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Abstract: The accurate state of health (SOH) estimation of lithium-ion batteries (LIBs) during operation is crucial
to ensure optimal performance, prolonging battery life and preventing unexpected failure or safety hazards. This
work presents a storage and performance optimised deep learning approach to predict the capacity based SOH
of LIBs using raw sensor data from partial charging curves under constant current condition. The proposed
model is based on a combination of a 1-dimensional convolutional and long-short term memory neural network
and processes time, voltage and incremental capacity of partial charging curves as time series. The model is
cross-validated on different aging scenarios reaching an overall MAE = 0.418% and RMSE = 0.531%, promising an

accurate SOH estimation of LIBs under varying usage and environmental conditions in a real world application.
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1. Introduction

The urgent need to reduce greenhouse gas emissions and combat climate change has provoked
the rapid adoption of renewable energy systems and electrification of the transportation sector. LIBs
have gained prominence in both of these areas in recent years. They are used as stationary storage
to compensate the intermittent nature of renewable energy sources by fast and efficiently storing the
excess energy during periods of high production and releasing it during low or no generation periods.
In the transportation sector LIBs are widely used as traction batteries in the area of electromobility due
to their high energy density and power capability.

However, like any electrochemical energy storage system, LIBs undergo degradation over time.
The SOH is a widely adopted metric to assess the degradation of LIBs, typically expressed as a
percentage value that represents the remaining useful life of the battery and is commonly based either
on the inner resistance or on the remaining capacity relative to their initial values.

This work presents a methodology to estimate the capacity based SOH, defined as follows:

SOH = <. 100% (1)
Cn
where Cy is the nominal and C the actual capacity. Accurate estimation of the SOH during operation
is crucial for ensuring optimal performance, prolonging lifespan and preventing unexpected failures
or safety hazards of battery systems. Due to the non-linear degradation and its complex underlying
mechanisms and their interactions [1], accurate online SOH estimation is a non-trivial task. Different
methodologies can be found in literature for evaluating the SOH of LIBs with the most basic and
accurate technique being coulomb counting while performing a complete discharge of the battery.
Other more sophisticated methods like incremental capacity analysis (ICA) [2,3], differential
voltage analysis [4] and electrochemical impedance spectroscopy [5,6] are widely discussed in literature
for SOH evaluation under laboratory conditions. All three methods are rather suitable for online
SOH estimation due to the need of a unique current profile, high measurement accuracy and further
processing of the acquired data.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Recently discussed approaches for online SOH estimation can be roughly categorised in model-
based [7-10] and data-driven [11-21] methods. Where model-based algorithms are built on a parame-
terised battery model, usually in a recursive implementation such as kalman filters. The underlying
battery model can be either an equivalent circuit model [7,8] or an electrochemical model [9,10], where
the latter is rather suitable for online SOH estimation due to its high computational complexity. The
accuracy of model-based algorithms highly depends on the choice of the underlying battery model
and its parameterisation, both of which require a high level of domain specific knowledge.

Data-driven methods, on the other hand, have the ability to map measured input data to labelled
output data, being able to model complex and non-linear relationships without any information about
the underlying physical or chemical processes. The quality of prediction can vary with the selection of
the underlying algorithm and the choice, quality and amount of training data.

Many data-driven approaches for SOH prediction can be found in literature ranging from gaussian
process regression [14,15], support vector machines [16,17] over deep learning [18-20] and other
neural network approaches [12,21] commonly using extracted features from voltage, current and/or
temperature measurements as input data.

Zheng et al. [22] analysed the change of terminal voltage during a charging process under constant
current condition for various SOH and could show a significant change in inclination of the terminal
voltage over time with falling SOH, making them a suitable base as an input feature for data-driven
algorithms. Furthermore they used a particle swarm optimization algorithm to find the most linear
part of the constant current charging curve and predict the SOH with a RMSE = 1.9 % based on a linear
assumption of the charged capacity within a fixed voltage range.

