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Predicting Cycle Life of NMC Cells by Discharge Capacity Voltage Curves
CHRISTOFFER WIGFORSS
Department of Physics
Chalmers University of Technology

Abstract
The biggest issue with rechargeable batteries is arguably their limited lifetime. They
suffer from capacity degradation and power fade, and their performance decreases
as they age. Estimating the remaining useful life is therefore an important task.
However, the complex internal aging mechanisms are difficult to model. Recently,
machine learning has become a promising approach for predicting remaining useful
life. This thesis evaluates whether a new elastic net machine learning model trained
on data from LFP cells can be used to predict cycle life of NMC cells. The model
uses capacity and voltage data during discharge phases to derive a feature highly
correlated to cycle life. Four commercial NMC cells were cycled in Chalmers Electric
Power Battery Lab to collect cycling data. The model was able to make useful cycle
life predictions for these cells, which suggests that the approach is applicable to
other lithium-ion cells.

Keywords: NMC, cycle life, RUL, prediction, machine learning, elastic net
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1
Introduction

Batteries are used everywhere today – in mobile phones, laptops, cars, etc. More
and more portable devices are produced with a need for power supply without the
restriction of having to be connected to an electrical outlet, and adding batteries to
such devices is a natural choice.

In the last two decades, there has been a rapid development and increase of elec-
trical vehicles (EVs), e.g. cars, buses and trucks, and recently also battery powered
airplanes [2] with no gas emissions compared to vehicles with combustion engines.
Batteries are suitable for these applications to transition from fossil fuels to more
sustainable alternatives for transporting people and goods.

Even if batteries were invented already around year 1800 [3] and much research has
been done since then, there still are a number of issues to solve. The biggest one
is arguably the limited lifetime of rechargeable batteries, which age and degrade
over time. Their capacity decreases and the performance gets unreliable as they get
older.

This is for example a major issue for EVs, where the battery is an essential part
of the vehicle since the capacity of the battery is directly correlated to the driving
range. A lower maximum capacity implies shorter distance on a full charge, and a
degradation of the capacity would be the same as a gas tank shrinking by time as the
vehicle gets older. To counteract this, some car manufacturers oversize the battery
to make the maximum driving distance seem constant to the customer during the
car’s service life, hiding and delaying the effects of degradation [4]. The result of
this is a larger battery at a even higher price and more mass to transport which is
not even fully utilized until much later.

One of the most common battery chemistries in EVs is lithium nickel manganese
cobalt oxide (LiNiMnCoO2) (NMC) [5, 6] since it has high capacity and lower pro-
duction cost compared to other alternatives. However, in addition to suffering from
capacity degradation and power fade, NMC cells are not so stable [7]. Numerous
battery fire and thermal runaway incidents in EVs have been reported [8]. Some
incidents are caused by crashes, in which the fragile battery gets damaged, but most
of the failures are due to misuse. This includes high charge and discharge speeds,
usage in high temperatures and overcharging. All of them increase the risk of over-
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1. Introduction

heating and short circuiting, which may cause batteries to catch fire or even explode
[9, 10].

The probabilities for such events also increase as a battery ages. Therefore, it is
important to estimate the remaining useful life (RUL) to know when to replace
batteries.

Unfortunately, degradation in lithium-ion batteries is a complex, nonlinear process.
Modeling it requires knowledge about properties of the internal materials, the chem-
ical reactions as well as different aging phenomena, involving many parameters and
heavy computations. Another approach is the data-driven approach, where histor-
ical data is the source of knowledge. Much research on making RUL predictions
using machine learning models trained on such data has been done recently [11],
and this thesis explores that research area further.

1.1 Aim
The goal of this project is to predict the cycle life of NMC battery cells using
the variance model developed for lithium iron phosphate (LiFePO4) (LFP) cells by
Severson et al. [1] and evaluate whether that model can be used for commercial
NMC cells.

1.2 Limitations
Limited time and limited resources limits the number of battery cells cycled and
included in the analysis. The focus will also be only one of the many variants of
NMC cells, namely Ni1/3Mn1/3Co1/3.

2



2
Theory and Model

This chapter will introduce batteries and related fundamental theory. RUL of bat-
teries will be discussed, and methods for predicting RUL will be explained.

