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K. Westman et al.
1. Introduction

The “electrify everything” paradigm has emerged as one of the most
ambitious societal transformations of the 21st Century, including broad
electrification of the transportation sector and expansion of grid-scale
battery energy storage systems (BESS). It is a transformation largely
enabled by the success of the lithium-ion battery (LIB) technology,
implying that efficient usage of LIBs becomes increasingly important,
both in the short and long term, as LIBs move from niche to mainstream
applications [1]. Short-term it is important to adapt usage to delay
ageing, maintaining a high battery state-of-health (SOH) and
state-of-safety (SOS), thereby avoiding direct economic losses, caused by
limited operating capability of the LIB. Long-term, extension of total LIB
lifetime and remaining useful life (RUL), potentially by giving batteries a
2nd life, reduces both exposure to bottlenecks in raw materials and
production capacity, as well as global waste flows [2,3]. Overall, mini-
mizing the environmental impact of LIBs [4], or similar battery tech-
nologies, such as sodium-ion batteries (SIBs) [5], is essential to ensure
sustainability through the life cycle, crucial for public acceptance and
credibility of the transformation [6].

While LIB raw material supply chains, manufacturing stages, and
assembly processes are all mature and rather well controlled, battery
usage is less predictable and varies substantially across use cases,
possibly affecting both the short- and long-term goals adversely. One
strategy to improve this part of the battery value chain is to establish a
battery digital twin (BDT), which preferably consists of three parts: i) a
model of the battery and its constituent cells, ii) a record of relevant
metadata and usage data delivered by the battery sensors, and iii) an
information link between the physical battery and the data record [7-9].
An implemented BDT can provide better control and forecasts of battery
ageing, improve battery safety, and even provide feedback on cell design
choice(s) vs. usage phase matching [10-12]. Ultimately, a BDT can be
used to create a more reliable 2nd life market, include batteries being
traded at a higher price point, by virtue of lowering the uncertainty in
prognoses of battery RUL, SOH and SOS, and thus the risk for the buyer
[13,14].

Accurate and computationally efficient ways to model cell ageing
(relevant to i) above) are plentiful [15-22], with a considerable increase
in (supervised) machine learning ((S)ML) models in recent years.
However, insufficient attention has been paid to ii) and iii) above, with
most initiatives taken by legislators and industry consortia, mainly to
approach the lack of standardized field data, e.g. via the EU battery
Regulation [23] and the “Battery Pass” project [24]. These initiatives
strive to increase transparency in the battery value chain, but do not
specifically target ageing prognostics problems.

Consequently, a research gap exists in the design of data collection
strategies and standardization of minimum viable sets of model inputs
and outputs, specifically suited for on-board collection. In ML syntax,
such inputs and outputs are also known as “features” and “targets”. A
common (implicit) assumption has been that features and targets can
always be extracted from high fidelity signals, originating from on-board
battery voltage, current, and temperature sensors, and processed by a
battery management system (BMS) [11,17,22,25,26]. In reality, and
crucial for the design of BDTs, this is hardly ever the case and further-
more one reason for the apparent lack of large real-world data sets
available to academia, even if commercial secrecy likely plays an even
bigger role [27].

Problems with previous data set collection approaches also extends
to the yearly data footprint, which can be expected to be 1-10 MB
(Calculation S1). For a fleet incorporating millions-to-billions of cells,
this grows into TB-to-PB/annum, which becomes prohibitively expen-
sive for e.g. industries of mass production with slim profit margins, such
as the automotive sector. The data collection problems are thus associ-
ated both with the direct costs of on-board storage as well as trans-
mission and indirect costs, including redesign of embedded hardware
and developing software for data harvesting. In addition, the cost
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sensitivity and the system limitations vary heavily with application,
hence there is no one-size-fits all solution. Native memory in common
microcontrollers typically amounts to less than a megabyte and while
expanding memory by peripheral devices is possible, it also drives cost
and risk of component failure, while not being an option for legacy
devices. Thus, a standard for on-board battery data for RUL/SOH/SOS
prognoses should strive to be compact. Some typical microcontroller
memory capabilities, considering various applications, and the corre-
sponding price point are provided in Table S1.

Here we approach the challenge of on-board battery cell data
collection by proposing a flexible yet standardized battery information
format (BIF). The BIF targets the logical cell of the BDT, also known as a
“supercell”, but henceforth denoted “cell” or “battery cell”, i.e. the
minimal information unit in any battery, possibly composed of several
physical cells connected in parallel. We limit the scope to the cell as the
number of strategies available for aggregating data from cell to module
or pack are too plentiful to be covered in detail: examples include low
frequency logging of min/max voltages and temperatures, using the
average cell state-of-charge (SOC) or the minimum SOC, or defining a
collective of the “weakest” cells to log only them. Alternative ap-
proaches include counting special events, such as fast charges. Likewise,
we limit our scope to only investigate the amount of data that in a worst-
case scenario must be stored on-board, since strategies for off-boarding
data are likely to also be heavily application dependent.

