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1 Background and description of the subject

In the case of hybrid vehicles, and even more so in the case of all-electric powertrains, the on-
board energy storage system remains the weak link: very expensive, limited in driving range, slow to
recharge, main causes of the overcosts,... The challenge for any car manufacturer wishing to develop a
clean vehicle is therefore not only to optimize the electric power-train, both in terms of cost and range,
but also to bring the battery into line with the life of the vehicle. Battery lifetime is therefore a crucial
element for the development of electric vehicles under acceptable cost conditions. In this context, the
failure of battery could lead to serious inconvenience, performance deterioration, accelerated aging
and costly maintenance.

For that, the prognostics of on-board energy storage system aims to predict the Remaining Useful
Life (RUL) of a Lithium-Ion (Li-Ion) and to perform necessary maintenance services, using the past
and current information. A reliable prognostic model should be able to accurately predict the future
state of the battery such that the maintenance service could be scheduled in advance.

The aim of this thesis is to combine the extension of battery life and the analysis of battery ageing
with machine learning techniques. The challenge is therefore to use ageing data of Lithium Ion
batteries in order to extract knowledge on the State Of Health (SOH) of the batteries. Most ageing
data come from papers from research institutes such as the NASA Prognostics Center of Excellence
(PCoE) [9, 1] or the department of chemical engineering of the Massachusetts Institute of Technology
[11] that publicly made available the results of different ageing tests on several batteries. Some papers
also mention custom ageing datasets without publishing any content such as the Center for Advanced
Life Cycle Engineering of the University of Maryland [15]. We are currently working on the dataset
published in [11] as it is the largest available and contains extremely valuable data that apply very
well to machine learning techniques. We also aim at building our own ageing dataset thanks to a
battery cycling device.

2 Specific state of the art

Concerning batteries, predictive prognostics aims at determining how and when a failure will occur
according to previous data acquired through various sensors, but also aims at giving a long term
image of the state of health of the battery [12]. In a great majority of papers, predictive prognostics
of Li-Ion batteries consists in determining their Remaining Useful Life, which is the number of charge
and discharge cycles a battery can go through before reaching the End of Life (EoL) criteria. A
battery is considered out of use for an electric vehicle when it has reached 80% of its initial State of
Health (SOH) (fig 1)
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Figure 1: Evolution of SOH, from 100% to 80%

Most approaches deal with the prediction of the RUL in terms of cycles. This can be done either
by forecasting the temporal evolution of the battery SOH (fig 2), or by making a direct regression on
the RUL (fig 3).

In both cases (SOH or RUL prediction), a great variety of approaches can be found in the literature.
Data driven approaches for predictive prognostics of batteries can be classified into three categories
: Non-Linear Auto Regressive models (NAR), Non Linear Auto Regressive models with
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Figure 2: SOH forecasting Figure 3: Regression on RUL

exogenous variables (NARX), and Non Linear Regressive models with exogenous variables
(NRX).

2.1 Non-Linear Auto Regressive models

The NAR approach consists in observing a window of passed values of SOH to predict the future trend
of SOH. In most NAR approaches, Recurrent Neural Networks (RNN) are used due to their ability
to learn representations from data sequences. In [6], Li et al. have combined the Empirical Mode
decomposition of SOH curves with Elmann neural networks and LSTM (which are specific types of
RNN). Zhang et al. in [14] and Liu in [7] have also divided SOH curves into successive windows in
order to take them as input of multiple LSTM networks.

2.2 Non Linear Auto Regressive models with exogenous variables

NARX approaches differs from NAR approaches by including other features in the predictive models.
SOH is combined with other features that are representative of the ageing phenomenon in order to
predict future SOH trend with more accuracy. In [2], Khumprom and Yodo have used extracted
features from current and voltage curves to predict futur SOH with and artificial neural network.

2.3 Non Linear Regressive models with exogenous variables

With NRX approaches, only exogenous variables are used to predict the SOH or the RUL. For SOH
prediction with NRX approaches, only features exctracted from temporal series such as current and
voltage are used as input of the model. For RUL prediction, only SOH or a combination of SOH and
other features can be made. In [13], You, Park and Oh have isolated windows of current and voltage
as input of a multiple LSTM model. Ren et al. in [8] have extracted features from temporal curves
with auto encoders, combined with convolutional neural networks and LSTM for RUL prediction.