2.1 Batteries
A battery is a device that stores chemical energy which can be transformed into
electrical energy [12]. This section will introduce batteries and their internal parts,
common concepts and aging of batteries.

2.1.1 Components and Chemistry
Even though a battery is most commonly referred to as one single unit, it generally
consists of several cells connected in series and/or in parallel depending on the
application [12].

Figure 2.1 illustrates the components of a cell. Each cell has a positive and a negative
electrode, called cathode and anode. This is where the lithium ions are stored. The
electrodes are connected by an electrolyte, which allows ions to move between them.
If the two electrodes were to be in direct contact with each other, the cell would
be short-circuited. To prevent that from happening, a separator in the electrolyte
prevents contact between the two poles.

Ions at the anode want to move to the cathode based on the size of the free en-
ergy difference between the electrodes, which creates a potential over the cell. The
potential corresponds to the voltage, measured in volts (V) and denoted by the
mathematical variable V .

The voltage is determined by the composition and structure of materials of the
electrodes – the “active” materials. This, together with the “inactive” materials
(electrolyte, separator and current collectors) and how cells are organized, also de-
fines a battery’s other characteristics, such as energy density (weight and volume)
and power throughput.

In lithium-ion batteries, the positive electrode is a metal-oxide while the negative
electrode is made of carbon, e.g. graphite. The electrolyte is an organic liquid in
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Figure 2.1: Components inside a battery cell and the flow of Li-ions and
electrons during charge and discharge

which lithium salts have been dissolved. [13]

2.1.2 Charging and Discharging

The transformation from chemical energy to electrical energy is driven by oxidation-
reduction (redox) reactions between the materials inside the battery while electrons
can flow through a circuit connected to the battery [12]. When a battery is used to
power something, lithium ions stored at the negative electrode simultaneously move
to the positive electrode.

In rechargeable batteries, these redox reactions can be reversed by connecting a
power supply [12]. The lithium ions then move in the opposite direction, restoring
the battery’s condition to a charged state and making it possible for the redox
reactions to occur again.

The capacity of a battery is measured in ampere hours (Ah), denoted by Q. The
fraction between the current and maximum capacity is defined as state of charge
(SoC). To an end user, this is equivalent to the percentage remaining in for instance
their mobile phone’s or laptop’s battery. The definition is given in Equation 2.1.
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2. Theory and Model

SoC = Qcurrent

Qmax
(2.1)

How fast a cell is charged or discharged is determined by the current, the flow of
electrons, between the electrodes of the cell. Different cells can handle currents of
different magnitudes. To be able to compare charge and discharge speeds regardless
of battery capacity, one can use the notation of C-rates, denoting the amount of
current relative to the design capacity of a specific cell. C-rates are inversely pro-
portional to the time it takes to completely charge a cell, and a higher rate means
higher current and, hence, shorter charging time (Figure 2.2). A C-rate of 1 implies
a full charge from 0 % to 100 % in one hour, 2C charges the cell in 30 minutes while
it takes 120 minutes to charge with a C-rate of 0.5C. C-rates are used in the same
manner for discharge speeds.
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Figure 2.2: Discharge time for different C-rates

A common approach to charge Li-ion cells is a constant current-constant voltage
(CC-CV) procedure. It has two phases, where the charger in the first phase ap-
plies constant current (CC) until the cell hits its upper voltage limit. This phase
corresponds to the three CC regions (red, orange and yellow) in Figure 2.3 where
the current is constant and the voltage is below 4.2 V. To prevent overcharging, the
voltage is kept constant in the constant voltage (CV) phase, and the current de-
creases gradually. When the cell accepts a pre-defined cut-off current, the charging
is stopped.

Discharging can be executed in a similar procedure. A constant current can be
withdrawn from the cell until the voltage reaches the lower limit. After that, the
voltage can be kept constant while the current decreases.
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Figure 2.3: A multistage CC-CV charging example with three CC stages.
The current is changed at two SoC levels, Q1 and Q2.

2.1.3 Aging
Even though the redox reactions in rechargeable batteries are reversible, they are not
completely so. Changes to the internal materials will decrease the cells’ performance
in terms of how much energy they can store and deliver. These changes are more
likely to happen when a cell is exposed to low or high temperatures or low or high
SoC levels [13, 14].