Focusing on the cell level BIF, we first highlight the foundations of
battery cell ageing that should be incorporated into a relevant usage
history. Second, we review features proposed elsewhere, both chal-
lenging their usefulness and claims made regarding predictive accuracy,
before presenting our perspective on the qualitative aspects to be
considered. Finally, we present our BIF and how it can improve BDT
design and assist in reaching both the short-term and long-term goals.

2. Battery ageing fundamentals - a very brief account

Battery cells reach their end-of-function (EOF) when they can no
longer provide the useful energy or power, collectively defining the SOH,
that is required for the target application (Fig. 1, top). Useful energy and
power can be expressed by cell capacity (Q) and resistance/impedance
(R,), respectively: low Q and high R, diminishes useful energy, while
power is mainly limited by high resistance. EOF is also reached when
SOS is too low, with an exact definition of SOS remaining elusive but
includes e.g. the risk of a thermal event/fire [28]. Henceforth, SOH will
indicate an arbitrary combination of Q and R,, and left for the applica-
tion to define.

Regardless of the above, the decrease of Q and increase of R,, take
place through degradation modes (3rd level, Fig. 1). These are, in turn,
the result of degradation mechanisms (4th level, Fig. 1), triggered by
“stressors” [26], i.e. the operating condition(s) inducing a specific failure
mode (5th level, Fig. 1). Several detailed accounts of ageing and the
failure hierarchy in Fig. 1 exists (for readers needing a more elaborate
introduction to the topic of battery degradation and ageing we refer to
Refs. [29-31]) and we thus limit ourselves to a brief summary for the
case of LIBs, but many of the mechanisms, such as the growth of the solid
electrolyte interphase (SEI), are likely to be valid, to various extent, for
many next generation battery technologies, such as SIBs, solid-state
(lithium) batteries [32], calcium batteries [33], and lithium-sulfur bat-
teries [34].

Decrease of Q can be divided into loss of (anode/cathode) active
material (LAM,,.) and loss of lithium inventory (LLI) [29]. For LAM, the
mechanism involves sites for lithium insertion being lost due to struc-
tural changes at the micro or meso-scale, such as cracking upon cycling
[35], AM,/. particles disconnecting from the electrode, or isolation of
particles due to resistive surface film formation [36-40]. LLI on the
other hand is caused by parasitic reactions, such as formation of the SEI
at the anode surface, and filled AMj . sites becoming electrically isolated
within the electrode or disconnected from it [41]. LLI can further occur
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due to metal plating, leading to both loss of cyclable ions, and
dendrite-growth, i.e. the formation of tree-like structures that eventually
risks short-circuiting the cell.

R, increases partly due to the same reasons as capacity loss; meso/
microstructure evolution decreases the electronic contact and conduc-
tivity within the electrode, while growth of the SEI makes ion transport
slower, both by limiting access to single AM,, particles and by
decreasing ion mobility/diffusivity within the porous electrode [30].
Electrolyte loss, accelerated by high temperature, poor cell design, and
SEI formation, will further increase internal resistance. R,, is dependent
on the observation timescale/frequency, hence the w subscript, and
observably higher at long timescales, due to ohmic contributions, solid
state diffusion, reaction kinetics and ion transport processes successively
contributing to the voltage response of the cell, which also means that
the R, timescale dependence may change as the cell ages.

Both mechanisms impacting Q and those impacting R, are triggered
by stressors such as external mechanical stress, wide SOC swings, too
high/low anode potentials, high cathode potential, and high tempera-
ture. The cathode/anode potential-related effects are determined glob-
ally by the mean SOC level [42-46] and globally/locally by the ion
kinetics of the electrode, such effects being amplified at high currents
and low temperatures [47,48]. This does not imply that raising the
temperature is inherently a good mitigation strategy, since there are
other kinetic effects, such as SEI dissolution, that, when progressing
slowly, help keep the cell stable [49-51]. Thus, too high temperature
will also impact ageing negatively [52]. It is the history of this lowest
tier of stressors in Fig. 1 that should be recorded if one desires a causal
relationship between historical stress and ageing.

