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Abstract

This paper evaluates and compares four data-driven methods (Gaussian Process Regression
(GPR), echo state network (ESN), gated recurrent unit (GRU), and long short-term memory
(LSTM)) for lithium-ion capacity prognostics adapted to electric vehicle conditions. This
comparison aims to find the most efficient prognosis method considering two constraints:
the limitation of computational power and the unavailability of on-board capacity mea-
surement that requires full charge and discharge conditions. The machine learning models
are trained using capacity values estimated under vehicle conditions. The ageing data is
collected from cycling tests of two battery chemistries, Lithium Fer Phosphate (LFP) and
Nickel Manganese Cobalt (NMC), with different ageing trends. The prognosis algorithms
are tuned with three different percentages of the data, allowing for the evaluation of the
methods at different ageing stages. The comparison and analysis of the results show that
ESN outperforms other methods; it has the lowest prediction error (mean absolute percent-
age error less than 1.4% at initial ageing of the cells) and the shortest training time, making
it the most appropriate method for automotive applications.

Keywords: electric vehicle; lithium-ion batteries; machine learning; prediction; state
of health

1. Introduction

Lithium-ion batteries are currently the most used energy storage system in electric
vehicles (EVs) due to their higher performance in comparison with other energy storage
systems: high power and energy density, slow self-discharge rate, and fast response
time [1,2]. However, as with any electrochemical system, lithium-ion batteries suffer
from different irreversible reactions that lead to their degradation and the loss of their
characteristics [3]. Ageing mechanisms mainly lead to battery capacity loss and internal
impedance increase [4]. Therefore, EV batteries’ prognosis and health management (PHM)
are necessary for efficient and secure battery system management. Regarding vehicular
applications, the PHM methods focus on monitoring and forecasting the battery capacity
evolution to assess battery health status [5]. The state of health (SoH) prediction methods
can be model-based or data-driven.
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The model-based methods consist of fitting the parameters of the degradation model
using available battery measurements. The SoH prediction is obtained by extrapolating the
fitted ageing model to the upcoming cycles [6]. Usually, the battery prognostic is done with
particle filters (PF) to fit and update model parameters. The study presented in [7] used a
generalised Dakin degradation model to predict the capacity of LFP and LTO cells. The
model parameters are optimised using PF. The predicting error is less than 6.64%. In [8],
the authors used an exponential model to predict the capacity of LCO cells while the model
parameters were fitted with an improved particle filter (PF) algorithm. The study in [9] used
a grey model that combines the exponential, linear, and polynomial models to predict the
battery capacity. The model’s parameters are fitted using PF. The accuracy of the method
is verified using the NASA Public Lithium-Ion Battery Data Set. The results show that
combining three models achieves higher prediction accuracy than single-model results.

Data-driven approaches to battery prognosis proposed in the literature use sequences
of previous capacity values to predict their values over future cycles [10]. Among the
different approaches, machine learning techniques such as Gaussian Process Regression,
Support Vector Machine, and deep-learning methods such as recurrent neural networks
(RNNs) are widely referenced [10-18]. The study in [12] proposed and evaluated an
optimised LSTM model for capacity prediction. This method was evaluated based on
experimental tests of battery cycling of NCA cells under two different temperatures. The
results showed that the capacity was predicted with a mean absolute error (MAE) of less
than 0.012Ah. In [13], the authors used the GPR model to predict the capacity of NCA
cells from calendar ageing data. The RMSE is less than 0.0105Ah. In [14], the authors
used an LSTM model for battery prognosis. First, the capacity trends are decomposed
using complete ensemble empirical mode decomposition and principal component analysis.
Second, the LSTM model based on transfer learning used the decomposed signal to predict
the cell’s capacity. The relative error of the prediction is less than 1.9%.

Finally, although these prediction methods show good accuracy and robustness for
different battery chemistry capacity predictions, the data used to design the models are
generally obtained from experimental laboratory tests. This limits their use in electric
vehicles because the tests needed to measure capacity are time-consuming, expensive, and
require specific conditions [15,16]. In addition, the ageing behaviour varies between cells
due to several factors, such as working conditions, position of the cells in the module,
and driver behaviour [17]. Therefore, the prognosis methods should take into account the
ageing trajectory of each cell to predict its future evolution. The prognosis frameworks
proposed in the literature require significant computing resources and usually combine
several algorithms and mechanisms for SoH prediction [18,19], making them difficult to
implement for on-board training. A practical method of predicting the state of health (SoH)
of batteries in electric vehicles should be based on a history of capacity estimated on-board
to take into consideration the ageing trajectory of each cell.