As a cell ages, different degradation mechanisms make it harder for the cell to
operate efficiently. The main consequences of degradation are capacity fade and
power fade [14], meaning shorter use time and instability issues. This is caused by,
inter alia, increase of the internal resistance (IR) in the cell due to weaker contact
between the internal components [14], which generates a lot of heat during use. High
temperatures, in turn, causes more damage to the cell, hasting the aging process
additionally.

State of health (SoH) is a measure of how much a battery cell has degraded. One of
the most common definitions is a ratio between the current maximum capacity and
the rated, initial capacity [15], as in Equation 2.2.

SoH = Qmax

Qrated
(2.2)

When a cell’s SoH has reached a certain level, the cell is considered to have reached
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2. Theory and Model

its end of life (EoL). This level may be different from application to application,
since applications have different requirements on the power supply, but a SoH of
80 % is most often used as the condition in the context of capacity as above [16].

2.2 Remaining Useful Life Prediction
In the context of battery aging, the number of cycles a battery has made is often
discussed. A full cycle is completed when a battery has discharged from 100 % to
0 % SoC and recharged back to 100 % again. This is most often not the case in real
life though. Instead, equivalent full cycles (EFCs) are used to count accumulated
energy during charging and discharging that is equivalent to the energy of a full
cycle [17], as in Figure 2.4.

One cycle

-75 %

+75 %

-25 %

+25 %+100 %Charges

Discharges

Figure 2.4: Example of an equivalent full cycle

The number of cycles a battery has completed does not alone say how healthy it
is. An analogy for humans would be the saying “the age of a person is just a
number”. How the battery has been treated and what it has been exposed to is
more important. However, since the usage of a battery affects the cycle life, the
number of cycles a battery has performed is a good indicator of its age and health.

Knowing when a battery cannot meet its performance requirements anymore could
be crucial for some applications [18]. This is why remaining useful life (RUL) pre-
diction for batteries is important and has gained more and more focus recently [19–
21]. However, modeling and predicting the complex degradation mechanisms inside
lithium-ion batteries is complicated since they are not visible from the outside and
difficult to measure.

2.2.1 Incremental Capacity Analysis and Differential Volt-
age Analysis

To see changes in a cell’s internal materials, one can perform reference performance
tests (RPTs). Such tests reveal reactions in the cell at different stages during a slow
charge or discharge, and how these reactions evolve over time gives an indication of
how the materials have been affected and different aging phenomena.

Voltage and capacity data from this type of (dis)charges are used to perform in-
cremental capacity analysis (ICA) and differential voltage analysis (DVA). This is
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2. Theory and Model

done by visually inspecting derivatives of Q(V ) and V (Q) curves, i.e. dV/dQ and
dQ/dV – a technique to identify aging mechanisms in Li-ion cells [22–24].

ICA and DVA have also proven to be powerful for estimating SoH [25–28]. This is
interesting since voltage and capacity measurements are relatively easy to obtain.

2.3 The Variance Model
Q(V ) curves and features derived from them have also been used for predicting RUL.
One feature in particular has shown to have a strong correlation to the cycle life.

In a study [1] by Severson et al., who cycled and collected data from 124 lithium
iron phosphate (LiFePO4) (LFP) cells, three models were developed and trained to
predict cycle life. The models are elastic nets, a type of machine learning model
explained in subsection 2.3.1, with no prior knowledge of degradation mechanisms
and rely entirely on the underlying data.

The data was collected by cycling the 124 cells (A123 APR18650M1A, hereafter
referred to as M1A) from 0 % to 100 % SoC using 72 different fast charging policies
and then equally discharged back to 0 % at 4C. This was performed in a temperature
chamber at 30 °C. The cycle life of the cells ranged from 150 to 2,300 with an average
of 806 cycles before their SoH reached 80 %, which was set as the end of life (EoL)
criterion.

One of the proposed features, selected in all three models, uses voltage and capacity
measurements from the collected data. The discharge capacity during the discharge
phase of cycle 10 and 100 is fitted as a function of the voltage for the capacity
values, Q(V ). This results in two curves for the two cycles, Q10(V ) and Q100(V ).
An example is shown in Figure 2.5. Severson et al. found that the difference of
these discharge curves, ∆Q100−10(V ), which yields a function as well, contains useful
information that has a strong relation to the number of cycles for a battery cell.
The logarithm of the variance of that resulting function, log10(Var(∆Q100−10(V ))),
was linearly correlated to the logarithm of the number of cycles with a correlation
coefficient ρ = −0.92.