3 Contributions

3.1 RUL prediction (ANN)

The dataset and method described in [10] consist in making a prediction of the global cycle life of a
battery cell by observing the evolution of its capacity during the first 100 cycles of its life. As a first
contribution, the same dataset is exploited as input to a model that makes an ”online” prediction of
the RUL of a battery cell from only one cycle. Each charge and discharge cycle is represented by a
set of historical features (the internal resistance of a the cell at a given cycle, its SOH, charge time
...). Through the use of an Artificial Neural Network (ANN), a regression is made on the RUL of a
cell at each cycle. The method is referred to as cycle-based NN.

Figure 5 shows the prediction performances of the cycle based ANN for RUL prediction. In table
6, a comparison is made between the performances of the cycle-based NN and other approaches of
the literature, based on the same dataset and other models for RUL prediction. The cycle-based
ANN reaches an absolute error of 9,25 cycles on average and outperforms the two other approaches
described in [10] and [3]. This work was described in an article published in a conference in 2020 [4].
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Figure 4: Structure of the cycle based ANN
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Figure 6: Comparison with different approaches in
Figure 5: Prediction with the cycle based ANN the literature

Although this approach gives very accurate results for the prediction of the RUL of battery cells,
it presents some deficiencies. The cycle based ANN only takes as input historical features, which
means time series of current voltage and temperature are not considered. Moreover, each cycle in
the life of a cell is considered as an input sample to the cycle-based ANN, therefore, all cycles are
considered independent. In order to study the impact of the operating conditions of a battery on its
SOH, time series of current, voltage and temperature should be taken into account.

3.2 Use of time series

In order to extract knowledge from time series of current, voltage an temperature contained in all
Li-Ton ageing dataset, a feature extraction strategy is applied.

Time series of current, voltage and temperature evolve with the use mode of the battery and are
represented as a function of time within a given cycle. Figures 7 and 8 show the temporal evolution
of the charging current and charging voltage for several given cycles of the same battery from the
MIT dataset. There is a whole vector for one cycle, unlike historical features used in the precedent
cycle-based ANN.

In order to use time series in predictive models, features are computed and extracted from six
different temporal curves: charge current, voltage, temperature, and discharge current, voltage and
temperature, namely Io, Ve, T, Ip, Vp and Tp. For each of these curves, and at each cycle of the life
of each cell, several features are computed in the temporal, statistical and spectral domains. Those
features are referred to as Time Series features (TSF).

After extracting TSF, a feature selection process is implemented in order to select the most useful
features. This process is achieved through the use of wrappers, and leads to the selection of 10
TSF. Wrappers and more specifically Sequential Feature Selection techniques make use of theoretical
learning algorithms tested iteratively with different subsets of features.
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3.3 SOH prediction (LSTM)

The second contribution consists in completing the cycle-based NN with a model that can predict
the SOH of a battery according to its operating conditions.This SOH predictive model is based on
the use of NRX models, using only external features extracted from driving data to predict future
SOH values.

We have developed an exogenous model based on a window LSTM for SOH prediction, referred
to as window-SOH-XLSTM. This model makes use of past values of TSF to forecast future values
of SOH. The window dataset that is built consists in several overlapping windows of TSF, and the
output corresponds to one future value of SOH. Predictions can be made on a very short scale, or
for longer time horizons. The training dataset for SOH prediction in this approach is built in a way
that several forecasting horizons are made possible. Future values of SOH are predicted from 25 up
to 400 cycles ahead.
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Figure 9: Real VS 25-cycle-ahead predicted SOH Figure 10: Real VS 300-cycle-ahead predicted SOH

Table 1: XLSTM performances for SOH prediction on MIT batteries

No of cycles || MAE STD RMSE | RMSPE | NMSE
ahead *1072 | %1072 | %1072 % x1071
25 0.77 0.7 1.04 1.14 0.48
50 1.07 1.2 1.6 1.8 1.24
100 1.19 1.1 1.6 1.8 1.2
150 0.9 1.04 1.4 1.6 0.8
200 1.5 1.7 2.2 2.6 2.2
250 1.1 1.5 1.9 2.14 1.4
300 1.5 1.4 2.1 2.5 1.7
350 1.6 1.9 2.5 2.9 2.7
400 2 2 2.8 3.14 3.1

In Figures 9 and 10, a comparison is made between the real SOH curve and the predicted one,
for 25 and 300-cycle-ahead predictions with the best models. In both cases, the predicted curves are
very close to the real SOH curve.