Concerning data-driven prediction methods, recurrent neural networks such as LSTM,
GRU, and their variants have shown their efficiency for different time-series prediction
tasks, particularly for lithium-ion prognostics [10-19]. The GPR model has proven its
efficiency for predicting battery ageing across various studies, due to its low computational
cost and minimal data requirements [13,20]. Recently, echo state network (ESN) has
emerged as an alternative to gradient descent training-based approaches and has been
successfully applied for time-series prediction [21]; the main advantages of ESN are the
capacity to learn from a small database and the simplicity of its training process (linear
regression problem), which makes it convenient for applications where computational
sources are limited [22]. In the following, the four prediction approaches previously
mentioned are evaluated and compared: LSTM, GRU, ESN, and GPR. The objective is to
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assess and compare simple architectures for capacity prediction to select algorithms that
achieve higher accuracy with less computational power for electric vehicles. These methods
are first trained with measured capacity values to test their ability to predict the battery
ageing trend. In the second step, the prediction models are trained using the estimated
capacity. This step allows for assessing their accuracy and robustness to the estimation
errors in the training data, which is close to the actual conditions under which vehicle
battery capacity is estimated. Finally, the prediction models are evaluated using training
data at three ageing stages of the cells (initial, medium, and advanced), and they allow the
assessment of long-term, medium-term, and short-term prediction performance. The model
training and validation data are generated experimentally from battery cycling of two cell
chemistries (LFP and NMC) with two different ageing trends. Results are compared and
evaluated in terms of prediction accuracy and learning time. The main contributions of this
paper are:

— The assessment and comparison of four machine learning methods (LSTM, GRU, GPR,
and ESN) for the capacity prediction of lithium-ion cells for vehicular applications.

— The prediction models are compared by considering two scenarios: the capacity
values are measured or estimated, and different percentages of the training data
are considered.

— The models are evaluated and compared using data from two different ageing trends
extracted from the cycling of LFP and NMC cells.

The rest of the paper is organised as follows: Section 2 details the prediction structure,
the experimental tests and the training data, and the prognosis models. Section 3 presents
the prediction results and their analysis. A conclusion closes the paper.

2. Materials and Methods
2.1. Prognosis Model Structure

The prediction structure used for this application is the non-iterative structure (Figure 1).
The training process consists of finding the relationship (the model) between the number
of cycles (or cycle duration) and the corresponding capacities [23]. The model predicts
capacity over k number of future cycles (as represented in Figure 1). Indeed, the selected
structure allows long-term capacity prediction over the battery’s lifetime. Furthermore,
unlike the iterative structure, which uses previously predicted values to predict the next one
and thus accumulates prediction errors within the model [24], the non-iterative structure
should be stable and robust in the face of uncertainties in the estimated capacity values [25].
It should be noted that this structure must be used with caution, as the prediction model
cannot be generalised because it is linked to the cell used for training.
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Figure 1. The prediction model structure.
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2.2. Experimental Design and Training Data
2.2.1. Experimental Design

The experimental data (voltage, temperature, and capacity) used for the model eval-
uation are obtained with the accelerated cycling tests of two battery chemistries (LFP
and NMC) under an environmental temperature of 35 °C [26,27]. The cycled cells are
charged using Constant-Current-Constant Voltage mode and then discharged using a dy-
namic current profile adapted from the Worldwide Harmonized Light Vehicles Test Cycles.
Figure 2 shows the cycling profile. A check-up test is realised to monitor the evolution
of battery capacity, energy, and internal resistance with cycling [28]. Many studies have
shown that ambient temperature significantly affects battery ageing [26]. The higher the
environmental temperature, the higher the rate of ageing. In addition, battery temperature
rises during charging and discharging due to the internal electrochemical process and
the Joule effect. Therefore, the ambient temperature is set to 35 °C to conduct accelerated
ageing tests without exceeding 45 °C [27]. More details about experiments and protocols

are provided in [26,28].
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Figure 2. The applied current during cell cycling.

In these tests, four LFP cells with a rated capacity of 20 Ah and four NMC cells with
a rated capacity of 3 Ah are cycled. Figure 3 shows capacity evolution as a function of
the number of cycles for the four cells for each chemistry. The results show that capacity
decreases with ageing for both chemistries; the NMC cells lost about 20% of their initial
capacity after 985 cycles, while the LFP cells lost 14.2% after 1057 cycles.
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Figure 3. The evolution of cells’ capacity with ageing for NMC and LFP chemistry.

The results show that capacity fade varies between cells: regarding the NMC cells, cell
#1 and cell #2 lose 20% of their capacity after 716 cycles, while cell #3 and cell #4 lose 20%
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after 844 and 985 cycles, respectively. The capacity fade of the LFP cells varies between
11% and 15% after 1057 cycles. The comparison of the two chemistries shows that the LFP
cells have a higher lifetime compared to NMC cells. These results highlight differences in
ageing trends between cells and between the two chemistries, allowing evaluation of the
adaptability of the prediction models to different ageing trends. Future work will focus
on conducting tests under different operating conditions (calendar ageing, different load
profiles, temperatures, and SoC windows) to evaluate the models across different scenarios.

