured Recurrent Neural Network (SRNN) to build such an estimator which 

is based on observation data, but it also can incorporate the model structure described through the 

equations (14)-(17). We can describe such SRNN as a regular feedforward neural network coupled 

with an additional layer representing the model f or h in the eqs. (14)-(17). 

 

The main problem with the methods described in sections 4.2-4.3 stems from the fact that we are 

trying to estimate the transition error correction term 𝑓𝜖  based on consecutive points from a 

fixed/static trace 𝑿∗ that has deviated too much from the true trace due to accumulated error. So if 

we want to improve upon our base model's performance, we must allow for this trace to be updated 

dynamically during the optimisation procedure. As such, the base model itself must be incorporated 

in the optimisation as well. 

 

Choosing this backpropagation approach provides us with a general framework to improve the initial 

model in several additional ways: 
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• So far, we have only talked about extending the transition function 𝑓 by adding an extra 𝑓𝜖 term. 

Nothing is stopping us at this point from also adding an extension to the observation function: ℎ =
ℎ∗ + ℎ𝜖. This could introduce small corrections to the OCV curve, structured biases due to non-

Gaussian measurement noise, or other imperfections. 

• Because we are dealing with a structured neural network, we can use this architecture to perform 

parameter estimation for the initial RC model (e.g. refining the initial ohmic resistance 𝑅0 and total 

capacity 𝐶𝑛), or correcting the provided initial state 𝑥0 at the beginning of a provided time series. 

4.4.1 GENERAL OUTLINE OF OUR ALGORITHMS 

Data Processing 

 

As we have mentioned in section 2, our data consists of four types of tests: (1) characterisation tests, 

(2) calendar ageing tests, (3) cyclic ageing tests and (4) driving profiles. For the purpose of training 

and evaluating our structured recurrent neural networks, data from categories (1-3) will be used to 

train and validate the network, while category (4) represent realistic charge patterns to be observed 

in the field and thus form a good test set. 

 

All segments consist of multiple segments with 0.5 s resolution, with the exception of longer breaks 

when determining ageing effects or pauses to let the battery reach a stable state again. We cut all 

sequences at these longer breaks and resample each subsequence at the same resolution of 0.5 s. 

For computational efficiency reasons, we once more cut longer subsequences into equal parts. 

 

Estimating the initial state of charge 𝒙𝟎 

 

Most training sequences start with a known state of charge 𝑥0, e.g. the battery either being completely 

empty or full. After running the simple RC model on the sequence (employing the EKF or UKF in the 

process), we also have initial state estimates for all other timesteps in the sequence. 

 

However, these estimates are approximate at best, and the usage of a Kalman filter cannot solve 

them all. Therefore, as a first step, we make use of the first version of our structured recurrent neural 

network: no transition function extension 𝑓𝜖, no observation function extension ℎ𝜖, only the simple RC 

model with the base function 𝑓∗, ℎ∗, and a single parameter vector: ∆𝑥0, initialised as a zero vector. 

Using backpropagation, we iteratively adjust the initial state and adjust the value of ∆𝑥0 in order to 

minimise the error residuals ‖�̂�𝑖 − 𝑧𝑖‖ between the estimated voltage and the measured voltage. 

 

The computation of the initial state of charge is dependent on a single sequence so that it can be 

performed for all subsequences in each dataset separately. 

 

Estimating the Ohmic Resistance 𝑹𝟎, Total Capacity 𝑪𝒏 

 

After we have estimated the initial state of change 𝑥0, we perform another parameter estimation step.  

Even though we have a theoretical estimate for the ohmic resistance and the total battery capacity, 

these values change over time as the battery gets depleted. These values are directly linked to the 

State of Health (SOH) of a battery, and a common way to compute this SOH is to opt for a joint or 

dual version of the Kalman filter that is used with your model. These parameters are then given 

appropriate covariance matrices to ensure that they are only allowed to change slightly over time. 