3. Feature formats — an account

A significant body of work has accumulated that aim to predict
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capacity fade, resistance increase using data driven methods, including
Artificial Neural Networks (ANN) [53], Gaussian Process Regression
(GPR) [54], Random Forests (RF) [55], and Support Vector Regression
(SVR) [56], to name a few. These methods all depend on a feature set,
which is either designed beforehand and prepared for collection by the
BMS, or from off-board manipulation of raw sensor data and estimated
states (such as SOC) [17,19,20,22,25,26,57-59]. With both approaches
there appears to be a lack of consistency as to which are to be considered
features representing the true stress history and which are to be
considered health indicators (HIs), i.e., proxies for the instantaneous
SOH. Several studies have designed features modelling the mapping
from HIs to SOH [60-68], an endeavour that is motivated by HIs
potentially being more practical to collect than capacity or resistance
estimates. Below we consider the approaches used for target and feature
selection, focusing on features that can be used to represent the stress
history, allowing for causal modelling between usage and SOH. To
benchmark data collection strategies and unless stated otherwise, we
consider a base case where each feature requires 4 bytes of storage, since
they might require pertaining large integer values over the lifetime of a
battery. We also assume that 6 targets (3 health metrics + 3 associated
variances) are collected, each requiring 2 bytes. The collection of fea-
tures is assumed to happen 26 times per year, a time scale at which
ageing becomes observable in the harshest usage modes [25].

3.1. Training targets

Forecasting SOH, RUL, and possibly SOS, involves deciding on a
desired model output(s), consisting of a combination of performance
metrics. Most studies have focused on the battery capacity (Fig. 2, upper
green line), either predicting absolute values (Fig. 2, crosses on the green
line), capacity loss (Fig. 2, AQ) in a predefined usage window, fore-
casting of the EOF or knee-point, i.e. the event where the rate of capacity

Relevant
attributes c .
Avaliable useful energy Avaliable power
Composed of | | I:I
o
e, '
”’ e 2
Power demand defines proportions
Degraded by LAM, LAM, LLI  Slower pore/bulk Decrease of particle Increased charge
mode diffusion electric contact transfer reistance
X
¥

Through Trans. metal Li Binder Graphite Particle Separator Electrolyte Liplating SEIgrowth  Electrolyte  Curr. collector  Structural
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Fig. 1. The hierarchy of usage conditions and their impact on degradation mechanisms, degradation modes, and subsequently on battery performance metrics. Heavily inspired

by C. Birkl [30]. For links between usage and failure modes see Fig. S1.
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loss increases, resulting in an increasingly rapid capacity fade (topmost
circle, Fig. 2) [17-19,21,58,69,70]. A few studies have rather focused on
the resistance, predicted pointwise, knee point, and the EOF (Fig. 2,
purple line) [20,71]. Common for all targes is that their instantaneous
estimation constitutes a challenging problem that requires the targets to
be rigorously defined [72].

3.2. Training inputs — usage history

Once the training target has been defined, the most essential task in a
SML problem is to design the input, consisting of a feature set of arbi-
trary dimensionality. The four most common strategies for selection and
curation of features are: derivation from the incremental capacity curve,
semi-empirical (point) features, histograms, and event-counting
(Table 1).

3.2.1. Incremental capacity-curve features

Introduced as a ML feature by Severson et al. in their 2019 investi-
gation of data-driven prediction of ageing in 124 LFP cells (hereafter
denoted as the “Stanford dataset™), the incremental (dis)charge capacity
vs. voltage curve (ICV-curve) has been used as a base for features in
several publications [11,25,69,73]. Most of these use the difference
between curves at equivalent cycles x and y, AQyx_y(V), and calculate
statistical measures such as variance, kurtosis, min/max from the dif-
ference, and use these as features in ageing models [11,69]. The pre-
dictive accuracy reached by employing this method on the Stanford
dataset and smaller complementary sets, reaches a root mean square
error (RMSE, SI DEF 2) for RUL prediction of 10 %, as a function of
cycles or charge throughput. Assuming storage of 1000 voltage and
capacity points at 16-bit resolution, a total data footprint of 4 kB is
required to enable storage of the curve, meaning 104 kB of annual
storage.

The ICV-curve approach lends itself readily to lab testing with well-
defined cell cycles, but in real life scenarios, where loading patterns tend
to be dynamic and can vary substantially between cells, capturing a full
(dis)charge curve at a given cycle will likely not be feasible. Since the
idea of a cycle is poorly defined, as SOC start- and endpoints can vary
between (dis)charging events, some studies have instead employed en-
ergy or capacity throughput as the relevant metric to compare with
capacity fade. This, however, does not change if the underlying data
generation process is still based on cycles, as in the Stanford dataset. The
Stanford dataset also suffers from a narrow feature space mainly con-
taining stressful charging conditions, likely masking relevant usage
modes with more narrow SOC windows and lower charging currents.
Consequently, the results (including RMSE) from studies employing the
Stanford dataset data should only be considered relevant in the context
of the experimental set-up, and not assumed to be generalizable to other

A ~

Capacity (Q)

Y Resistance (R,

Time, cycles, or throughput

Fig. 2. Capacity- and resistance-based prediction targets.
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use cases.