For one of the models, the “variance” model, that feature was the only feature.
Even though the model is so simple, it still achieves a mean percentage error (MPE)
of 11.4 % when predicting cycle life of the 40 cells part of the test dataset. This
makes the model of special interest since it is both noncomplex and very efficient.
Therefore, the variance model will be the focus of this thesis.
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Figure 2.5: Q(V ) curves for a M1A cell

2.3.1 Elastic Nets
The variance model introduced in section 2.3 is an elastic net, a type of linear
regression model proposed by Zou and Hastie in 2005 [29], where the goal is to find
and fit an optimal line between a set of data points. The model can then be used
to estimate numerical values for new, unseen data.

The representation of an elastic net can be seen in Equation 2.3, where all k features
x1, x2, ..., xk have their own weight w1, w2, ..., wk.

y = w0 + w1x1 + w2x2 + ...+ wkxk (2.3)

Training an elastic net means finding optimal values for the weights which will
minimize the value of a cost function. In the context of linear regression, the cost
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2. Theory and Model

function is the residual sum of squares (RSS), i.e. the sum of squared errors between
the model’s estimated values and the true values. The formula for RSS is given in
Equation 2.4, where ŷi and yi are the predicted and the true value respectively for
data point i in a set of n data points.

RSS =
n∑

i=1
(ŷi − yi)2 (2.4)

Minimizing the cost function is done by running the gradient descent optimization
algorithm, which iteratively finds local minimum optima for the function and thus
also optimal combinations of weights. However, in elastic nets, the RSS is not the
only thing that is minimized. Elastic nets also utilizes a mix of two regularization
methods, lasso and ridge, which serve to reduce the error and the complexity of
the model. Lasso, or L1 regularization, adds a penalty of the absolute sum of
the weights to the cost function while ridge, or L2 regularization, adds the sum of
squared weights. Their definitions are given in Equation 2.5 and Equation 2.6.

L1 =
k∑

j=1
|wj| (2.5)

L2 =
k∑

j=1
wj

2 (2.6)

The resulting cost function thus becomes

n∑
i=1

(ŷi − yi)2 + λ
k∑

j=1
|wj|+ (1− λ)

k∑
j=1

wj
2

where λ is a parameter between 0 and 1 that controls the ratio between the lasso
and ridge penalties. An additional parameter α can be added to the L1 and L2
terms to control the overall importance of them.

The two regularization methods have different advantages and disadvantages. Lasso
does feature selection and helps producing sparse models by eliminating less impor-
tant variables. This may often be desirable, but can remove useful information such
as multicollinearity. Ridge, on the other hand, may mark features as less important
but keeps them and makes models dense and hard to interpret.

By using a combination of both methods, elastic nets overcome the limitations of
each one of them. This also leads to the additional advantage that elastic nets
are powerful when the number of features is much larger than the number of data
points in the dataset. For this reason, elastic nets are suitable when modeling
complex systems such as aging of lithium-ion batteries, where numerous factors and
processes affect the aging process.

10



3
Method

Four lithium nickel manganese cobalt oxide (LiNiMnCoO2) (NMC) battery cells
were cycled in Chalmers Electric Power Battery Lab to collect cycling data. Data
from the 100 first cycles was used to predict the remaining number of cycles for each
cell using the variance model described in section 2.3. The data collection method
and how the data was processed are described in the sections below.

3.1 Battery Cycling
Specifications of the cell model and the equipment used for cycling is detailed in
this section. How the cells were cycled is also specified.

3.1.1 Cell Type
The cells used in this experiment were LG ICR18650-HE4 (hereafter referred to as
HE4), which is a power optimized NMC (Ni1/3Mn1/3Co1/3) cell of size 18650 with a
nominal capacity of 2,500 mAh and a manufacturer defined voltage range from 2.5
to 4.2 V. The recommended fast charging method of these cells is a CC-CV of 4 A
(1.6C) with a 100 mA end-current cut-off.