 

The Kalman filter can only make estimates of these parameter values based on the change of the 

state over a single timestep. As an alternative, you could train an SRNN over a short recent history to 

compute estimates for these values, making gradual adjustments to these values similar to how you 

would make adjustments in a normal Kalman filter. This effectively turns our 𝑆𝑅𝑁𝑁𝑅0,𝐶𝑛
 into a SOH 

estimator. 
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Estimating the Structural Error Terms 𝒇𝝐 and 𝒉𝝐 

 

Now that we have performed parameter estimation for the base model and have properly initialised 

all training sequences, we can use their collective datasets to train the parameters of the functions 𝑓𝜖 

and ℎ𝜖. Depending on the complexities of the individual battery we are dealing with, we have to 

experiment with a proper architecture for these functions. We have ended up using two 

2-layer feedforward neural networks, with dimensions [20,10] for both 𝑓𝜖 and for ℎ𝜖, using Mish as 

our activation function of choice. 

 

Whereas we have experimentally validated our choice, theoretically, it is also possible to turn this into 

a set of tunable hyperparameters for Bayesian optimisation. Whether or not this approach would be 

computationally tractable remains to be seen, however. 

4.4.2 RESULTS AND DISCUSSION 

In this section, we report the results from two sets of experiments. First, we detail the impact of our 

proposed 𝑆𝑅𝑅𝑁𝑥0
 and 𝑆𝑅𝑁𝑁𝑅0,𝐶𝑛

 on the initial state of charge estimation and on the parameters {𝑅0, 𝐶𝑛} 

respectively, for a single-cell battery element. Then, we evaluate the overall performances of the 

proposed approach on a more general case of a multi-cells battery system. 

 

Case study 1: Single-cell battery system 

 

Considering a single-cell battery system, we use Figure 10 to illustrate the impact of proper 

initialisation of our starting state 𝑥0 on the sequence. 

 

The dotted lines refer to the usage of the base model (𝑓∗, ℎ∗), while full lines refer to the base model 

and proper initialisation of 𝑥0. Red lines refer to the pure application of the model. Blue lines are results 

produced by combining the model with an extended Kalman filter. Green lines represent the results 

produced by combining it with the unscented Kalman filter. The 1st sequence visualises the 

measured/predicted terminal voltage. The 2nd sequence shows the current pattern sent to the battery. 

The 3rd sequence visualises the estimated state of charge. 

 

The first thing we can see is that both the extended and unscented Kalman filters are able to converge 

to approximately correct values over time. It should be noted, however, that this is not the case for 

all sequences in the training set. However, applying our 𝑆𝑅𝑅𝑁𝑥0
 enables the system to compute a 

better fit from the beginning of the sequence. 
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Figure 10: The influence of adjusting the Initial State 

After we have estimated the initial state of charge, the next step consists of estimating the resistances 

and capacities of each subsequence. The ideal reference for this is cyclic ageing tests, where we know 

there is going to be a steady decline in capacity and a rise in resistance. 

 

In Figure 11, we show the plot of a subsequence of a cyclic ageing test. It can be observed that the 

initial provided estimate of the SOC is far off (at 5%, instead of the true value is around 70%). The 

red dotted line shows the evolution by the model without the use of the Kalman filter. The green 

dotted line shows that the Kalman filter manages to correct the offset in time. Correcting the initial 

state with the default resistance/capacity already significantly reduces the error made by the model, 

with and without applying the UKF. Additionally, freeing up the resistance/capacity does so even 

further. To quantify this example, we refer to Table 1. 
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Figure 11: The influence of adjusting the Ohmic Resistance and Total Capacity 

 

Sequence ID base dx0 R0,Cn base,ukf dx0,ukf R0,Cn,ukf 

0 0.26488 0.00725 0.00291 0.04253 0.00713 0.00282 

Table 1: Parameter estimations for a single-cell battery 

The previous subsequence shows only a small subset from a larger cyclic ageing test. We display the 

evolution of the computed total capacity for the entire test in Figure 12 and Figure 13. It is easy to 

see a declining trend to be perceived in the estimated capacity and a rising trend in the resistance. 

Before we go on to the next phase in the estimation process, we fit a simple linear model4 through 

this sequence to bring capacities and resistances in sync over a larger dataset. This is a good way to 

handle this for a training sequence. However, the recorded outliers are once more indicative of just 

how hard it is to perform a stable, consistent State of Health estimation. Thus, in a live system, it is 

probably a good idea to combine this technique with a stabilising algorithm to avoid high variance in 

our model parameters. 

 

The computed error residuals for all subsequences in the cyclic ageing test are listed  

in Table 2. Even though there are a few subsequence exceptions where the model without capacity 

corrections performs better without the Kalman filter, adding the UKF back to the simulation clearly 

shows improvements over the entire line. When applying the Kalman filter, we see a halving in error 

on average when applying the correction to the initial state (0.01655 to 0.00864) and another 

reduction by more than half when correcting the capacity (0.00864 to 0.00334). 