Finally, the modelling strategy using AQx_,(V)-derived features en-
codes a mapping from the ICV-curve to usage pattern severity, and from
severity to RUL, leading to a form of data leakage [69,79]. Such an
approach is likely to fail whenever the usage pattern changes — more of a
rule than an exception in a real-life use-case.

3.2.2. Pointwise semi-empirical features

Features based on phenomenological understanding on battery cell
ageing include equivalent cycle counting, calendar time, square root of
time, charge throughput, mean SOC, mean temperature in a usage time
window, to name but a few [80]. They have been employed in studies
using both the Stanford dataset and the randomized cycling of 28 LCO
cells recorded by NASA (hereafter denoted as the “NASA dataset”) and
serve as the most lightweight feature category observed in literature,
including the upcoming European Union battery passport legislation
[15,24,58,74-76]. A data footprint in the range of 1 kB per annum is
achieved for 10 features, reaching a RMSE, in total capacity predictions,
in the range 1-4 %, when the capacity is predicted from
beginning-of-life to 50 % nominal capacity. The semi-empirical features
represent the usage history of the battery cell, albeit in a coarse-grained
manner, and could thus be associated with ageing. However, it is still an
open question if any subsets have adequate representativity to address
ageing in a large share of cell use cases. As already pointed out, the
validation data used in these studies is limited or represents relatively
homogenous conditions, not providing enough evidence for the gener-
ality of any specific set. Again, whenever a “cycle” is used as a feature, it
is likely to be protocol dependent concept that cannot easily be trans-
ferred across different usage modes and applications.

3.2.3. Histograms

Still informed by the physics governing battery cell ageing but
addressing the problem of representativity, histograms are another
category of features explored. So far, multidimensional histograms with
1-3 axis dimensions and time as counting dimension have been used,
resulting in so-called “residence-time counting” histograms [17,19,22,
26,57,74]. For example, Greenbank et al. used the Stanford data set
together with a GPR model and conducted automatic feature selection
from a set of features derived from hours spent between the percentiles
of current, voltage, temperature, power, and absolute power and current
[17]. Similarly, both Zhang et al. and von Biilow et al used 1D-3D
histograms derived from a proprietary PHEV dataset (Zhang [19],
mainly with data on pack level) and the Stanford dataset to train ANN
and GPR models to predict the capacity fade in an upcoming window of
cell operation. The axis dimensions included instantaneous current,
3-min RMS current, cell temperature, and either DOD or SOC. In both
cases, separate histograms were used for charge, discharge, resting (von
Biilow [26]), driving or parked (Zhang [19]). The authors employed
either residence time (von Biilow [26]), or a combination of residence
time, energy throughput, and density/normalized residence time (Zhang
[19]) as count dimension. All reviewed studies basing their model input
on histograms, reported a median RMSE error of 0.4-2 percentage units
for the prediction of capacity, where the upper limit is conservative and
based on Zhang et al. using a percentage/relative error version of RMSE
[19], noting that the capacity range over which the prediction is not
always specified even though it is expected to impact the RMSE value
significantly. Likewise, RUL and knee point were predicted with an
RMSE of 1.3 and 2.6 percent, respectively, where again EOF was defined
as capacity declining to 80 % [17].

The data footprint for histogram-based features will naturally be
larger than for the previous two feature categories. For example, a single
collection event of the histograms used by Zhang et al. requires 388
bytes of storage and results in an annual footprint of ca. 10 kB. In the
end, the data footprint for histograms will depend on the binning
scheme employed, even if several studies have turned to post-processing
to decrease the number of features by removing highly correlated bins,
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making model training more feasible. This, however, requires the full
scope of data already available and cannot be used to judge the data
footprint at the point of collection. We suggest that none of the studies
conducted so far can argue for one optimal binning scheme, nor
collection frequency, even if the levels of error seen in the studies are
below 2 % for prediction of pointwise capacity. This is because also in
the histogram case, the size of datasets used for validation are still too
small and narrow in scope to make a judgement of feasibility. Indeed,
since histograms tend to expand the total number of features, the
datasets used for training and validation need to be larger to avoid
overfitting, assure generalizability and increase model precision. As an
example of when global model validity suffers from pre-processing can
be seen in the paper of Greenbank et al., observing that features relating
to temperature are excluded because of their high correlation with
power. Experience and understanding of battery cell ageing, however,
tells us that temperature should be included as a feature of its own merit
[81,82]. Expanding the test protocol to control for a set of elevated
temperatures or varying the temperature while keeping current constant
would likely result in temperature being decorrelated from power,
forcing it to be included.