2.2.2. Training Data
The prediction models are evaluated considering two scenarios:

- In the first scenario (Figure 4a), the prognosis models are trained with the capacities
measured during laboratory tests. The first step is to evaluate the model’s ability to
predict the progression of ageing. This would be different in the case of actual electric
vehicles, for which capacity measurements are often unavailable.

- In the second scenario (Figure 4b), the prediction models use the estimated values to
predict the battery capacity evolution. This configuration is more realistic because, in
actual applications, the capacity is generally calculated on board.

()

Experimental Cexp Prognosis ¢
tests Model

(b)
Measurements Diagnosis | € Prognosis  |C
(voltage, temperature) model Model
[ Cycles ]

Cexp the measured capacity

C  the estimated capacity

C thepredicted capacity
Figure 4. The two configurations used for the prognosis model’s evaluation (a) With the measured
capacity values, (b) With the estimated capacity values.

Several data-driven methods have recently been proposed to estimate the battery ca-
pacity and achieve high accuracy for vehicular applications. These methods have achieved
high estimation accuracy of battery capacity based on available measurements such as volt-
age, current, and temperatures [27-30]. This study uses the estimation method proposed
in [27] to generate a historical record of capacity data. The diagnosis method combines
two auto-encoders with an LSTM neural network to estimate capacity from voltage and
temperature measurements under the WLTC current profile (Figure 2). The model achieved
an accurate estimation of the capacity (mean absolute percentage error less than 2%) for
two chemistries (LFP and NMC).

2.2.3. Evaluation Procedure

The prediction models are trained for each cell at three stages of its life (40%, 60%, and
80% of cycles) to assess their performance. The percentages represent the ratio between
the number of cycles used to fit the model and the total number of cycles. This approach
enables the evaluation of predictions at three stages of the battery’s life (initial, intermediate,
and advanced ageing) and allows the assessment of long-term, medium-term, and short-
term prediction performance. The prediction errors are evaluated using the mean absolute
percentage error (MAPE) presented in (1) instead of the MAE and RMSE, which would
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not be suitable because the nominal capacities are 3 Ah and 20 Ah for NMC and LFP cells,
respectively:

) 1 N ¢
MAPE (%) =100 x % 3 ;' |X = Xexp|/ Xexp 1)

2.2.4. Long Short-Term Memory

The long short-term memory neural network is a deep recurrent neural network
composed of LSTM units. Each unit is made up of three gates: the input gate, the forget
gate, and the output gate, described by (2), (3), and (4), respectively [31]:

i = o(wi[he—1, x¢] + bj) )
fr = o(welhg_1, %] + ) 3)
o0 = U(wo [hk—lf xk] + bo) 4)

where wy and by are the weight and bias, respectively, and ¢ is the activation function
(sigmoid function). The candidate state cell ?k is obtained from Equation (5):

Cx = tanh(we[hg_y, xx] + be) 5)

where w, is the weight, b. is the bias, and tanh is the hyperbolic tangent function.
Subsequently, the state cell cj is updated based on its previous values cx_; and the
candidate value ?k (6). The cell output hy is calculated using (7):

ck = fr X c—1 +ig X C (6)

hy = o x tanh(cy,) (7)

This gating mechanism in LSTM networks offers several advantages for time-series
problems: it allows the model to retain and propagate relevant information over the
processed time steps. In addition, the gates in LSTM provide an adaptive memory control:
the forget gate allows the model to neglect irrelevant information from previous time steps.
In contrast, the input gate selectively incorporates new information. This adaptability
enables LSTM to focus on the relevant information and reduce noise and irrelevant features’
impact on the sequence [31]. The architecture and hyperparameters are obtained via a
trial-and-error approach. The strategy aims to select the optimal architecture by minimising
the size and complexity of the neural network; hyperparameters were selected through a
progressive architecture search. Training began with a three-layer neural network, with
the number of units per layer varied from 30 to 200 in steps of 10. The architecture was
expanded by adding layers only when the validation-set prediction error remained above
3%. Table 1 summarises the LSTM configuration used for the capacity prediction.

Table 1. The selected hyperparameters of the LSTM algorithm.

Parameter Description
Input layer 50 LSTM units
Hidden layer 100 LSTM units
Output layer One dense unit with Leaky Rectified Linear

activation function [32]

Optimisation algorithm ‘ADAM’ optimizer [33] with ‘MSE’ loss function
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2.2.5. Gated Recurrent Unit Network

The gated recurrent unit network is a simplified variant of LSTM networks. The simpli-
fication seeks to maintain the performance of the LSTM network unit while decreasing the
network complexity [34]. The GRU network is a stack of several layers of gated recurrent
units; each unit consists of two components: an update gate and a reset gate. The update
gate uy assesses the relevance of features and captures long-term dependencies, whereas
the reset gate ry regulates the extent to which past information is discarded.