3.1.2 Hardware
The cells were mounted in holders (Figure 3.1a) connected to a PEC ACT0550 cell
tester in four different channels: 17, 18, 19 and 20. For simplicity, the cells in this
experiment are referenced by their channel number.

In contrast to the experiment [1] by Severson et al., no temperature chamber was
used. Instead, axial fans (Figure 3.1b) were placed above each holder to air-cool the
cells in a room with an ambient temperature of ca 24 °C. The temperature was then
monitored with a temperature sensor attached to the side of each cell.

3.1.3 Cycling Protocols
The cells were cycled according to two cycling protocols, A and B, based on two
of the fast charging protocols used in the reference study [1]. The chosen original
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a. b.

Figure 3.1: Photos of a HE4 cell inside a holder adjusted for cells of size 18650.
One of the axial fans is marked in the second photo.

protocols were two of the protocols for M1A cells with the highest cycle life prediction
accuracy. Two were chosen since it would give a small variety while still having
redundancy for errors.

The protocols consisted of full cycles from 0 % to 100 % SoC in two or three stages
with different C-rates followed by a complete CC-CV discharge back to 0 % SoC
(Figure 3.2). In protocol A, the current was changed during charging at two different
SoC levels, Q1 and Q2. For protocol B, the current was changed only once, at Q2.
The values for Q1 and Q2 are listed in Table 3.1. From Q2 to 100 % SoC, the cells
were charged with CC-CV at 1C with a cut-off of 100 mA.

Protocol Q1 Q2

A 54 % 80 %
B - 80 %

Table 3.1: Q values for protocol A and B

The goal was to mimic the method of the experiment [1] and to reduce the number
of differences in order to achieve comparable results. However, since the type of
battery cells in this experiment differs from [1], the C-rates were scaled to match
the HE4 cells. The C-rate during discharge for the M1A cells (4C) was below the
maximum recommended discharge speed for the HE4 cells and could therefore safely
be used in this experiment as well. On the other hand, the C-rates during charge
were much higher than the maximum recommended charge speed and would pose a
danger if they were to be applied to the HE4 cells. A ratio between the recommended
maximum fast charging current for the M1A cells and the C-rates in the protocols
was used to compute the C-rates during charging for the HE4 cells. The scaling is
shown in Table 3.2.
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Figure 3.2: Current and SoC as functions of time during a cycle in protocol A

Voltage, current and temperature measurements were recorded every fifth second.
Moreover, the internal aging process was also monitored by performing RPTs after
cycle 10 and cycle 100. In the RPT, the cells first rested for 2 hours. The cells were
then charged with CC-CV at 0.5C with a cut-off of 50 mA. Lastly, the cells were
discharged with CC at 0.1C until the voltage hit 2.5 V.

When a cell reached 80 % SoH, the cycling was stopped. This was defined as when
the cell could not deliver 80 % of the initial capacity, i.e. 0.8 · 2,500 mAh = 2,000
mAh, when fully discharged from 100 % SoC.

A flowchart of a test regime is available in Appendix B.
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Protocol
APR18650M1A
(max 3.6C) C-rate Ratio ICR18650-HE4

(max 1.6C)
Stage 1 Stage 2 Stage 1 Stage 2 Stage 1 Stage 2 Cells

A 5.3C 4C 1.47 1.11 2.36C 1.78C 17, 18
B 4.8C 4.8C 1.33 1.33 2.13C 2.13C 19, 20

Table 3.2: Specification and conversion of C-rates for M1A and HE4 cells.
The C-rates in the parentheses are the recommended maximum fast charging rates

specified by the manufacturer.

3.2 Software
The machine learning model was implemented in Python using ElasticNetCV from
the scikit-learn1 package. The SciPy library2 provided functions for interpolating
the Q(V ) curves.

The dataset published by Severson et al. from their experiment [1] could surpris-
ingly enough not be used to reproduce the results presented in the paper. The
discharge capacity voltage curves from cycle 10 and 100 provided in the data do not
yield the stated ∆Q100−10(V ) curves, and thus also incorrect values of the feature
Var(∆Q100−10(V )) as well as bad prediction accuracy. The differences can be seen
by comparing Figure 3.3 with the paper’s Figure 2b.