3.2.4. Event counting and snapshots

A final category of features for battery cell health prognostics are
those based on event counting, meaning one or more signals to be
collected whenever a pre-defined event occurs. Pointwise counters, for
example indicating the number of fast-charging sessions or snapshots
[78,83] have been proposed and are included in the data long-list for the
EU battery passport [24]. As an example, Johnsson used a proprietary
dataset generated by Volvo C30 test vehicles [78], generating features
based on history of pack level aggregates collected at each time the
battery pack transitioned between operational modes. The aggregates
consisted of the operational mode, the total lifetime of the battery pack,
the duration of the operational mode, as well as the mean, max, and
average of bus voltage, DoD, power, battery pack temperature and
ambient temperature. This results in an approximate feature footprint of
72 bytes per collection, but an annual footprint is not possible to define.
However, assuming three state changes per day gives an estimate of ca.
79 kB/annum. Since the target SOH in this data set was noisy, only
limited predictive power was presented, questioning the validity of
features and single cell health prediction.

3.2.5. Summary of the current state of feature sets

Several attempts have been made to model the SOH trajectory of
batteries with various feature sets and data-driven methods. Most of the
studies predicting capacity(change) or EOF demonstrate an RMSE of
1-10 %, with studies utilizing more features giving lower RMSE and
marginally higher precision. Unfortunately, the correlation between
data footprint and predictive power is far from clear, likely relating to a
lack of solid evidence in the datasets. This implies that it is impossible to
draw conclusions about the generalizability and prediction power of
these features for useful energy and power prediction in real-life
applications.

4. The BIF

To support the development of a BDT that can improve battery
lifetime efficiency, we proceed to define a BIF (“battery information
format”, as a courtesy to the reader). The BIF must have the generality to
fit several different applications in predicting useful energy and power
and possibly SOS. First, we present specific performance indicators and
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requirements to be used to evaluate the merits of a BIF. Second, we
suggest targets and features to be included in the BIF. Finally, detailed
BIF design considerations are presented. An assumption made hence-
forth is that the BIF data are connected to the battery cell via a unique
identifier.

4.1. Selection criteria - BIF requirements

The data footprint clearly constitutes a design requirement for a BIF.
Here we define this and four other requirements- interpretability, acces-
sibility, predictive power, and reusability — in detail. We acknowledge that
these qualities semantically overlap with the principles of FAIR research
data [84], but are here refined to the specific domain of battery ageing
prognostics.

4.1.1. Data footprint (DF)

By data footprint we consider how many bytes of data that need to be
logged annually for a given feature set. A low footprint is desired,
reducing transmission, processing, and storage of data, each driving
cost. Furthermore, fewer redundant variables in the feature set improves
training speed and robustness by avoiding overfitting. Reusing our base
case (Section 3), 6 targets and 20 features require 2.392 kB of data per
year and cell. For a Nissan Leaf model year 2019, having a 96s3p
configuration, i.e. 96 logical cells, this would amount to ca. 230 kB/year.

4.1.2. Interpretability (I)

By interpretability we mean the degree of which features allow for a
physical interpretation, making it possible for humans to understand
them and propose alternate scenarios still relevant for the application
[26]. This is valid also for black-box ML, where it, apart from helping the
human suggest other relevant input scenarios, can help determine if the
model is conflicting with expert knowledge. As an example, the mean
SOC is easily interpretable as the mean state of lithiation, while aggre-
gated statistics, such as higher order moments of residence time histo-
grams, are harder to interpret. The interpretability should be as high as
possible, acknowledging that it often will come at the expense of data
footprint.

4.1.3. Accessibility (A)

By accessibility we mean the ease with which a feature can be
collected from an engineering perspective. Accessibility can be impaired
by difficulty to observe the quantity of interest or when very specialized
and expensive sensors are needed, e.g. local internal heating in the cell is
likely a stressor but hard to observe in field applications. Accessibility
also denotes the risk of artificial variability introduced due to variation
in definitions or implementation of collection software. As an example,
aggregated features or those relying on a state estimate dependent on
the battery manufacturer’s implementation of the underlying algorithm.
Such variability hides “true” estimates and lowers accessibility. Acces-
sible features and targets are unanimous and can easily be read out with
low risk of artificial variability.

4.1.4. Predictive power (PP)

Predictive power means how well a feature set allows predictions to
be made. The main prediction targets and modelling strategies are
mentioned above in section 3, but there are other less explored targets
worth predicting as well, including fast/slow dynamics resistance,
available useful energy, and SOS. A BIF should yield predictions with
high accuracy and reliable error bounds for as many of these targets as
possible.
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4.1.5. Reusability (R)

Reusability is defined as the ease with which features collected from
one application could be transferred to another application, especially
useful if the same (type of) cells have been used. However, data could
partially be reused for initialization of ageing models also for other
cases, given that it has been collected in such a way that the datasets can
be reused - either directly or through proper resampling.