The two gates are calculated based on the input vector x; and the preceding hidden
state hy_1, as expressed by Equations (8) and (9) [35]:

g = o (wy[hg_1, xx] + bu) (8)

rk = o (wr [, xi] + by ©)
where wy and by are the weight matrices and the bias vectors, respectively; o denotes the
sigmoid activation function.

The candidate’s hidden state Zk is expressed as follows:
hy = tanh(wy[ry X hg_q, xi] + by) (10)

where wy, and by, are the weight and bias, respectively; tanh represents the hyperbolic

tangent function. The current hidden #; state is then updated based on the candidate #
and the previous hidden state h;_1:

hk = (1 — uk) X hk—l + U X Zk (11)

The training consists of optimising the network’s parameters (weights and biases) to
minimise the error between the predicted and measured values. The GRU architecture
and configuration follow the same procedure used for the LSTM architecture (trial and
error method). Table 2 summarises the GRU architecture’s hyperparameters used for the
capacity prediction.

Table 2. The selected hyperparameters for the GRU algorithm.

Parameter Description
Input layer 50 GRUs
Hidden layer—1 100 GRUs
Hidden layer—2 100 GRUs
Output layer One dense unit with Leaky Rectified Linear

activation function [32]

Optimisation algorithm ‘ADAM’ optimizer [33] with ‘MSE’ loss function

2.2.6. Echo State Neural Network

The echo state network (ESN), represented in Figure 5, is a recurrent neural network
with a different architecture and training process than conventional neural networks (LSTM,
GRU, MLP, etc.). The ESN is a class of reservoir computing methods where the inputs
are mapped to a non-linear high-dimensional state [36]. The reservoir states act as an
expansion of the inputs into a higher-dimensional state space. The output of the ESN is
calculated as a linear combination of the reservoir state’s components, the weights of which
are the only optimised parameters during the training process. Therefore, the training
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process becomes a linear regression problem, which reduces its complexity and avoids the
drawback of the vanishing gradient present in deep neural networks [37].

Input layer Reservoir Output layer

Figure 5. The architecture of the echo state network [38].

In an echo state network with n neurons, the input vector u; is mapped into the
recurrent neurons of the reservoir. The ESN state is defined by the vector a;. During each
iteration, the ESN state is updated based on the current input uy, the previous state a;_1
and the previous network output #j;_1, as described by Equations (12) and (13) [36]:

zy = Way_1 + Wity + wpp k-1 (12)

ar = tanh(z; x N, (1,€2)) (13)

where z; is the pre-activation state vector before being processed by the activation function,
W is the weights” matrix between the reservoir units, w;, is the input coefficients matrix,
w ¢ matrix of feedback connections between the ESN output and the ESN state, and tanh
refers to the hyperbolic tangent function. N, (1, 82) eR" is a vector of the state noise com-
posed of elements that follow a normal distribution, where ¢? is the noise variance. The
current output of the ESN is calculated based on the output matrix weight w,,; and the
current state a; as presented in (14):

Tk = axWout (14)

W, wjy,, and w, are randomly assigned and remain constant during the training and
test processes. The weight of the output matrix w,; is the only parameter optimised during
the training using linear regression to minimise the squared error between the predicted
output fx and the measured value. There are three parameters to set for this network: the
number of recursive neurons, the reservoir density, and the output noise variance. In this
study, these parameters are obtained using the trial-and-error method [38,39]: we first set
the density to 10% and the noise variance to 0.1, and varied the number of neurons from
500 to 100 in steps of 50. With a relative prediction error of less than 3%, we set the number
of recursive neurons to 200. Second, the variance is reduced to minimise the prediction
fluctuations and sensitivity to outliers during training. Finally, the state noise variance is
set to 0.03. The reservoir sparsity is kept constant at 10%.

2.2.7. Gaussian Process Regression

The GPR is a Bayesian supervised machine learning technique for regression
problems [40]. The Gaussian process (GP) is defined by the mean m(x) and covariance
2 (x, xT) functions of the vector of inputs x [41]:

f(x) ~ GP(m(x),Z(x,x7)) (15)

m(x) = E[f(x)] (16)
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S(x,x7) = E[(f(x) —m(x))(f(xT) = m(xT))] (17)

The covariance matrix depends on the selected kernel function. In this application, dif-
ferent kernels (‘Squaredexponential’, ‘Exponential’, ‘Matern32’, and ‘Matern52’ [41,42]) are
compared to select the most suitable kernel for battery lifetime prognosis. Table 3 presents
the mean absolute error for NMC and LFP cells, considering the three training percentages
(40%, 60%, and 80%).

Table 3. Mea, Absolute Error comparison of the different kernels.