Wei et al. [12] extracts features like peak height, area and width from filtered incremental capacity
(IC) curves captured during constant current charging and uses a simple multi-layer perceptron neural
network to predict the SOH. They evaluate different partial charging areas for different cell chemistries
reaching a MAE < 0.24 % for partial charging with a initial voltage of Vj,;; < 3.7 V. Main limitations of
this approach are the computational expensive filtering of the IC curve and further feature extraction.

Li et al. [13] is using the voltage and time samples of partial charging curves under constant
current condition as input features. They propose a deep neural network (DNN) consisting of four
long short-term memory (LSTM) layers to process the partial charging curve as timeseries, hence being
able to process raw sensor data of a battery management system (BMS) without any preprocessing or
feature engineering.

The relatively complex topology of the proposed DNN demands a certain amount of storage and
computational power, making it unsuitable for low budget embedded devices associated with most
modern BMS. Furthermore, all of the above mentioned approaches do not consider different ageing
scenarios in their datasets and, therefore cannot validate the robustness of the proposed algorithms
against different ageing mechanisms caused by varying environmental conditions or usage of the
batteries in a real world application.

This work is motivated by bridging the aforementioned research gap by building a dataset with
eleven different ageing scenarios and proposes a storage optimised DNN with low computational
complexity, based on a 1-dimensional convolutional neural network (1-D CNN) in combination with
two LSTM layers. The proposed methodology will process time-series of raw sensor data (time, voltage,
IC) of partial charging curves under constant current condition to predict the SOH of LIBs. Finally, the
model is cross-validated over the different ageing scenarios to validate the robustness of the model
against different ageing mechanisms.

2. Dataset

The dataset used for this work consists of ageing data collected from 22 Bexel INR18650-2600
cells, built from experiments carried out in-house as part of the LioBat project. The active materials
are Lithium-Nickel-Manganese-Cobalt-Oxide (NMC) for the positive electrode and carbon (C) for the
negative electrode. The specification of the cell is given in Table 1.
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Table 1. Cell specification.

Category Specification
Manufacturer Bexel
Type Cylindrical (18650)
Chemistry NMC/C
Nominal Capacity Cn 2.6 Ah
Cut-off Voltage Charge 42V
Cut-off Voltage Discharge 275V

2.1. Experimental

In order to represent different usage of batteries within the dataset, eleven different ageing
scenarios where applied. They encompass a spectrum of different cycling strategies and calendric
ageing. Each ageing scenario is applied to two individual cells. A detailed overview of the different
scenarios is shown in Table 2.

Table 2. Ageing scenarios.

Scenario Cell No. SOCmean DOD C-Ratecpg C-Rateg;s  Temperature
1 1,2 50% 100% 1C 1C 35°C
2 34 20% 30% 1C 1C 35°C
3 5,6 50% 30% 1C 1C 35°C
4 7,8 80% 30% 1C 1C 35°C
5 9,10 50% 100% 1C 2C 35°C
6 11,12 50% 100% 1C 1C 45°C
7 13,14 50% 100% 1C 2C 45°C
8 15,16 20% - - - 35°C
9 17,18 50% - - - 35°C

10 19,20 80% - - - 35°C
11 21,22 50% 100% 1C FUDS 35°C

Within the experiments, characterisation tests where carried out in regular intervals of 50 equiva-
lent full cycles for cells subjected to cycling and a 30-day interval for cells undergoing calendric ageing.
The characterisation tests include the determination of the actual capacity and the acquisition of a full
charging curve under constant current condition.

They were conducted under a controlled temperature environment of 35°C. The measurements
and cycling were carried out using a Neware CT-4008-5V6A battery testing system.

The tests proceeded in 3 phases, each of them separated by a 30-minute rest time. The first phase
brings the cell to an initial fully charged state by a charging process with a constant current of 1C
until the cut-off voltage is reached, followed by a constant voltage step until the current attains a
level of C/100. The second phase is oriented to determine the discharge capacity, by using coulomb
counting while discharging the cell with a constant current of 1C until the terminal voltage is reaching
the discharge cut-off voltage. After the capacity determination, the cell is fully discharged by applying
a constant voltage until the current attains again a level of C/100. A third and final phase acquires the
full charging curve by charging the cell with a current of 1C until the charge cut-off voltage is reached.