Instead, the elastic net was trained on the pre-computed data points extracted from
the paper’s PDF file when converted to SVG data. This gave the same accuracy
metrics when the reconstructed model was evaluated on the test data.

The cycling protocols were implemented in MWare3 to program to the PEC machine.
The C-rates derived from Table 3.2 were converted to currents based on the rated
capacity by the cell manufacturer. The test regimes are available in Appendix A.

1https://scikit-learn.org/
2https://scipy.org/scipylib/
3http://www.mware-mes.com/
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4
Results

4.1 Cycling Data
The cells performed 153, 137, 138 and 140 cycles respectively before their SoH
reached 80 % (Figure 4.1). This gives an average of 142 cycles.
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Figure 4.1: Discharge capacity degradation

The temperature increase at the side of the cells during charging was 3-4 °C above
ambient temperature in the beginning of the cells’ cycle life. Towards the end,
this increase rose by 1-2 °C. Much more heat was generated during the discharge
phases. The peaks were 10-12 °C above ambient temperature at start and ranged
from 12 to 15 °C in the end, i.e. 36-39 °C. The peak temperatures during charge
and discharge is shown in Figure 4.2 and Figure 4.3.
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Figure 4.2: Charge temperature peaks during each cycle
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Figure 4.3: Discharge temperature peaks during each cycle
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4. Results

The cells’ initial capacities, retrieved from the charge and discharge capacities of the
first cycle, are listed in Table 4.1. On average, this is 115 mAh (4.6 %) and 70 mAh
(2.78 %) above the nominal capacity of the cells. The nominal capacity of 2.5 Ah
was not reached until after 8-9 cycles.

Cell 17 18 19 20 Average
Charge capacity [Ah] 2.650 2.604 2.599 2.607 2.615
Discharge capacity [Ah] 2.569 2.571 2.566 2.572 2.570

Table 4.1: Initial capacities

The first RPTs after cycle 10 took almost 14 hours. The second ones lasted for
nearly 12.5 hours.
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4. Results

4.2 Model Predictions
Discharge capacity voltage curves for five cycles are plotted in Figure 4.4 for cell
17. The discharge capacity decreases as the cell ages, but the shape of the curve
remains the same. The results for the other cells are very similar.
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Figure 4.4: Q(V ) for five of cell 17’s cycles

The discharge capacity voltage curves from cycle 10 and 100 for the four cells are
shown in Figure 4.5. As can be seen, they look almost identical to the human eye.
Their differential curves are shown in Figure 4.6, where small differences can be
noticed.
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The cycle lives and the variance of the differential curves for the HE4 cells are plotted
in Figure 4.7. For comparison, the same data for the M1A cells is included as well.
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Figure 4.7: Cycle life as a function of Var(∆Q100−10(V )) for M1A and HE4 cells
on logarithmic axes
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4. Results

Table 4.2 lists the model’s predicted cycle lives and the errors compared to the actual
cycle numbers.

Cell 17 18 19 20
Actual 153 137 138 140
Predicted 125.90 118.33 119.86 120.23
Error 27.10 18.67 18.14 19.77

Table 4.2: Model cycle life predictions

The RMSE for these predictions is 21.23 cycles, which gives a MPE of 14.65 %.
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The M1A cells, used in the reference study, had an average cycle life of 806 cycles,
which means that the RUL prediction was made after 12.4 % of their average total
lifetime. For the HE4 cells, this would correspond to making the prediction after
17 cycles. To see how the model performs when using data from earlier cycles, the
MPE as a function of cycle index combinations is plotted in Figure 4.8, where i and
j are the cycle indices (i > j) in the differential discharge capacity curve Qi−j(V ).
The color scale is logarithmic to highlight the contrasts.
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Figure 4.8: MPE as a function of cycle indices i and j for cycle life prediction of
HE4 cells
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5
Discussion

Even if cell 17 and 18 were cycled with the same cycling protocol, cell 17 performed
16 more cycles than cell 18 before reaching 80 % SoH. This is however not a par-
ticularly surprising outcome since cells will never be exactly the same due to minor
differences in the manufacturing process, the structure and amount of the active
materials, etc. This is also reflected in Table 4.1, where the capacities are unique
for all cells.