4.2. Targets and input feature selection

The BIF needs to specify both targets and features, as exemplified
above. Relevant prediction targets for battery cell operation include cell
capacity and cell resistance, analogous to available useful energy and
available power. For the former, we narrow the scope to the full
discharge capacity at 0.1C, 20 °C, acknowledging that an arbitrary
interpretation of capacity can lead to vastly different results if the esti-
mation method and conditions are varied [72]. To predict power
capability both for short and for longer current pulses we suggest using
both 1 s and 10 s DC resistance (Rys, R1gs) at 20 °C, 50 % SOC and 1C
discharge (SI, DEF 1). Furthermore, each target should be reported
together with an estimated standard deviation, to judge the quality of
the target value estimate. Table 1

Moving on to feature selection, we acknowledge a risk of making a
completely arbitrary choice and thus apply our selection criteria on the
categories observed in literature and give them a Low, Medium, or High
score in each criterion (Table 2). Incremental capacity curve features
score low on both data footprint and accessibility since it requires the
whole incremental capacity curve to be captured every time the feature
is to be recorded. Furthermore, the interpretability score is also low
since it is not clear how to modify the curve, nor its mean, variance, and
kurtosis, to propose an alternate scenario relating to a change in oper-
ational pattern of the battery. Finally, we argue that even the R score is
low due to the issue of data leakage and the likelihood that these fea-
tures might not contain any information about usage history.

As for the other feature categories, they rank similarly in DF with
significant flexibility in how much data to collect but with event
counting scoring slightly lower in accessibility due to it being non-trivial
to define an event, which will introduce artificial variability into the
feature. Also, for event counting, the reusability score will be low, since
for some applications certain events never occur, e.g. a "driving" event
never happens in a BESS. For histograms and semi-empirical features,
we assume they are equal in all aspects considered. However, histograms
in general and residence time-counting histograms in particular, seem to
offer a greater flexibility and can capture a richer picture of the battery
usage history, while putting upper bound on the data footprint.
Furthermore, they are attractive from a causal standpoint, since they
contain the necessary components to describe kinetics for parasitic re-
actions; both information about the time spent in a certain condition,
and the nature of the rate-determining conditions (i,V,T) can be
contained.

With the reasoning above and since 2D histograms of residence times
have been successfully used to predict ageing, albeit with limited real-
world validation data (section 3.2), such histograms are suggested as a
starting point for a BIF. We suggest histograms including voltage, tem-
perature, current, SOC, and a 30 s moving average of current (i y4 30s) t0
be used (Table 4). The latter, defined in the SI, captures sustained cur-
rent, something otherwise lost when forming histograms, and resembles
the 3-min RMS-feature used by Zhang et al. [19] but accounts for
directionality of the current (charge and discharge are separated)
making it more suitable to capture local overcurrent and over/-
underpotential conditions. We also require the discharge energy
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throughput and charge throughput to be included to promote a fair
benchmarking of the ageing vs. usage.

Even if limitations in available datasets make it impossible to
empirically judge the predictive power of the features outlined here, we
can still repeat the exercise from the feature category selection and rank
the targets and features in descending order of accessibility (Tables 3
and 4). Targets are by necessity less accessible than features since they
require an implementation of parameter estimators [85]. High fre-
quency voltage and current signals with good noise characteristics, Ris
and og,,, likely render high accessibility, while Q and 6, that tend to
depend on a large enough SOC window traversed in a short enough time,
likely are less accessible. Rips and og,, will have moderate to low
accessibility, dependent on access to clean current pulses. From a
fleet-of-cells perspective, however, low accessibility of targets need not
be an issue if they are still recorded by part of the fleet that is large
enough.

Training features will be relatively easier to access than targets,
especially those based on raw sensor data. Single-cell measurements of
temperature should be considered as having high accessibility, that will
change to a moderate or low accessibility if temperature is estimated or
extrapolated from a distant sensor. An effective moving average can be
implemented in different ways, thus the accessibility for i y 305 is lower,
but it could still be directly extracted from the current. The lowest
accessibility belongs to histograms containing SOC, as its estimation can
be implemented in several ways; Coulomb counting, voltage mapping,
Kalman filter, and furthermore also will differ between manufacturers
and as often only a pack-level SOC is available [85].

4.3. BIF design

Several schemes have recently been proposed for the alignment of
battery data, e.g. the “Battery Data Genome” [86] and a unified ontology
[87], and the BIF aligns with and extends these. Based on the suggested
targets and features, we now proceed to define units and binning
strategy. For reusability, observed quantities should be of similar mag-
nitudes and bins should satisfy necessary overlap criteria so that
fine-grained and course-grained histograms can be compared.

First, we consider units (Tables 5 and 1% row), requiring that current
is expressed as a directional C-rate, i.e., current is normalized by the
mark-plate capacity of the given (super) cell. Voltage (in volt), and
temperature (in °C) stay within the same order of magnitude/range
meaning no normalization is needed. For histogram count dimension we
suggest using minutes to allow for capture of rare conditions.