Figure 1 shows the trajectory of capacity degradation of all cells present in the dataset. All
cycled cells are aged until they reach 75% of their nominal capacity. Cells number 3 (scenario 2) and
21 (scenario 11) broke down during the experiment with an abrupt drop of the terminal voltage to
zero volts. Cell number 4 (scenario 2) shows an unexpectedly accelerated ageing rate compared to
analogue scenarios, its data is nevertheless kept in the dataset to proof the robustness of the proposed
methodology, even in cases of abnormal ageing behaviours.

d0i:10.20944/preprints202403.1793.v1
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Figure 1. Capacity decay of all cells contained in the dataset: (a) SOH of cycled-aged cells over
equivalent full cycles. (b) SOH of calendric-aged cells over time in days.

2.2. Feature Selection and Data Preprocessing

The proposed model uses time, voltage and IC of partial charging curves under constant current
condition (1C) as input features. The features are passed to the model as time series data with a sample
rate of 5 seconds, and consisting of raw sensor data and derived values obtained from them.

As stated before, ICA is widely used in literature to determine capacity loss and identifying
degradation mechanisms like loss of anode active material and loss of lithium inventory [23] under
laboratory conditions, where the IC is processed from the open circuit voltage (OCV) curve. The IC is
given by

dQ

Here, Q is the charge in Ah and V the terminal voltage in V. To qualitatively determine the capacity
from IC curves, the OCV has to be acquired by either charging the cell with a very small current and
subsequent filtering or by incremental charging with a relaxation time in between.

Both of these methods are difficult to capture in a real-world application. Riviere et. al [3]
investigated the effect of c-rate, temperature and depth of discharge (DOD) on ICA and reached with
an empirical capacity estimator a prediction error of less than 4% and, therefore, showed that IC
curves are carrying information about the capacity degradation under various conditions. Taking
this into account, this work uses the IC curve processed from the raw sensor data of the constant
current charging curve as captured within the characterisation tests described in section 2.2 without
any filtering, to keep the computational cost for the data preprocessing as low as possible.

Since the current is kept constant while charging and all features will be normalised before they are
passed to the model, the charge Q in equation 2 can be replaced by time ¢, without losing information
of the IC curve with respect to the capacity degradation. Hence, equation 2 can be simplified and
reformulated as follows

dt n At
IC = FTAAING 3)

With equation 3, the IC curve can be processed from the voltage and time samples of the charging
curves and therefore is independent of the current measurement and potential measurement errors of
the sensor from the BMS. An important prerequisite for this, of course, is a precise current measurement
and control of the charger.

Considering practical applications, only partial charging curves within a voltage window of
3.7 V -4.0 V are used as input features for the model. The upper boundary of 4.0 V was chosen
to assure a constant current (CC) phase also under the operation with reduced DOD and to avoid
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incomplete CC phases in case of imbalanced battery packs. The choice of the lower boundary is a
trade-off between the accuracy of prediction and the ability to frequently capture the whole voltage
window, since a battery is rarely fully discharged in a real-world application. The lower boundary, of
3.7 V encompasses the main peak of the IC curve, which is representative of the intercalation stage II of
the anode and displays the highest degree of variability with respect to the degradation of LIBs. Trails
with different lower boundaries, showed a remarkable improvement of the prediction accuracy from
3.7 V downwards. Furthermore, a terminal voltage of 3.7 V is considered to be frequently reached in a
real-world application.

Figure 2(a) shows exemplary the full charging curves of cell number 1 for different SOH. Fig-
ures 2(b) and 2(c) exhibit respectively the extracted partial charging curves and the IC cures derived
from equation 3. Both of which will be passed to the model as input features. Despite the inherent
noise of the IC curves, adding them as a input feature enhances model performance. Nevertheless, it
is noteworthy that using only voltage and time as input features also leads to a satisfactory level of
model performance.
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Figure 2. Full charging curve and extracted features for different SOH over time: (a) Full charging
curves as captured during the characterisation tests. (b) Extracted partial charging curves. (c) Derived
IC curves.