The HE4 and M1A cells have different rated capacities and voltage ranges because
of the different cell chemistries. This also affects the discharge capacity voltage
curves as well as the differential curves, which are noticeably different from those of
the M1A cells. During discharge, the M1A cells’ voltage remains near 3.1 V during
the majority of the SoC window. The HE4 cells’ voltage, however, decreases almost
linearly from 3.8 to 3.1 V.

Despite their dissimilarities, the model was able to give a useful prediction of the
cells’ cycle lives.

The prediction error of 21 cycles may not seem very much. However, compared
to the total number of cycles the HE4 cells performed, 21 out of 142 cycles equals
almost a seventh. This is a relatively big portion of the cells’ cycle lives. That is why
the MPE of 14.65 % is higher than the MPE of 11.4 % obtained when the model is
evaluated on the test dataset of the M1A cells.

The prediction after 100 cycles is quite close to the cell’s EoL. 70 % of their cycle
life has by then already passed, which may or may not be useful depending on the
application. Either way, an earlier prediction is preferable.

As can be seen in Figure 4.8, better RUL predictions can be made sooner. The purple
area shaped as a curved line in the lower right-hand corner of the figure represents
combinations of cycle indices giving prediction errors below 10 %. Using cycle 10 as
the first cycle index, data from cycles close to cycle 80 results in predictions with
the lowest errors. If cycle 6 were to be used as the first cycle instead, the lowest
prediction errors are acquired when combining it with data from cycles around cycle
70. It can also be seen that even cycles between 50 and 60 give accurate predictions
using data from the first discharge. This means that precise predictions can be made
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5. Discussion

when 40 % of the cells’ average cycle life has passed, which is a big improvement
compared to making a prediction after 100 cycles, when only 30 % of the cells’ cycle
life remains. However, to make good predictions already after cycle 17, at the same
point in lifetime as for the M1A cells, is not possible for the HE4 cells using this
model and its training data.

The C-rates in the cycling protocols were converted to currents assuming that the
initial capacity of the cells was 2.5 Ah. However, this was not the case given the
measurements of the first cycle. Considering that the initial capacity was on average
about 3 % above the rated capacity, the currents were slightly lower than intended.
As a consequence, the cells may have lived marginally longer. This should not have
any impact on the accuracy of the model’s predictions though since the currents
remained the same during the whole experiment and since the model’s predictions
were not based on the C-rates or the currents.

It can be seen in Figure 4.6 that the negative peak between 3.0 and 3.25 V have
different magnitudes for the different cells. The order of cycle lives is reflected in the
order of the peak magnitudes. Cell 18, the shortest lived cell, has the highest peak
(the lowest Q100−10(V ) value) while cell 17, the longest lived cell, has the lowest
peak (the highest Q100−10(V ) value of the peaks for all cells). This directly affects
the variances and thus the predicted cycle lives.

The interrelationship between the cycle life numbers is also present in the predicted
number of cycles for the prediction after 100 cycles. This could however be by
chance since the sample size is very small. On the contrary, this pattern is also
visible in predictions made from data prior the 100th cycle, indicating that this in
fact is related to the cells’ degradation.

In contrast to the experiment by Severson et al., no temperature chamber was used.
This should not make any big difference since the cooling effect from the axial
fans functioned just as well along with the roughly constant ambient temperature
throughout the cycling process. What did change was the cell can temperature,
which increased as the cells aged due to higher IR. This aligns with the temperature
and IR increases of the M1A cells.

Severson et al. did not perform any RPTs on the cells used in the datasets for the
model. The on average 13 hours long RPTs after cycle 10 and 100 gave the HE4 cells
the opportunity to rest and recover from the fast and aggressive cycling. This most
likely prolonged their cycle lives. If no RPTs had been performed, the predictions
could have been more accurate, since the input to the model was based on cycles
prior these RPTs. How much cannot be said, but presumably not significantly.
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6
Conclusions and Future Work

Even if the sample size of this experiment is very small, this work suggests that
there is useful information embedded in discharge capacity voltage curves and their
differential curves for saying something about aging of this type of NMC cell. This
may also be the case for other NMC cells and possibly other lithium-ion batteries.
To evaluate that, further experiments with bigger sample sizes, different chemistries
and a richer variety of cycling protocols have to be conducted.