                                           
4 To be more precise, we use RANSAC [32] to reduce influence from outliers. 
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Figure 12: Raw Cycling Ageing Test (single-cell battery) 

 

Figure 13: Individual estimated (& adjusted) capacities & resistances for test (single-cell battery) 
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SubSequence base dx0 R0,Cn base,ukf dx0,ukf R0,Cn,ukf 

0 0.02934 0.02062 0.04843 0.00873 0.00823 0.00519 

1 0.02629 0.04527 0.06854 0.00806 0.00816 0.00717 

2 0.00601 0.00600 0.01336 0.00543 0.00543 0.00295 

3 0.08869 0.00637 0.00252 0.00958 0.00631 0.00249 

4 0.23951 0.00644 0.00256 0.02609 0.00638 0.00253 

5 0.01463 0.00654 0.00262 0.00679 0.00647 0.00257 

6 0.23575 0.00664 0.00265 0.02298 0.00658 0.00262 

7 0.23795 0.00681 0.00278 0.02935 0.00675 0.00274 

8 0.10680 0.00682 0.00274 0.01048 0.00675 0.00270 

9 0.15377 0.00686 0.00278 0.01406 0.00680 0.00273 

10 0.03632 0.03124 0.03663 0.01623 0.01667 0.00479 

11 0.00664 0.00663 0.01442 0.00599 0.00598 0.00326 

12 0.01166 0.00701 0.00284 0.00712 0.00692 0.00274 

13 0.00817 0.00708 0.00290 0.00703 0.00699 0.00279 

14 0.00707 0.00679 0.00252 0.00673 0.00672 0.00248 

15 0.26488 0.00725 0.00291 0.04253 0.00713 0.00282 

16 0.26223 0.00707 0.00274 0.03482 0.00700 0.00266 

17 0.24437 0.00708 0.00273 0.02048 0.00701 0.00266 

18 0.02978 0.00708 0.00268 0.00795 0.00699 0.00259 

19 0.06182 0.03793 0.04817 0.01712 0.01672 0.00604 

20 0.00703 0.00692 0.01479 0.00623 0.00615 0.00308 

21 0.01945 0.00697 0.00253 0.00740 0.00689 0.00246 

22 0.15153 0.00693 0.00244 0.01347 0.00684 0.00238 

23 0.27120 0.00695 0.00240 0.02858 0.00685 0.00231 

24 0.06454 0.00693 0.00245 0.00952 0.00684 0.00228 

25 0.00949 0.00694 0.00232 0.00695 0.00687 0.00228 

26 0.27237 0.00698 0.00237 0.02816 0.00688 0.00226 

27 0.10923 0.00701 0.00232 0.01148 0.00694 0.00227 

28 0.06872 0.04030 0.05149 0.01949 0.01869 0.00642 

29 0.01060 0.00719 0.01457 0.00665 0.00623 0.00295 

30 0.28662 0.00715 0.00237 0.03282 0.00705 0.00227 

31 0.02869 0.00723 0.00248 0.00792 0.00712 0.00231 

32 0.15247 0.00735 0.00243 0.01470 0.00726 0.00235 

33 0.07939 0.00747 0.00260 0.01073 0.00733 0.00239 

34 0.29242 0.00759 0.00264 0.02648 0.00747 0.00248 

35 0.05969 0.00776 0.00284 0.00992 0.00763 0.00259 

36 0.01157 0.00759 0.00262 0.00767 0.00749 0.00250 

37 0.04316 0.04262 0.05175 0.01997 0.01981 0.00676 

38 0.01439 0.00824 0.01468 0.00776 0.00714 0.00339 

39 0.32349 0.00856 0.00348 0.02996 0.00843 0.00328 

40 0.10358 0.00896 0.00391 0.01354 0.00879 0.00365 

41 0.32903 0.00910 0.00403 0.04557 0.00890 0.00368 

42 0.18339 0.00932 0.00417 0.01848 0.00913 0.00387 

43 0.33057 0.00955 0.00436 0.03473 0.00939 0.00414 

44 0.00957 0.00957 0.00456 0.00944 0.00944 0.00422 

45 0.04019 0.00968 0.00458 0.01102 0.00957 0.00448 

46 0.10385 0.06300 0.04505 0.03154 0.02888 0.00724 

Average 0.11591 0.01229 0.01114 0.01655 0.00864 0.00334 

Table 2: Error residuals (MSE) associated with a full cyclic ageing test (single-cell battery) 
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Case study 2: Multi-cells battery system 

