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Abstract:  

60 large format automotive grade lithium-ion pouch cells with graphite/NMC chemistry are 

tested following a design of experiment (DoE) approach. Realistic driving profiles resembling 

a plugin-hybrid electric vehicle are used with variation of five aging factors: temperature, 

maximum and minimum state of charge, charging power, and the ratio of charge depleting 

vs. charge sustaining cycling. 

Capacity fade is cleaned from calendar aging and multivariate stepwise linear regression is 

used to parameterize an empirical model of cyclic capacity fade. 

Temperature and the ratio between charge depleting and charge sustaining cycling show the 

biggest impact on cyclic aging, whereas charging power has little effect in the chosen range 

of aging conditions.  
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The importance of considering interdependencies between aging factors for modeling is 

pointed out, major interdependencies are found between the factors temperature and 

charging power and between minimum and maximum state of charge. 

Leave-one-out cross validation is used to show the capability of the comparatively simple 

model approach to predict cyclic aging within the tested range. 
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1. Introduction 

Lithium-ion cells are subject to a variety of aging mechanisms, leading to capacity and power fade [1,2]. 

With a lifetime of only a few years, this degradation is mostly accepted as an unpleasant necessity in 

consumer electronics. In the automotive context, however, batteries are responsible for the greatest cost 

in production and thus, premature degradation can get very expensive.  

Therefore, it is utterly important to understand the effect of different operating conditions on degradation 

and to provide tools for accurate lifetime prediction to ensure a well guided development. 

Calendar aging, stemming from side reactions that take place during storage, is considered to depend on 

the state of charge and temperature [3–7] and can be modelled accurately with semi-empiric equations 

that combine the knowledge of underlying physical processes with data driven parameterization [5,7,8]. 

For cyclic aging, which is related to operating the battery, there is less consensus in the academic field 

about the most important influence factors and their effect. While temperature is often reported to show 

the best lifetime at around 30 °C [9,10],  and a higher depth of discharge is often contributed with greater 

volume expansion of active material particles, which leads to mechanical degradation [11,12], the case is 

not so clear for State of Charge (SoC) endpoints and currents.  

The effect of charge and discharge current variation is diversely reported, ranging from significant to not 

observable, while most publications find at least a small influence of either charging or discharging current 



 

 

rate. Findings depend strongly on the used cycling sequence, with differences between constant current 

cycling and cycling with driving profiles that resemble a more realistic usage as well as cell chemistry and 

cell design. [13–16] 

For lifetime modelling, one-factor-at-a-time measurements, where influence factors are varied 

individually, are often used to isolate the influence factors' effects. Lifetime models can then be 

parameterized as the superposition of the single factors' effects [16,17]. However, experimental effort 

grows exponentially with an increasing amount of investigated influence factors and, additionally, the 

interplay between the influence factors is not considered. 

Here, the approach of “design of experiment (DoE) can help grasp the main effects and interactions in a 

complex multi-dimensional problem. A DoE is used in various fields of engineering for optimization [18] 

and has also found its way into the field of lithium-ion battery development. Rynne, Dubarry, et al. 

described how a DoE can be set up by example of optimizing the electrode formulation [19]. 

For estimation of battery aging where accelerated tests can still easily run for 1-3 years and are very costly 

the number of tests is very restricted. Using a DoE can help identify and describe the effect of the most 

significant influence factors on cyclic aging and their interdependencies with minimized effort.  

Prochazka et al. have used a DoE for identification of aging factors on lab scale lithium-ion cells with two 

different cathode chemistries [20]. Later, Su et al. used commercially available 18650 cells to screen eight 

aging factors for their influence and presented a linear aging model [21]. Both have shown the benefits of 

the DoE in narrowing down the multidimensional problem of cell aging to the most relevant factors. An 

approach for aging prediction was presented by Dubarry et al., who modelled a continuous aging rate with 

a second order regression model including interaction terms based on a DoE and detected a time0.75 

relationship for both calendar and cyclic aging under constant currents [22].  

In this work, we present an exhaustive test matrix based on a DoE with 62 automotive grade lithium-ion 

pouch cells that was planned to investigate cyclic aging by using power profiles that are closely related to 

real world operation. By adjusting measurement data for calendar aging, we are able to seperately analyze 

the cyclic influence of several relevant factors. We submit a model capable of predicting the cyclic aging 

trend provoked by certain operating conditions. This can be the basis for a combined calendar and cyclic 

lifetime prediction model covering a great variance of usage profiles. 