In order to meet the requirement of a constant input length for the proposed model, the time series
data of the selected features were preprocessed by zero-padding to the length of the longest series in
the dataset. This length is extended by an additional 10 samples to accommodate for charging curves
with slightly longer duration, originated by LIBs with higher initial capacity than those included in
the dataset. Finally, all features will undergo a min-max normalisation according to their minimum
and maximum values within the whole dataset. Subsequently, the normalised data will be randomly
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partitioned into three distinct subsets, with 80% of the data used for training, 10% designated for
validation, and 10% for testing.

3. Model Structure

Due to its ability to model complex relationships in data and learn hierarchical representations
of time series, deep learning has recently emerged as a crucial tool for time series analysis and
classification. This work proposes a deep learning model which combines a 1-D CNN and a LSTM
neural network to predict the capacity of LIBs based on time series data from partial charging curves.
In the proposed topology, the 1-D CNN layer provides the ability to extract additional features from
the raw input data, while the LSTM layer is able to capture the long-term dependencies present in the
time series data [24].

3.1. 1-Dimensional Convolution Neural Network

A 1-D CNN layer applies a set of learnable filters to the input sequence in order to extract features
that are useful for the given task. Each filter consists of a kernel which slides over the input sequence
with a specific stride and width, performing a convolution operation. The output of this convolution is
a new sequence, where each element is a weighted sum of the input elements that were covered by the
kernel. For an input sequence x, a filter of length k and a stride of 1, the convolution operation in a
discrete form is defined as

k-1
Yi= ) wixiy (4)
=0

Where y; is the i-th element of the output sequence and wj is the j-th element of the learnable
weight of the kernel. After the convolution operation, a non-linear activation function is applied to
each element of the output sequence. This introduces non-linearity into the network and helps to
capture more complex patterns in the data. In this work, the ReLU function is used as activation.

The number of filters used in a 1-D CNN layer determines the number of output channels, which
can be thought of as different feature maps that capture different aspects of the input sequence. Each
filter has its own set of learnable weights, that are adjusted during training.

3.2. Long Short-Term Memory Neural Network

The LSTM neural network is a type of recurrent neural networks (RNN) designed to solve their
limitations at learning long-term dependencies in sequential data by addressing the vanishing and
exploding gradient problem of traditional RNNs. To do so, LSTM networks incorporate memory into
the cell, allowing the selective storage and retrieval of information over long periods of time and,
hence, making them a powerful tool to process time series data.

Figure 3 shows the architecture of a single LSTM cell. Where x; is the input at time t, C; the actual
cell state, which can be interpreted as the memory of the cell. C;_; is the cell state of the previous time
step and y; is called hidden state, which acts also as the output of the cell. Internally the cell consists of
three gates, the forget gate f;, the input gate i; and the output gate o;. All internal gates are based on
the same equation but with their own trainable weights W and biases b.

fr = o(Wext, yr—1] + by) (5)

ir = o(Wilxy, yi—1] + ;) (6)
or = o(Wolxt, ye—1] + bo) )
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Figure 3. Schematic structure of an LSTM cell.

The results or outputs of these gates decide by multiplication how much information will be
forwarded from a specific state. The forget gate f; controls how much information will be forwarded
from the previous cell state to the actual cell state. The input state decides how much of the new
generated memory C; should be added to the cell state. The new generated memory C; is defined by

Ct = tanh(WC[Xt,]/t_l] + bc) (8)

Finally the output gate o; controls what information will be forwarded from the actual cell state
to the hidden state and thus to the actual output of the cell. The actual cell state and hidden states are
defined by the following formulas

Ci=fixCiq1+irxC )
Yt = 0y * tanh(Cy) (10)

Where * is indicating an element-wise multiplication.

3.3. Applied Topology

As stated before, this work proposes a combination of a 1-D CNN and LSTM neural networks. Fig-
ure 4 depicts a schematic representation of the applied network topology, along with the corresponding
input and output dimensionality for each layer.
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Figure 4. Schematic representation of the applied network topology, along with the corresponding
input and output dimensionality for each layer.