 

This section details the experiments carried out on 9 datasets from a 16S1P battery (~60V battery 

module) described in section 2. We splitted all the sequences included in such a dataset into training 

sets and test sets with a partition of approximatively 95% and 5%, respectively. We carried out tests 

for different sample times, namely: 60 seconds, 30 seconds, 10 seconds, 5 seconds, 3 seconds, 1.5 

seconds and 0.5 seconds, to study the impact that the dynamics of the variables involved (i.e. current, 

voltage and SOC) make on the accuracy of the proposed methodologies. 

 

We compared a total of eight methods, as mentioned in Table 3. 

 

 Method name  Description 

1 base Vanilla RC model 

2 base_ukf Vanilla RC model with Unscent Kalman Filter 

3 XNN0 Vanilla RC model with initial SOC estimation using 𝑆𝑅𝑁𝑁𝑥0  

4 XNN0_ ukf XNN0 method with Unscent Kalman Filter 

5 RCNN XNN0 method with RC model correction using 𝑆𝑅𝑁𝑁𝑅0,𝐶𝑛  

6 RCNN_ ukf RCNN method with Unscent Kalman Filter 

7 εNN RCNN method with 𝑓𝜀  and ℎ𝜀 corrections using 𝑆𝑅𝑁𝑁𝑥0  and 𝑆𝑅𝑁𝑁𝑅0,𝐶𝑛
  

8 εNN_ ukf εNN ith Unscent Kalman Filter 

Table 3: List of the compared methods 

The methods include two vanilla RC methods (method 1 and 2), i.e. 'base' and "base_ukf". The 

difference is only in an additional Kalman Filter, the Unscent Kalman Filter. The reason why we use 

the UKF among others (e.g. Extended Kalman Filter, etc.) reside in the better overall performance of 

the UKF for complex dynamics. In the confidential D2.4, a more detailed analysis of this choice has 

been described. Similarly, we have our three proposed methods, namely XNNO, RCNN and εNN with 

and without an additional UKF. 

 

The goal of our experiments is to compare the proposed methods (listed at the rows 3-8 in Table 3) 

against the standard methods 'base' and 'base_ukf'. 

 

Implementation Details 

 

All neural networks were implemented in Python, using the PyTorch framework. 

 

Unlike classical ANNs or CNNS, RNNs do not actually gain a speed boost by performing the 

computations on GPU due to a lack of parallelisation. The main computational bottleneck thus becomes 

single-core CPU speed.  

 

For the optimisation of all our SRNNs, we use the Rectified Adam optimiser: a drop-in alternative for 

the de facto industry standard Adam optimiser [31]. All optimiser related parameters mentioned in 

Table 4 thus refer to RAdam parameters. In addition, we have made use of a stepwise learning rate 

scheduler to gradually decrease the learning rate as time progresses.  

 

Table 4: Hyperparameter values used by our different SRNNs 

Furthermore, as we use a validation set for the estimation of functions 𝑓𝜖 and ℎ𝜖, the validation split 

is only defined for these parameters. It should be noted that we use complete (sub)sequences as 

Parameters lr betas stepsize gamma valsplit patience clipnorm 
𝑥0 0.1 (0.9, 0.999) 50 0.99 N/A 250 0.1 

𝑅0, 𝐶𝑛 0.1 (0.9,0.999) 50 0.99 N/A 250 1.0 
𝑓𝜖, ℎ𝜖 1e-5 (0.9,0.999) 200 0.99 0.20 2000 1.0 
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validation sets and not cut each subsequence into a training and validation part. Unlike the latter 

scenario, this way, the results produced by the validation set are completely independent of the results 

produced by the training set. 

 

The parameter patience in table 4 refers to the number of training epochs that need to have passed 

without improvements before we accept the solution. Additionally, we provide the gradient clipping 

norm that we have employed, as per the suggestion of Pascanu et al. [26]. 

 

Results 

 

We use the Mean Squared Error (MSE) as a performance indicator throughout the experiments. 