Battery Chemistry = Percentage Data  Squaredexponential Exponential Matern32 Matern52
40% 6.27 4.16 0.76 2.26
NMC 60% 1.82 1.85 0.42 0.48
80% 0.09 0.58 0.11 0.19
40% 13.48 2.23 1.67 3.95
LFP 60% 1.62 0.98 0.24 0.39
80% 0.13 0.17 0.02 0.02

The performance comparison shows that the Matern32 kernel (Equation (18)) provides
good and stable accuracy (bold values) compared with other kernels across different ageing
stages of NMC and LFP cells. Therefore, Matern32 is selected as a kernel function for
this application:

(x5, x7) = o2 |1+ (18)

\@r] [ V/3r
VO oxp| = YT
o] 0]

1

where ¢ is the standard deviation and o7 is the characteristic length scale. These two
parameters are optimised during the training phase of the GPR. The Euclidean distance r
between x; and x; is calculated by (19):

=) (xi —x) (19)

Considering the dataset defined as (xi %‘)

, the regression model is formu-
i€(1,2,...,m)

lated as follows:
vi=f(x)+eie(1,2,...,m) (20)

where f(.) stands for the unknown regression function and e is the Gaussian noise
and variance c2. Therefore, with the assumption that the mean of the function is zero
(m(x) = 0) [41,42], the GP is then expressed as follows:

Y ~ Gp(o,z(x, xT) + a,%) 1)

The use of the GPR in forecasting problems consists of fitting the GP’s free parameters

(o, 07, and 0y,) using a couple of input/output data (xi yi) c(2,m)’ These parameters
i€(1,2,...m

are adjusted to minimise the error between the predicted and measured values. The fitted

model is then used to predict the output values (7;) , corresponding to the

future inputs (yi>i€(m+l,m+2,...,n)'

ic(m+1,m+2,...n)

3. Results
3.1. NMC Cells

Figures A1-A6 present the evolution of the predicted and measured capacity us-
ing measured and estimated data for all NMC cells. Tables 4 and 5 present the MAPE
of capacity prediction of each cell, using experimental and estimated training data re-
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spectively. The mean and standard deviation of the MAPE values are also provided.
Figures 6 and 7 present the evolution of the mean MAPE and the standard deviation for
NMC cells for each prediction model when the prediction models are trained with measured
and estimated data, respectively.

Table 4. The MAPE of the predictions for NMC cells (models trained with measured data).

Models Percentage Cell #1 Cell #2 Cell #3 Cell #4 Mean Star}dzfrd
Data Deviation
40% 0.73 1.51 0.77 1.74 1.19 0.51
LSTM 60% 0.60 0.38 0.81 1.96 0.94 0.70
80% 0.86 0.79 0.66 0.53 0.71 0.15
40% 1.13 1.68 0.54 1.41 1.19 0.49
GRU 60% 0.35 0.55 0.51 2.18 0.90 0.86
80% 0.51 0.44 0.43 0.40 0.45 0.05
40% 0.46 0.47 0.63 1.48 0.76 0.49
ESN 60% 0.28 0.33 0.51 1.07 0.55 0.36
80% 0.25 0.28 0.36 091 0.45 0.31
40% 0.35 0.16 8.22 25.11 8.46 11.72
GPR 60% 0.08 0.10 1.55 8.07 2.45 3.81
80% 0.13 0.17 0.06 1.45 0.45 0.66
Table 5. The MAPE of the predictions for NMC cells (models trained with estimated data).
Models Percentage Cell #1 Cell #2 Cell #3 Cell #4 Mean Star}dafrd
Data Deviation
40% 0.45 0.40 1.60 0.81 0.81 0.55
LSTM 60% 1.28 0.40 0.87 2.52 1.27 091
80% 2.73 0.73 0.95 1.02 1.36 0.92
40% 1.39 1.60 2.51 0.79 1.57 0.71
GRU 60% 1.98 0.43 0.89 2.10 1.35 0.82
80% 3.27 0.73 1.02 0.90 1.48 1.20
40% 0.92 1.07 0.98 0.83 0.95 0.10
ESN 60% 1.74 1.00 0.78 0.96 1.12 0.42
80% 1.70 0.82 2.12 0.70 1.34 0.68
40% 4.71 6.07 9.83 32.74 13.34 13.11
GPR 60% 3.34 277 1.48 14.32 5.48 5.95
80% 0.24 0.04 0.30 2.92 0.88 1.37

In the model trained with measured capacity, the best results are obtained with ESN
(MAPE average value lower than 1% even with only 40% of the training dataset), followed
by LSTM and GRU (MAPE average value around 1%). Regarding GPR, the results show
that non-uniformity in the ageing trend significantly increases the prediction error, which
is the case for cells #3 and #4:

- Atinitial ageing (40% of the dataset), the error is no greater than 2% for LSTM and
GRU and 1.5% for ESN. At the same time, the error reaches 25% for GPR.