Given the results presented in Table 1, our models stay between 1.05.1072 (25 cycles ahead) and
2.4.1072 (400 cycles ahead) for the MAE, and the standard deviation of the MAE stays below 2.1072
(for 400 cycles ahead). Considering that those measures refer to signals that have a [0,1] range, we
can conclude that our window-SOH-XLSTM models give accurate predictions, at both short term
and long term, with a high reliability.



Although this models has very good performances,it predicts one unique value of SOH in the
future. By predicting a full sequence of SOH from a window of several consecutive cycles, the impact
of a given use on the SOH of a battery could be studied more accurately.

3.4 SOH sequences prediction (Seq2Seq)

The last contribution of this thesis consists in improving the precedent SOH prediction method by
outputting a full SOH sequence rather that one unique point. The problem shifts from a regression on
SOH to a sequence to sequence prediction approach. Such an approach was implemented in [5]. In this
article, researchers from the German university of Aachen describe a new Li-lIon ageing dataset which
was used as input to a Sequence-to-Sequence (Seq2Seq) model that predicts capacity degradation.
After contacting this university, various tests were made in order to test the adaptability of their
model and to adapt it to our objectives.

The principle of Seq2Seq prediction relies on the use of LSTM cells built as an Encoder-Decoder.
The model described in [5] is a NAR model, which means that only past values of SOH are used to
predict future ones). Growing windows of SOH are taken as input to the model, and the output is a
full sequence of SOH from the moment when the prediction is made until the battery reaches its end
of life, as shown in figure 11.
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Figure 11: Principle of Seq2Seq prediction

The objective of this last contribution is to adapt the model developed by the university of
Aachen to our exogenous strategy. Therefore, windows of TSF should be used in order to predict a
full sequence of SOH until the end of life of a cell. As it is very difficult to exploit time series coming
for the Aachen dataset, our Seq2Seq model was developed with MIT data, as the two contributions
described earlier.

Figure 12 shows the predicting performances of our exogenous Seq2Seq for SOH prediction from
only one window of 25 consecutive cycles. In Table 2, a comparison is made between the performances
of the model from [5] and our exogenous Seq2Seq for the best performing batteries.

This first approach of Seq2Seq SOH prediction is already very efficient and outperforms the NAR
Seq2Seq developed in [5], as our models reach a RMSPE of 2,09% for the best performing battery,
compared to 4,30% for the best performing battery of the NAR Seq2Seq model.

3.5 Test bench

Another goal of the thesis is to build our own ageing dataset. Indeed, all available public data is
of great value but we wish to bring our contribution to this part of the study by testing our own
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Figure 12: Best earliest prediction with the Seq2seq model on an MIT cell

NAR S2S Aachen | NRX sliding S2S MIT
Average 3,11 1,5
MAPE Earliest 2.8 0,60
MAE 0,039 0,013
STD 0,035 0,011
RMSE 0,053 0,017
RMSPE 4,30 2,09

Table 2: Comparison of performances between NAR and sliding NRX Seq2Seq

set of batteries with our material. The aim is to build a complete test bench for different type of
battery cells and to obtain ageing data from a battery cycling device. For now, a testing protocol
was established for the cycler and different battery cells can be tested at the same time following
pre-defined charge and discharge cycles. Our goal is to build a complete dataset with a very wide
range of tests that are representative of the real use of batteries in EVs. For example, the tests that
have been defined with the cycling device correspond to fast, standard or slow charging phases and
discharge conditions that are defined following several normalized driving cycles.

Different battery cells have been cycling from January 2022. From the cycling data, a degradation
trend can already be observed. More recently, some new cycling protocols were defined according to
real data coming from electric scooters. Those new protocols are represented in figures 14, 15 and
16. The ultimate goal of this test bench is to provide data that will be used to train and validate the
models that are developed.

Figure 13: Installation of the battery testbench
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Figure 14: Current Figure 15: Voltage Figure 16: Temperature
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