 

As mentioned in the previous section, the experiments differ among them for using a different sample 

time. Each test set for each experiment consists of a number of driving sequences. Furthermore, each 

of those sequences have the same number of samples. 

 

Tables 6-8 show some examples of results from experiments with 10, 5, and 1.5 seconds respectively. 

Notice that in the experiment related to the sample time of 1.5 s, we have more sequences because, 

for computational reasons, we have limited the maximum number of samples for a single sequence. 

This results in a higher number of total sequences for the lower sample time experiments. For space 

reasons, we omit to report all the tables relative to each experiment and each test set. However, in 

order to provide a general overview of the results, we have considered all the experiments with the 

same sample time and averaged the results that emerged from each sequence. 

 

Table 5 reports this global outcome. In such a table, we report for each methodology the average MSE 

resulting from all test sequences with the same sample time. The performance results for each method 

(in columns) are reported against the sample time used throughout the entire set of experiments. 

 
Sample 
Time [s] base base_ukf XNN0 XNN0_ukf RCNN RCNN_ukf εNN εNN_ukf 

60 0,03584 0,00394 0,03094 0,00304 0,02624 0,00216 0,01220 0,00098 

30 0,03295 0,00235 0,00277 0,00124 0,00445 0,00167 0,00368 0,00148 

10 0,14602 0,00920 0,00251 0,00096 0,02817 0,01651 0,02132 0,05526 

5 0,22021 0,01551 0,00857 0,00040 0,00708 0,00144 0,00325 0,00159 

3 0,11541 0,00858 0,00346 0,00040 0,00095 0,00041 0,00094 0,00040 

1,5 0,12450 0,00989 0,00064 0,00043 0,00646 0,00167 0,00604 0,00160 

0,5 0,04222 0,00349 0,00118 0,00010 0,00388 0,00305 0,01998 0,00882 

Table 5: Average MSE results from all test sequences (best results in bold) 

A first macroscopic result is that the Kalman filter version of each method improves the corresponding 

method's performance without the filter in almost all the cases. 

 

Furthermore, comparing all the Kalman filter version methodologies among them, the proposed 

approaches, namely XNN0_ukf, RCNN_ukf and the εNN_ukf improve the performance of the vanilla 

method aimed with the Kalman filter in the vast majority of the cases. The best results overall are 

achieved by the RC model with the SOC initial estimation using the proposed 𝑆𝑅𝑁𝑁𝑥0
 (i.e. the XNN0_ukf 

approach). For instance, on the 60 seconds sample time experiment set, the proposed XNN0_ukf 

improves the vanilla aided Kalman filter method (i.e. base_ukf) by a 22% considering the MSE 

performance indicator. This improvement raises to a 47% when using 30 seconds sample time, 89% 

when using 10 seconds sample time up to a maximum of 97% for the 0.5 seconds sample time. 

 

The other two proposed methods, the RCNN_ukf and εNN_ukf, while achieving a generally worse 

performance compared to the XNN0_ukf, they still improve the base vanilla method with the Kalman 
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filter. In particular, regarding the RCNN_ukf, it improves the base_ukf method by a 45% for the 60 

seconds sample time experiments up to a maximum of 90% in the 5 seconds sample time 

experiments, with a slight performance degradation for shorter sample time experiments, where the 

improvement is only of about 12% for the 0.5 seconds case study. Similarly, the third proposed 

method, the εNN_ukf which includes the correction of the structural terms using both the 𝑆𝑅𝑁𝑁𝑥0  and 

𝑆𝑅𝑁𝑁𝑅0,𝐶𝑛
 described in the section 4.4, improves the vanilla method with Kalman filter by a 75% for 

the 60 seconds up to a 95% for the 3 seconds sample time experiment set (same results as for XNN0). 

Then, there is a performance degradation for shorter sample times, where for the 0.5 seconds sample 

time case, it worsens the vanilla method with the Kalman filter by a factor of 52%. 