This work also strengthens the potential of using large amounts of data with machine
learning for predicting cycle life and RUL of lithium-ion batteries. The next step in
this direction would be to evaluate the performance of the other machine learning
models developed by Severson et al. [1].

In real-life scenarios, outside controlled lab environments, continuous and uniform
discharge curves as those obtained in this experiment can generally not be expected.
To counter that, and to still be able to use discharge capacity voltage curves as shown
in this work with this or a similar model, one can study the possibility of combining
fragments of discharge curves from multiple cycles to estimate complete curves over
the full intervals of both capacity and voltage.
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A
Test Regimes

Since the available capacity of the cells decreases as the cells age, the capacities at
SoC levels Q1 and Q2 also change accordingly during the cycling process. Therefore,
after each cycle, the variables were re-computed based on how many mAh the cell
delivered during that cycle. This corresponds to instructions 32-39 in the test regime
of protocol A (Figure A.1).

At SoC level Q2, an IR test was carried out by applying ±4 A in ten 30 ms long
pulses.

Before and after the IR tests and after reaching 100 % respectively 0 % SoC, the
cells rested for 5 seconds.

After cycle 10 and cycle 100, a RPT was performed. First, the cells rested for
2 hours. The cells were then charged with CC-CV at 0.5C with a cut-off of 50 mA.
Lastly, the cells were discharged with CC at 0.1C until the voltage hit 2.5 V.

Neither the results of the RPTs nor the IR measurements were used in this study,
but they provide useful information to further analysis of the experiment.

Test regimes in the program MWare are divided into blocks. The cycling protocols
in this project had the following block structure:

0. Satefy checking – Assure sensors are connected and initialization of Q1 and
Q2.

1. Initial discharge – Discharge with 1C to 2.5 V using CC-CV for 10 hours.
2. Cycle 1-10 – First 10 cycles with fast charging protocols.
3. RPT – First RPT.
4. Cycle 11-100 – Remaining cycles up to 100.
5. RPT – Second RPT.
6. Cycle 101-200 – Next 100 cycles.

Block 2 and 3 for protocol A are shown in Figure A.1 and Figure A.2.
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A. Test Regimes

18: I Charge 2.36C
AhChr > Q1 Goto next

19: I Charge 1.78C
AhChr > Q2 Goto next

20: Idle 5 s
21: I Charge 4 A 30 ms
22: Idle 30 ms
23: I Disch. 4 A 30 ms
24: Idle 30 ms
25: Loopback Step 21 4
26: Idle 5 s
27: I Charge 1C

Voltage > 4.2 V Goto next
28: V Charge 4.2 V

Current < 100 mA Goto next
29: Idle 5 s
30: I Disch. 4C

Voltage < 2.5 V Goto next
31: V Disch. 2.5 V

Current < 50 mA Goto next
Formula: Q1 = AhDisch * 54 / 100

32: Change variable 2 Var32 = AhDisch
33: Change variable Var32 * 54
34: Change variable Var32 / 100
35: Change variable 2 Q1 = Var32

Formula: Q2 = AhDisch * 80 / 100
36: Change variable 2 Var32 = AhDisch
37: Change variable Var32 * 80
38: Change variable Var32 / 100
39: Change variable 2 Q2 = Var32

Increment Cycle
40: Change variable CycleNr + 1
41: Change variable AhChr = 0
42: Change variable AhDisch = 0

43: Idle 5 s
44: Loopback Step 18 9

Figure A.1: Instruction block 2: cycles 1-10 in protocol A.
Irrelevant parts have been omitted.
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A. Test Regimes

45: Idle 2 h
46: I Charge 0.5C

Voltage > 4.2 V Goto next
47: V Charge 4.2 V

Current < 50 mA Goto next
48: Change variable 2 Q_RPT_ch = AhChr
49: Idle 10 s
50: I Disch. 0.1C

Voltage < 2.5 V Goto next
51: V Disch. 2.5 V

Current < 50 mA Goto next
52: Change variable 2 Q_RPT_dch = AhDisch
Increment Cycle

53: Change variable CycleNr + 1
54: Change variable AhChr = 0
55: Change variable AhDisch = 0

Figure A.2: Instruction block 3: the first RPT.
Irrelevant parts have been omitted.
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B
Charging Protocol Flowchart
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Figure B.1: Flowchart of charging protocol A
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