- At average ageing (60% of the dataset), the error is lower than 2% for LSTM and
2.2% for GRU. These errors are higher than those of the initial ageing due to the higher
prediction error of cell #4. Regarding ESN, the MAPE reaches 1.07%. In comparison,
the error reaches 8% for GPR.

https://doi.org/10.3390/en19051203
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- Inadvanced ageing conditions (80% of the dataset), the four prediction models present
a lower prediction error than the first two ageing cases. For LSTM and ESN models,
the error is lower than 0.91%, less than 0.51% for GRU, and 1.45% for GPR.
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Figure 6. The mean MAPE as a function of the training data percentage in the case of the measured
training set for NMC cells.
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Figure 7. The evolution of the mean error as a function of the training data percentage in the case of
the estimated training set for NMC cells.

Regarding the performance of the prediction models trained with estimated capacity
values, the prediction errors are higher than in the previous case because they include the
capacity estimation errors. The predicted capacities converge to the target values with
maximum errors of 2.73% for LSTM, 3.27% for GRU, 2.12% for ESN, and 32.74% for GPR.
Regarding the evolution of prediction accuracy, with the increasing of training percentages,
the following conclusions can be drawn:

- Atinitial ageing (40% of the dataset), the maximum error is no greater than 1.60% for

LSTM, 2.51% for GRU, and 1.07% for ESN. The error reaches 32.74% for GPR.

- At average ageing (60% of the dataset), the prediction error reaches 1.28%, 2.10%,

1.74%, and 14.32% for LSTM, GRU, ESN, and GPR, respectively.

- Atadvanced ageing conditions (80% of the dataset), the highest prediction errors for

LSTM, GRU, and ESN increase to 2.73%, 3.27%, and 2.12%, respectively. Meanwhile,

the mean error is drastically reduced to 0.88% with GPR.
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3.2. LFP Cells

Figures A7-A12 present the evolution of the predicted and measured capacity when the
prediction models are trained using measured and estimated data. Tables 6 and 7 display
the MAPE of all models trained with estimated and measured data, and the mean and the
standard deviation are also provided. Figures 8 and 9 present the evolution of the average
MAPE and the standard deviation for LFP cells, in the cases of measured and training
sets, respectively.

Table 6. The MAPE of the predictions for LFP cells (models trained with measured data).

Models Percentage Cell #1 Cell #2 Cell #3 Cell #4 Mean Stal‘.ldifl‘d
Data Deviation
40% 141 1.27 1.93 1.49 1.53 0.28
LSTM 60% 0.30 0.25 0.42 0.28 0.31 0.08
80% 0.62 0.66 091 0.71 0.73 0.13
40% 1.06 0.85 1.22 0.98 1.03 0.16
GRU 60% 0.38 0.87 0.83 0.61 0.67 0.23
80% 0.73 0.94 0.99 0.76 0.86 0.13
40% 0.35 0.35 0.65 0.21 0.39 0.19
ESN 60% 0.36 0.32 0.37 0.26 0.33 0.05
80% 0.20 0.20 0.27 0.20 0.22 0.03
40% 3.02 13.19 1.75 1.83 494 5.53
GPR 60% 0.68 3.94 0.41 0.34 1.34 1.74
80% 0.09 0.43 0.04 0.05 0.15 0.18
Table 7. The MAPE of the predictions for LEP cells (models trained with estimated data).
Percentage Mean Standard
Models Data Cell #1 Cell #2 Cell #3 Cell #4 MAPE Deviation
40% 0.62 2.72 0.38 1.38 1.28 1.05
LSTM 60% 1.22 0.65 1.22 0.28 0.84 0.46
80% 0.21 0.69 3.15 0.78 1.21 1.32
40% 0.51 2.36 2.58 1.39 1.71 0.95
GRU 60% 1.59 0.42 3.34 1.31 1.66 1.22
80% 0.45 1.13 3.35 1.46 1.60 1.24
40% 1.54 0.82 2.31 0.70 1.34 0.74
ESN 60% 1.99 0.48 0.98 0.81 1.07 0.65
80% 0.44 0.37 1.92 0.57 0.83 0.73
40% 17.48 21.82 16.57 22.54 19.60 3.01
GPR 60% 7.27 7.39 4.39 3.15 5.55 2.12
80% 2.03 0.62 0.58 0.68 0.98 0.70

In the case of using experimental data as a training set, the LSTM, GRU, and ESN
present a maximum prediction error of up to 2% for all study cases. Regarding the GPR
model, the prediction error varies from 13.19% to 0.43% when 40% or 80% of the dataset is
used for training, respectively. The errors are more significant for the cells whose ageing
evolution is non-uniform, as for cell #2.

Regarding the model’s performance when trained with experimental data, the follow-
ing conclusions can be drawn:

— Atinitial ageing (40% of the dataset), the three recurrent networks (LSTM, GRU, and
ESN) achieve good results: the error is less than 1.93% for LSTM, 1.06% for GRU, and
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0.64% for ESN. The GPR prediction error is not higher than 3% for cells #1, #3, and #4,
while for cell #2, it reaches 13.19%.