 

 base base_ukf XNN0 XNN0_ukf RCNN RCNN_ukf εNN εNN_ukf 

0 0,16968 0,01275 0,00511 0,00211 0,00085 0,00064 0,00050 0,00045 

1 0,01404 0,00087 0,00077 0,00038 0,00114 0,00037 0,00039 0,00025 

2 0,02314 0,00335 0,00065 0,00053 0,00125 0,00089 0,00061 0,00051 

3 0,00165 0,00166 0,00403 0,00165 0,03596 0,00672 0,02113 0,00458 

4 0,00116 0,00034 0,00049 0,00032 0,00048 0,00022 0,00101 0,00030 

5 0,00146 0,00119 0,00163 0,00113 0,00122 0,00042 0,00014 0,00013 

6 0,02389 0,00206 0,00206 0,00202 0,00173 0,00152 0,00158 0,00109 

7 0,05802 0,00160 0,00594 0,00097 0,00307 0,00087 0,00086 0,00081 

8 0,00605 0,00103 0,00551 0,00102 0,00152 0,00065 0,00507 0,00084 

9 0,02340 0,00142 0,00166 0,00141 0,00230 0,00230 0,00272 0,00225 

10 0,03130 0,00194 0,00199 0,00189 0,00228 0,00224 0,00401 0,00277 

11 0,00096 0,00079 0,00083 0,00079 0,00263 0,00228 0,00180 0,00184 

12 0,01336 0,00233 0,00697 0,00230 0,00600 0,00259 0,01023 0,00377 

13 0,10262 0,00302 0,00311 0,00139 0,00406 0,00166 0,00446 0,00205 

14 0,02357 0,00093 0,00076 0,00070 0,00226 0,00175 0,00073 0,00058 

Table 6: MSE resulting from test sequences with 30 seconds sample time (best results in bold) 

 base base_ukf XNN0 XNN0_ukf RCNN RCNN_ukf εNN εNN_ukf 

0 0,02813 0,00357 0,00034 0,00033 0,00018 0,00017 0,00096 0,00069 

1 0,01107 0,00073 0,00056 0,00045 0,00018 0,00010 0,00073 0,62370 

2 0,00092 0,00044 0,00039 0,00042 0,00017 0,00014 0,00044 0,00015 

3 0,20591 0,02817 0,00400 0,00095 0,00816 0,00306 0,00292 0,00187 

4 0,23037 0,00386 0,00084 0,00027 0,00428 0,00089 0,00096 0,00029 

5 0,00478 0,00230 0,00361 0,00230 0,01892 0,00132 0,00130 0,00122 

6 0,07487 0,00843 0,00307 0,00067 0,01751 0,00234 0,00073 0,00019 

7 0,00845 0,00114 0,00116 0,00048 0,00031 0,00014 0,00011 0,00007 

8 0,00617 0,00048 0,00046 0,00034 0,00065 0,00069 0,00030 0,00026 

9 0,04127 0,00260 0,00327 0,00253 0,00145 0,00134 0,00402 0,00320 

10 0,33039 0,01109 0,01208 0,00152 0,07157 0,00168 0,00281 0,00329 

11 0,00374 0,00150 0,00169 0,00145 0,00110 0,00121 0,01950 0,01619 

12 0,23009 0,01274 0,00527 0,00134 0,29848 0,22670 0,28232 0,21665 

13 0,01843 0,00156 0,00127 0,00133 0,02728 0,02414 0,01634 0,01483 

14 1,12531 0,06694 0,00169 0,00075 0,00043 0,00025 0,00031 0,00007 

15 0,01646 0,00170 0,00046 0,00027 0,00009 0,00007 0,00743 0,00141 

16 0,02813 0,00357 0,00034 0,00033 0,00018 0,00017 0,00096 0,00069 

Table 7: MSE resulting from test sequences with 10 seconds sample time (best results in bold) 
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Table 8: MSE resulting from test sequences with 10 seconds sample time (best results in bold) 

Limitations & Future Work 

 

The results we have shown in this section prove that the proposed methodologies achieve better 

performances in the state of charge estimation if compared with the state-of-art methodologies. 

 

However, despite the good results achieved, there is a deterioration in the performance of the 

structured error correction in the case of shorter sample times (below 1.5 seconds). We think that the 

reason behind this behaviour is related to the associated python implementation. Indeed, the 

estimation of 𝑆𝑅𝑅𝑁𝑥0
 and 𝑆𝑅𝑅𝑁𝐶𝑛 ,𝑅0

 is currently parallelised in the Python implementation and will run 

efficiently even for very large amounts of datasets. But a truly scalable estimation of 𝑆𝑅𝑅𝑁𝑓𝜖,ℎ𝜖 requires 

efficient multi-threading instead of multi-processing, as we need shared memory for its operations. 