Second, there is a need to establish an alignment of the histogram bin
edges (Fig. 3, dashed line), requiring the specification of where to put at
least one edge. Without alignment there is a risk of offset between data
collected from different cells, impacting the reusability. Alignment
points should be chosen such that they cover most battery cell use cases
since all data formats will need to include this.

Third, for the data format to allow for histogram down-sampling, we
suggest using a base partitioning scheme for the bins — from here on
called base layout, and rules for refinement. A base layout (Fig. 3, middle
bin layout) is the coarsest bin size allowed, and it needs to allow for
sufficient data minimization while being detailed enough to exploit
transferability of data. For simplicity, we propose using an evenly
spaced binning, starting from the alignment point and continuing as far
as is required by the application at hand. We note, however, that the
base layout could be designed with non-uniform bin partitions but leave
this for future work to explore. Allowing for design freedom, any
application should be allowed to split the base grid into further parti-
tions, but to maintain transferability, any partitioning scheme should
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Table 1

Selected data features used to predict capacity fade and RUL.
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Input feature space

Original Model

collection freq.

RMSEaq
(2 0)" [%]

RMSEzor (2
0)" [%]

RMSEq
(20)"
[%]

Reference Comment

(Dataset)

Annual data
footprint”
[kB]

Variance of the curve AQ,.

100 (V)

Q-throughput
At

Cycle number

Vi
Va3
Py
i34
t
Notation X, , indicating
time spent between a:th
and b:th quartile of
quantity X

Battery state € {charging,
idle, in operation}
For each state (change)
record:
Lifetime of battery
State duration min, max,
average of: bus voltage,
DoD, Power, Battery T,
Ambient T

Casel:
2D histograms of
residence time in

ivs. T (7x8 bins)
SOC vs. T (7x13 bins)

and

SOC rain-flow counting
histograms (10x12 bins)

Case 2:
Q-throughput
Last measured/estimated
Q
Min and Max values of
SOC and T

2D residence time
histograms [hours] : ivs.
T @ charge (3x14 bins)
ivs. T @ discharge (4x14
bins)
ivs. SOC @ charge (3x5
bins)
ivs. SOC @ discharge (4x5
bins)
T vs. SOC @ charge (14x5)
T vs. SOC @ discharge
(14x5)
T vs. SOC @ rest (14x5)

1 D histograms counting
Ethroughput [kWh]:
T @ driving (10 bins)
T @ charging (10 bins)
SOC @ driving (10 bins)
SOC @ charging (10 bins)
1 D residence time
histograms [min]:
T @ parking (10 bins)
SOC @ parking (10 bins)
1 D probability
histograms: igyssmin
discharge (14 bins)

Once LR N/A

26 times before GPR
EOF

2.0 (29)

Once per cycle GPR N/A

Sporadic GPR 0.13
(<0.19)

On battery state NN N/A
change.

Every drive- SVR N/A
cycle

Every n cycle, NN 0.15
where n €
{25,50,100}

Sporadic RF, N/A
GPR,
NN,SVR

N/A 11 (N/A)
Mean
percentage
error

43(29) N/A

1(4.8) 3 (>100)

0.83 <1.3(<3.6)
(<1.6)

1.7 N/A
9.9

Case 1: N/A
<11

Case 2:

N/A

N/A N/A

2.11 N/A
©)

104 Severson et al.
[25,731

0.5 Richardson
et al. [74]
(75D
0.4 Richardson Multi-output GPR when knowing
et al. [58] the full capacity fade of another
([75-771) cell.
16 Greenbank Data footprint based on full
etal. [17] ([11, histograms w/50 bins per
251) histogram, as in Ref. [17]. Source
also includes prediction of knee
point.

Not as accurate to estimate a data
footprint. Here we assume 3 state
transitions per day during a year.

79 Johnsson [78]

Case 1: Nuhic et al.
28 [571

Case 2:

0.83

Approximate RMSE based on
Figure 10 in Ref. [57].

36 v. Biilow et al.
[26] (125D

Assuming the “Coarse” resolution
scenario

10 Zhang et al. Real fleet PHEV data as one test
[19] ([19,25, scenario but [25,76] where also
751 used, albeit with other features.