The selected input features from the partial charging curves (time, voltage and IC) are processed
by the 1-D CNN layer to extract additional features. Subsequently, a one-dimensional maximum
pooling layer (1-D MaxPooling) is used to reduce the computational burden of further processing and
the overall storage requirements of the neural network by downsampling the resulting multivariate
time series. The result is then processed by two sequential LSTM layers, followed by a dense layer
consisting of a single node and a linear activation function which outputs the predicted SOH.
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3.4. Model Implementation and Training

Keras (version 2.6.0), an open-source deep learning library for Python (version 3.9.7) with Tensor-
Flow (version 2.6.3) as a backend, is used for the implementation and training of the above described
neural network. Keras is a high-level API that provides all common deep learning layers a variety
of optimisers and a model framework for compiling and training. The "Adamax" optimiser with
mean-squared error (MSE) as a loss function, is applied for training. Regularisation is implemented
by a dropout for each LSTM layer to prevent the update of randomly chosen weights after a training
step. Dropout decreases the chance of overfitting the network to the training data, thus enhancing the
generalisation ability of the model.

Optuna (version 2.10.0), an automated hyperparameter optimisation framework, was utilized to
fine-tune a selected set of hyperparameters for both the model and training process. Table 3 lists the
hyperparameters which resulted in the highest prediction accuracy.

Table 3. Applied hyperparameters.

| Hyperparameter
Filters: 43
CNN Kernel Size: 17
Activation: ReLU
MaxPool | Poolsize: 4
Nodes: 49
LSTM1 Dropout: 10%
Nodes: 3
LSTM2 Dropout: 10%
Epochs: 1500
Learning rate: 0.001
Training | Batch size: 10
Optimiser: Adamax
Loss function: MSE

4. Results and Discussion

In order to assess the quality of predictions generated by the trained model, three fundamental
metrics are employed. The first one being the simple absolute error (AE), which quantifies the absolute
difference between predicted and observed values for each individual prediction. The second metric is
the mean absolute error (MAE), computed as the arithmetic mean of all AE within a set of predictions.
Lastly, the root-mean-square error (RMSE) is utilised, which represents the square root of the quadratic
mean of the differences between predicted and observed values. Both MAE and RMSE quantitatively
measure the model’s accuracy, whereas the RMSE is more sensitive to outliers. All used metrics
indicate better model accuracy with lower values and are defined as follows

AE = [7—y| (a1

1&, .,
MAE = _} | il (12)
i=1

RMSE = Wi —vi)? (13)

S
kmx

I
—

1
where 7 is the number of total samples, 1 the predicted and y the measured SOH in percent.

The proposed model will be validated under consideration of two major aspects. First, the
determination of the general model performance with respect to the train-validation-test split of the
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dataset. Secondly, its robustness against different aging scenarios encompassed in the dataset, which is
conducted in a cross-validation manner.

4.1. General Model Performance

The dataset described in Section 2.2 is randomly partitioned into three defined subsets. This
train-validation-test split (80%-10%-10%) is used to determine the general performance of the model.
The first subset is used for model training. The validation subset is used to identify potential issues like
overfitting during the training process and serves as a target for fine-tuning the hyperparameters. The
test subset is not used in the whole training and optimisation process and hence is most representative
of the model’s performance and generalisation ability.

Figure 5(a) depicts an exemplary representation of the measured and predicted SOH based on
the data of cell number 6, along with the absolute error associated with each data point. Notably, the
absolute error exhibits a marginal inclination as the SOH decreases but never exceeds the threshold
of 1%. Figure 5(b) shows the deviation between measured and predicted SOH for each datapoint of
the dataset separated by the subsets. The yellow line represents an optimal prediction. The deviation
shows a homogeneous distribution across all subsets, indicating a high generalisation ability. However,
a slight elevation in deviation, accompanied by a rise in the number of outliers, is observed for
predictions below SOH = 90%, particularly within the test subset. The corresponding metrics for each
subset are listed in Table 4.
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(a) (b)
Figure 5. General model performance of train-validation-test split: (a) Comparison of measured
and predicted SOH of cell number 6, including the absolute prediction error. (b) deviation between
measured and predicted SOH for the entire dataset.