At average ageing (60% of the dataset), the prediction accuracy increases: the error is
not higher than 0.42% for LSTM, 0.87% for GRU, and 0.37% for ESN. Regarding GPR,
the prediction error is still higher for cell #2 (less than 4%), while it is not higher than
0.7% for the other cells.

The four prediction models perform better at advanced ageing conditions (80% of the
dataset). The error is lower than 1% for LSTM and GRU and lower than 0.5% for ESN
and GPR.
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Figure 8. The evolution of the mean MAPE in the case of the measured training set for LFP cells.
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Figure 9. The evolution of the mean error as a function of the training data percentage in the case of

the estimated training set for LFP cells.

Regarding the models’ performance when they are trained with estimated data, the

prediction results of LFP are in agreement with those of NMC cells. The prediction errors

are higher when the models are trained with measured capacity (Table 6). The maximum
MAPE is less than 3.15% for LSTM, 3.35% for GRU, and 2.31% for ESN. The GPR is the
most affected by the estimated capacity errors, with an MAPE as high as 22.54%:

At initial ageing (40% of the cycles), the three recurrent networks (LSTM, GRU, and
ESN) achieve good results. The maximum error is less than 2.72% for LSTM, 2.59% for
GRU, and 2.31% for ESN. Meanwhile, the prediction error for GPR varies between
16.75% and 22.54%.

At average ageing (60% of the dataset), the prediction errors decrease to 1.22% and
1.99% for LSTM and ESN, respectively. Meanwhile, for GRU, the MAPE increases
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to 3.34%. GPR still presents a higher prediction error, ranging from 3.15% to 7.4%,
compared to the three recurrent networks.

- Atadvanced ageing (80% of the dataset), the prediction errors increase to 3.15% and
3.35% for LSTM and GRU, respectively. The MAPE for ESN is less than 1.92%, while
for GPR, the prediction error is less than 2.03%.

3.3. Training Time

Finally, Table 8 displays the training times and the memory usage during training of
each prediction model, considering the three dataset percentages (40%, 60%, and 80%) for
NMC and LFP cells. The prediction algorithms are developed in a Python[DP1] [AH2]
3.10.19 environment using TensorFlow 2.20.0 and GPflow 2.10.0 libraries. The algorithms
are designed and evaluated in a Windows 10® environment. The computer has an i-5
processor with 2.50 (GHz) and 16 GB of RAM.

Table 8. Computational time and memory usage of the prediction models for NMC and LFP cells.

Battery Chemistry  Percentage Data LSTM GRU GPR ESN
@ 40% 4521s 29.76 s 2.48s 0.06 s
°é NMC 60% 59.91s 32.02s 544s 0.09s
= 80% 75.85s 34.41s 11.16s 0.09 s
50
g 40% 53.69 s 30.94 s 391s 0.08 s
g LFP 60% 71.79 s 33.74s 6.48s 0.09s
= 80% 88.75s 37.00 s 14.83 s 0.15s

Memory usage (Megabyte) 29.48 MB 49.59 MB 11.33 MB 6.71 MB

As expected, the results show that the more the data percentage increases, the more
the required training time increases. The comparative evaluation shows that LSTM has
the longest training duration, followed by GRU and GPR. ESN has a shorter training time
(less than 0.15s), following the description of the model’s architecture. Regarding memory
usage, ESN exhibits the lowest memory requirement, followed by GPR, LSTM, and GRU.
The GRU requires more memory than the LSTM because it uses two hidden layers (Table 2).

The evaluation of the prognosis models on both NMC and LFP cells shows that the
three recurrent networks (LSTM, GRU, and ESN) exhibit good prediction accuracy at the
three ageing stages (40%, 60%, and 80%). The results also highlight that the prediction
errors differ from one cell to another. These differences are related to the ageing evolution
of each cell. Regarding GPR, the evaluation results indicate its limitations for long-term
prediction and its sensitivity to the non-uniformity of the ageing trend [42]. The limitation
of the GPR for long-term prediction is related to using the local kernel. As presented
in Figure 10, the higher the cycle number, the higher the distance x; — x;; thus, the kernel
function decays. Consequently, the prediction converges to the mean value of the function
that was set to zero [33,34].

Regarding LSTM and GRU networks, the results confirm the efficiency of the gating
mechanisms for filtering the training data (Equations (2)—(4), (8) and (9)) [43]. The high
accuracy of the LSTM is due to the superiority of the gating mechanisms compared with
GRU. The results obtained for the ESN also confirm its efficiency in handling time-series
problems and capacity to learn from noisy data, as reported in several studies [44,45].
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Figure 10. The evolution of the kernel used for the GPR model as a function of the distance between
x; and x;.