 

 

2. Experimental 

Test setup 

62 Lithium-ion pouch bag cells with a nominal capacity of 43 Ah, graphite anode, and a blended cathode 

of Li(Ni0.6Mn0.2Co0.2)O2 and Li(Ni1/3Mn1/3Co1/3)O2 were used.  

During the experiment, the cells were clamped in steel-jigs with a constant force of about 1.1kN, ensured 

with springs. This is similar to the initial compression force during battery-module construction. At the 

beginning of test, the cells had a state of charge of 75 %. 

Design of Experiment 

Five main aging factors have been identified by expert opinion and literature as relevant influencing factors 

for cyclic aging and were investigated: temperature, SoCmin, SoCmax, charging power, and the ratio of energy 

throughput between micro- and macrocycles, from now on referred to as EVratio. 

A Central-Composite Design (CCD) was used, where the five factors are varied relative to a central point in 

two levels, each to larger and smaller values. For three factors, exemplarily shown in Fig 1a for 

temperature, SoCmax, and charging power, the resulting test matrix can be visualized as a cube of the test 

points. Thus, each factor has a total of five different levels of variation specified in 0 that can be normed 

in a range from -1 to 1. 



 

 

 
Figure 1 a) Schematic of the test matrix when reduced to three factors. Every factor is varied on five levels. Starting with the central point, all factors are 
varied in two directions, normed to -1 to 1. The outermost points are the star-points at ±1. For the cube points, all factors are varied on their levels ±0.5 
simultaneously.  b) Order of the test procedure. c) SoC and Power-signal of the cycling sequence. Charging power and SoCmax are varied in interval I. In 
interval II, an EV-profile is used for discharging to SoCmin. Afterwards, an HEV profile is repeated in interval III until a specified ratio of energy throughput 
between EV- and HEV-cycling is reached.  

The outermost star points are special, as only the value of the corresponding factor is changed relative to 

the center point, whereas at the cube points several factors are varied simultaneously. For each factor, a 

one-factor-at-time (OFAT) series containing the star- and center-points can show the isolated effect of one 

factor, whereas the cube points are particularly important to describe interaction effects between 

different factors during the model-building. 

This results in a five level, half fractional experiment covering five factors. The design of the test matrix 

was created with the statistics software Minitab. 

Table 1: Levels for each factor that are tested as they are considered important for application. The model is expected to have good 
predictive capabilities in this range. 

Factor Star -1 Cube -0.5 Center 0 Cube +0.5 Star +1 

Temp / °C 11 21 28 41 50 

PCH / W 8 72 136 200 264 

SoCmin / % 21 25 29 33 37 

SoCmax / % 81 85 90 95 100 

EVratio / % 20 40 60 80 100 

 

The cells were tested with constant aging conditions on 27 different variations according to the CCD as 

listed in Table 2. Cycling sequences consisting of realistic driving power profiles were alternated with a 

reference parameter test (RPT) to keep track of capacity and resistance. As the cells are used in a plugin-



 

 

hybrid electric vehicle (PHEV), the power profiles used for cycling were designed accordingly. Additionally, 

two cells were tested for calendar aging at 50 % SoC and 30°C. 

 

Table 2: Factor levels of experimental aging conditions as measured, rounded to whole numbers. Minimum and maximum levels 
of each factor are bold. 

Test-No.   1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 

  Cube points Star points Center 

Temp [ °C] 22 39 21 39 20 41 22 41 21 40 21 41 21 41 22 41 11 50 31 30 30 31 31 31 31 29 30 

PCh  [W] 72 72 72 72 72 72 72 72 200 200 200 200 200 200 200 200 136 136 136 136 136 136 8 264 136 136 136 

SoCmin [ %] 24 23 26 26 32 32 32 33 24 24 26 26 32 32 32 33 29 28 27 30 21 37 28 29 29 29 29 

SoCmax [ %] 86 85 96 95 86 86 96 95 86 86 96 95 86 86 94 95 92 89 81 100 90 91 90 90 90 91 90 