 

This is currently not possible in Python due to the Global Interpreter Lock (GIL), and even multi-

processing already carries a significant overhead with it. Technically, a C++ implementation should 

be able to resolve these issues, though it requires significant development efforts that were beyond 

the scope of this research. 

 

Another interesting direction to investigate consists of blending the Kalman filter with the SRNNs. We 

could do this by internalising the Kalman filter into the actual optimisation process (when performing 

backpropagation), or the other way around: replace the Kalman parameter (not state) update step by 

an estimate made by our SRNN with a limited backward horizon.  

 base base_ukf XNN0 XNN0_ukf RCNN RCNN_ukf εNN εNN_ukf 

0 0,00118 0,00104 0,28283 0,02233 0,00005 0,00003 0,00039 0,00011 

1 0,00127 0,00116 0,10220 0,00941 0,00317 0,00014 0,00160 0,00016 

2 0,00135 0,00147 0,13144 0,01292 0,00381 0,00013 0,00146 0,00015 

3 0,00171 0,00195 0,05743 0,00432 0,00015 0,00005 0,00162 0,00016 

4 0,00204 0,00259 0,05308 0,00424 0,00267 0,00013 0,00298 0,00022 

5 0,00296 0,00363 0,06712 0,00698 0,00374 0,00016 0,00237 0,00018 

6 0,00367 0,00492 0,05082 0,00520 0,00028 0,00005 0,00298 0,00020 

7 0,00497 0,00626 0,04080 0,00432 0,00193 0,00010 0,00307 0,00020 

8 0,00855 0,00753 0,02357 0,00230 0,00192 0,00009 0,00128 0,00012 

9 0,01027 0,00845 0,02181 0,00258 0,00016 0,00003 0,00118 0,00019 

10 0,01361 0,00935 0,02237 0,00314 0,00043 0,00005 0,00115 0,00028 

11 0,02325 0,01143 0,01380 0,00204 0,00068 0,00006 0,00071 0,00021 

12 0,00255 0,00158 0,00067 0,00013 0,00011 0,00004 0,01671 0,01072 

13 0,00145 0,00131 0,00313 0,00041 0,00139 0,00022 0,02125 0,01315 

14 0,00135 0,00123 0,00749 0,00061 0,00135 0,00027 0,02431 0,01440 

15 0,00150 0,00123 0,00360 0,00030 0,00007 0,00003 0,02568 0,01454 

16 0,00124 0,00119 0,00390 0,00026 0,00189 0,00016 0,03156 0,01681 

17 0,00153 0,00126 0,02792 0,00083 0,00209 0,00032 0,03221 0,01580 

18 0,00141 0,00118 0,00736 0,00032 0,00010 0,00003 0,03622 0,01731 

19 0,00128 0,00104 0,00832 0,00029 0,00071 0,00006 0,04316 0,01962 

20 0,00170 0,00082 0,00831 0,00022 0,00091 0,00008 0,04483 0,02061 

21 0,00111 0,00064 0,01708 0,00020 0,00012 0,00003 0,05329 0,01767 

22 0,00111 0,00073 0,02508 0,00017 0,00022 0,00004 0,06319 0,02006 

23 0,00202 0,00124 0,03325 0,00017 0,00038 0,00004 0,06628 0,02887 

24 0,00118 0,00104 0,28283 0,02233 0,00005 0,00003 0,00039 0,00011 
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CONCLUSIONS 

In this work, we have provided two novel contributions to the field of SOC/SOH research: 

 

(1) We have introduced the notion of Structured Recurrent Neural Networks (SRNN), in which we 

leverage the idea of a structured neural network into the realm of indirect SOC/SOH estimation 

techniques. We have shown that they can be used as a suitable alternative (and/or complement) 

to methods such as dual Kalman filters commonly used in literature to estimate the time-varying 

battery parameters in SOH estimation. Unlike the traditional approaches, which only use the 

current state to update the SOH parameters, we use the entire recent history to make this 

estimate. 

 

(2) We introduce a very general, universally applicable method to augment any base model – such 

as an ECM, in which each parameter has a physical meaning and is interpretable – with a black-

box extension that is able to capture some of the structured leftover unexplained behaviour that 

was not captured by the physical model. 

 

Both contributions have been explained theoretically and verified experimentally, based on datasets 

acquired in the lab. 
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