The results of the four prediction models, when using the measured dataset, show
that the higher the percentage of cycles used for model fitting, the better the prediction
accuracy, and the greater the increase in prediction accuracy. When the prediction models
are trained using estimated capacity values, the results show that the prediction error
increases due to the estimation errors and outliers in the training data. However, the mean
error for LSTM, GRU, and ESN is always less than 2% (between 1 and 1.5% for LSTM
and ESN). Finally, comparing the prognosis models, ESN outperforms the other models’
accuracy and computational time, making it the most suitable for vehicular applications [46].
Table 9 presents the MAPE of the proposal compared with other prognostic models from
the literature. The results show that even when the prediction models (LSTM and ESN)
are trained with estimated capacity values, the prediction accuracy is comparable to that
obtained with models trained on measured capacity values.

Table 9. Performance of prognosis models.

Method Dataset Data MAPE

ESN (this study) Laboratory tests Estimated <1.4%

LSTM (this study) Laboratory tests Estimated <1.6%
Empirical mode decomposition o

and LSTM [14] NASA and CALCE Measured <1.9%

Multi-kernel RVM a1.1d particle Laboratory tests Measured <1.34%

swarm optimisation [47]

Whale optimisation algorithm o

and bidirectional LSTM [48] Oxford dataset Measured <1.26%
Extreme learning machine [49] NASA dataset Measured <1.2%

4. Conclusions

This paper evaluated and compared four machine learning methods for lithium-ion
battery capacity prediction, accounting for vehicle conditions and constraints. These
models are long short-term memory, gated recurrent unit network, echo state network, and
Gaussian Process Regression. These models are trained with capacity values obtained from
experimental measurements and then evaluated in a second scenario in which the capacity
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training data are estimated. This scenario is more realistic, as capacity is usually estimated
in real applications, and it assesses the robustness of predictions to estimation errors in the
training data. The ageing data used for model evaluation are generated experimentally by
cycling NMC and LFP cells. The two chemistries exhibit different ageing trends, allowing
the testing of the prognosis method on both behaviours. The results show that the ESN
achieves the best accuracy and time response for all studied cases compared to the three
other methods (MAPE less than 1.4% at an early prediction stage: the initial 40% of the
cycle life). GRU and LSTM achieve good predictive performance but suffer from long
training times due to their complex training processes. The GPR model is accurate at the
late prediction stage but shows limited performance at the early stage and is sensitive to
non-uniformity and perturbations in the ageing trends. Future work will focus on exploring
different prediction architectures and models and extending evaluations across different
working conditions (field data, varying temperatures, and loading profiles) to improve the
robustness and flexibility of the prediction models.
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Figure A1. Capacity prediction results based on experimental data for NMC cells (trained on 40%
of cycles).
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Figure A3. Capacity prediction results based on experimental data for NMC cells (trained on 60%
of cycles).
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Figure A4. Capacity prediction results based on estimated data for NMC cells (trained on 60%

of cycles).
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Figure A5. Capacity prediction results based on experimental data for NMC cells (trained on 80%

of cycles).
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Figure A6. Capacity prediction results based on estimated data for NMC cells (trained on 80%
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.
Appendix B
Cell 1 Cell 2 Cell 3 Cell 4
=22 22 22 %,
é xxx""x
N i, Xy,
T 20 00 e 20 oy 20 —
=3 X % Measured [s XXty s
O #  Predicted XXXXX%
18 18 18
0 200 400 600 800 1000 0 200 400 600 800 1000 0 500 1000 0 200 400 600 800 1000
— 22 22 22%,
=
< Kt *x
> Xk "xxxxxx
S 20 20 XX, 20
= % Measured [
O #*  Predicted R0
18 18 18
0 200 400 600 800 1000 0 200 400 600 800 1000 0 500 1000 0 200 400 600 800 1000
o2 22
= X,
g 20 20 X %;
% *x  Measured
O #  Predicted SRR
18 18
0 200 400 600 800 1000 800 1000 0 500 1000 0 200 400 600 800 1000
— 22 22
=
< “,
22 o 20 s
X
§ o *x  Measured W2Xktey,
O #  Predicted XXk
18 18
0 200 400 600 800 1000 800 1000 0 500 1000 0 200 400 600 800 1000

Cycles Cycles Cycles

Figure A7. Capacity prediction results based on experimental data for LFP cells (trained on 40%
of cycles).
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Figure A8. Capacity prediction results based on estimated data for LFP cells (trained on 40%
of cycles).
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Figure A9. Capacity prediction results based on experimental data for LFP cells (trained on 60%
of cycles).
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Figure A10. Capacity prediction results based on estimated data for LFP cells (trained on 60%
of cycles).
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Figure A11. Capacity prediction results based on experimental data for LFP cells (trained on 80%

of cycles).
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Figure A12. Capacity prediction results based on estimated data for LFP cells (trained on 80%
of cycles).
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