Table 4. Metrics of train-validation-test split.

Subset MAE RMSE
Train 0.235% 0.298%
Validation 0.364% 0.446%
Test 0.473% 0.628%

4.2. Robustness against Aging Scenarios

To determine the robustness of the model against different ageing mechanisms, a cross-validation
approach over the applied ageing scenarios is employed. For each iteration, the data from a single
ageing scenario is designated as the test set, while the data of all remaining scenarios is used for model
training. This process is repeated for each ageing scenario listed in Table 2, except for the calendric
aged cells (scenario 8-10). The calendric aged cells are considered as one scenario due to their similar
ageing mechanisms.
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The results of the cross-validation are shown in Figure 6 and the corresponding metrics for each
scenario are listed in Table 5. Same as for the train-validation-test split, Figure 6(a) shows the deviation
between measured and predicted SOH for cell number 6, achieving comparable results with a slightly
increased absolute error for all predictions but always staying below the threshold of 1%. Figure 6(b)
shows the deviation between measured and predicted SOH of the test set for each iteration (scenario)
of the cross-validation. The results show a similar behaviour as the train-validation-test split with a
homogeneous distribution of the deviation across all iterations, which indicates a high robustness of
the model against different ageing scenarios.
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(a) (b)
Figure 6. Model performance of cross-validation over aging scenarios: (a) Comparison of measured
and predicted SOH of cell number 6, including the absolute prediction error. (b) Deviation between
measured and predicted SOH for each ageing scenario.

Table 5. Metrics of cross-validation over scenarios.

Scenario MAE RMSE
Scenario 1 0.599% 0.748%
Scenario 2 0.448% 0.578%
Scenario 3 0.385% 0.486%
Scenario 4 0.434% 0.546%
Scenario 5 0.552% 0.687%
Scenario 6 0.220% 0.274%
Scenario 7 0.321% 0.448%

Scenario 8-10 0.536% 0.672%
Scenario 11 0.265% 0.343%
Mean values 0.418% 0.531%

5. Conclusions

This work proposes a storage and performance optimised deep learning model to predict the
capacity based SOH using time series of raw sensor data from time, voltage and IC of partial charging
curves under constant current condition. The model combines a 1-D CNN to extract additional features
from the raw sensor data in order to boost prediction accuracy and two sequential LSTM layers to
capture long-term dependencies present in the resulting multivariate time series. A 1-D MaxPooling
layer is applied to reduce the length of the resulting time series from the 1-D CNN, resulting in
lower computational burden and required storage for the subsequent LSTM layers, making the model
suitable for small embedded devices found in modern BMS. The model has been cross-validated on
different aging scenarios with an average MAE = 0.418% and RMSE = 0.531%, promising accurate
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SOH predictions of LIBs at varying usage and environmental conditions in a real world application. A
rise of prediction accuracy is expected for larger datasets used for the training process.

The primary limitation of the proposed methodology lies in its exclusive applicability to scenarios
where a controlled charging phase under constant current condition is feasible. In such instances, the
acquisition of data can take place without additional interventions in the battery system’s operation.
Additionally, the generation of training data has to be repeated for any additional cell type or applied
c-rate, resulting in expensive and time consuming laboratory work.

If the concept of transfer learning can be applied to reduce these experimental expenses, as well
as to prove the suitability of the proposed methodology for other cell chemistries like lithium iron
phosphate (LiFePO4) will be the scope of future work.
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The following abbreviations are used in this manuscript:

SOH State of Health

LIBs Lithium-ion batteries

ICA Incremental Capacity Analysis

IC Incremental Capacity

DNN Deep Neural Network

LSTM Long short-term memory neural network
RNN Recurrent Neural Network

1-D CNN 1-dimensional convolution neural network
1-D MaxPooling  1-dimensional maximum pooling

BMS Battery Management System

oCcv Open Circuit Voltage

DOD Depth Of Discharge

CcC Constant Current

AE Absolute Error

MAE Mean Absolute Error

RMSE Root Mean Square Error
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