(continued on next page)
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Table 1 (continued)
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Input feature space Original Model RMSExq RMSEq RMSEgor (2 Annual data Reference Comment
collection freq. (2 0)" [%] (2 6)" 6)" [%] footprint” (Dataset)
[%] [kB]
irms3min charge (9 bins)
DOD (10 bins)
Counters
At
Accumulated parking
time
Ethroughput in driving
Ethroughput in charging
@ Values in parenthesis denote the standard deviation in the prediction.
b Estimated with the base case outlined in Section 3.
¢ RMS percentage error (RMSPE) — not directly comparable to absolute RMS errors for SOH.
Table 2
Scoring of feature categories with respect to design requirements.
Feature Category DF score | I score | A score | PP score R score
Incremental Low Low Low Unknown Low
capacity
curve-derived
Event counting Medium | High Low Unknown Low
Histograms High High Medium | Unknown High
Semi-empirical High High Medium | Unknown High
only split existing bins in two (Fig. 3, lower green bin layouts). A divisor
Table 3 . s .
Accessibility of targets. of 2 is selected as it impacts the data footprint the least.
Fourth, the last bin on each side of the histogram should be required
Target Accessibility to capture any remaining data “falling off the edge” (Fig. 3, edges of bin
Ris High layouts). Finally, the collection frequency is specified, here suggested to
ORy, High
Rios Low
ORygs Low-Moderate Table 5
Q Low-Moderate Suggested BIF design hyperparameters.
7 Low Quantity Voltage/  i/C-  ya 305/C- soc T
/Dimension \% rate rate /% /°C
Alignment point 3.0 0 0 50 15
Table 4 Base layout spacing 0.5 1 1 25 10
Histograms suggested to be used as BIF features. ) X X
Bin aggregation Minutes
Target property/ Histogram Stressors captured Accessibility dimension
Count dimension Axes Collection frequency Biweekly
N ) ) ) Bin refinement divisor 2
Q, R, Ry¢s/Time ivs.V High (cathode) High
voltage/low anode
voltage, high current
ivs. T High current at low High (if access to 1 |
temperature, high singles cell : I
current temperature -
measurement) * Arbitrary division of bins
Vvs. T High (cathode) High (if access to

V vs. i ma 305

voltage/low anode
voltage, high
temperature

High (cathode)
voltage/low anode
voltage, high
sustained current

singles cell
temperature
measurement)
Moderate

SOC vs. T High/Low mean Low-Moderate
lithiation, high
temperature
SOC vs. i High/Low mean Low-Moderate
lithiation, high
current
SOC vs. High/Low mean Low-Moderate
1 Ma 305 lithiation, high
sustained current
Fair Energy and None Moderate
benchmarking/ charge
None throughput

<-4

¥

Mismatch of alignment point

>3

-2 -1 0
BASEILAYQUT

1
I [C-rate] \|> Proper alignment
| | - |
| | 1 |
" Controlled division of bins
LI 1dl] i ||
LN B 1 Il

Fig. 3. Proposed histogram bin construction rules and impact on reusability if

(not) following them.
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be an aggressive base-case of biweekly collection, leaving the exact
collection frequency as a design parameter, but requiring it to be an
integer multiple of the biweekly interval. By doing so, transferability is
achieved. In Table 5 we summarize our full proposal of BIF design
hyperparameters.

5. Conclusions and future outlook

In conclusion, we have shown how it is possible to design a BIF based
on 2D histograms for ageing prediction that respects requirements for
data footprint, interpretability, accessibility, predictive power and
transferability. We further argue that at this point in time, any such
format should rely as much on heuristic and mechanistic understanding
of battery failure modes, and engineering limitations and memory
constraints of embedded systems, as it does on the limited empirical
evidence available in the academic literature. In this light, our BIF is
most likely not fully optimized, but good enough as a starting point to
standardise collection of battery field data for lifetime prognostics to a
degree that provides a realistic opportunity for many OEMs to imple-
ment it. By concretely voicing such realistic principles of a dataset that
the scientific community would benefit from, we take one step closer
towards widely available field data.

With the histogram-based approach it is instructive to compare the
cell data footprint of the BIF to that of time-series data, previously
concluded to be in the range of 1-10 MB/annum. Assuming that all
targets and features in Tables 3 and 4 are used and that we have on
average 6 bins per axis dimension, the storage requirement for one
instance of the cell BIF ends up being (7 * 6 * 6 * 4 bytes +2 *4 bytes) +
(6 * 2 bytes) = 1 kB, where the first expression within parenthesis relates
to the storage requirements of all features and the second relates to
targets. For the yearly data footprint this means histograms requiring 26
kB/annum, reducing the data footprint from time series data by at least
2 orders of magnitude. This has the promise of confining world battery
fleet data to TB, avoiding the PB domain.

To reiterate, the BIF presented herein is a starting point for optimi-
zation of histogram axis dimensions, binning, and collection frequency,
to balance the trade-off between data footprint vs. predictive power.
However, we stress that already now, an OEM or system operator that
have not yet devised a data collection strategy, could/should consider
using (a subset) of the BIF features and targets presented above to not
lose valuable insights. Future work should also include the evaluation of
valid features and targets for prognosing SOS. It will also be relevant to
develop computationally fast and efficient strategies for generating the
residence time counting histograms.
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