EVratio [ %] 80 40 40 80 40 80 80 40 40 80 80 40 80 40 40 80 60 60 60 60 60 60 60 60 20 100 60 

 

Cycling sequences 

The cycling sequences can be divided into three phases, as shown in Figure 1b and c, in which the five 

factors were varied. Starting with phase I, the cell was loaded with a constant-power-constant-voltage 

protocol (CPCV), where the charging power PCH and charging endpoint SoCmax are varied according to Table 

2. The definition of the SoC-OCV curve was not changed along with cell aging and is disclosed in the 

supplementary information S.1. In Phase II, the cell was discharged to SoCmin using a charge depleting EV 

driving profile, which is equivalent to full electrically assisted driving. The required charge throughput QDCH 

that is necessary to discharge from SoCmax to SoCmin was calculated for each cyclization sequence on the 

basis of the capacity Cact as determined in the last RPT:  

𝑄𝐷𝑐ℎ  =  𝐶𝑎𝑐𝑡 ∙ (𝑆𝑜𝐶𝑚𝑎𝑥 − 𝑆𝑜𝐶𝑚𝑖𝑛) (1) 

After SoCmin was reached, a charge sustaining HEV performance profile was used in Phase III. To vary the 

EVratio, the HEV profile was repeated until the ratio of energy throughput in EV mode ETPEV and energy 

throughput in HEV mode ETPHEV reached the targeted value. The energy throughput due to charging ETPCH 

was also considered part of the EV mode and thus also increases the EVratio. 

𝐸𝑉𝑟𝑎𝑡𝑖𝑜  =
𝐸𝑇𝑃𝐸𝑉 + 𝐸𝑇𝑃𝐶𝐻

𝐸𝑇𝑃𝐸𝑉 + 𝐸𝑃𝑇𝐶𝐻 + 𝐸𝑇𝑃𝐻𝐸𝑉
. (2) 

Power-profiles for EV and HEV mode were derived from real usage. In their dynamic range, they are 

roughly comparable to the widely used WLTP test profiles, as, for example, described by Stroe et al. [23]. 



 

 

Within each sequence, Phases I-III of the cyclization were repeated for 14 days.  

Variation of the temperature was achieved by testing the cells in climate chambers, which were set to 

constant temperatures according to the test plan. 

Reference-Parameter Test (RPT) 

After completing a cycling sequence of 14 days, all cells were tempered to 25 °C for the RPT, where 

capacity, resistance, and a 1/10 C discharge potential curve were measured to gain information on the 

aging process. The RPT utilized 1 C and 1/10 C currents between 4.2 V and 2.5 V to determine usable 

capacity CC/10 and C1C. Furthermore, 200 A discharge pulses were performed each after 1 h relaxation at 

100 %, 75 %, 50 %, and 25 % SoC to determine the 10 s resistance R10s. 

𝑅10𝑠 =
𝑈𝑂𝐶,0𝑠 − 𝑈10𝑠

𝐼
  (3) 

The detailed test procedure of the RPT is available in the appendix S.2.  

Repeatability 

For each of the 27 factor combinations, two cells were tested to check for reproducibility. The center 

point was even repeated 8 times. More repetitions would have been desirable for all test points, but 

were not feasible considering the enormous effort and cost. 

Modelling 

Data preparation 

1/10 C capacity and R10s inner resistance trends along with the corresponding test conditions are shown in 

Figure 2a. 

Overall, the measurement data shows very uniform and continuous aging trends and only few outlier 

points. A linear to root-shaped behavior as function of cumulative charge throughput (CTP) can be 

recognized. 

Individual cells, depicted in Figure 2, show a comparatively strong and sudden drop in capacity (tests 4, 11, 

18, 20), which is paired with a sharp increase in the 10s resistance. This behavior, often referred to as 

nonlinear aging [9], can have many causes, like accelerated loss of cyclable lithium, electrolyte 

consumption, electrode dry-out, pore clogging, and plating, most of which are closely related [9,14,24–

26]. However, tests 4, 18 and 20 clearly show that cells tested with the same conditions do not exhibit the 

same nonlinear aging behavior reproducibly. Therefore, aging processes that induce strong dispersion 



 

 

must be assumed. Our modelling approach of cyclic aging behavior correlates a specific aging trend with 

the respective aging conditions. Nonlinear aging behavior cannot be predicted with this simplistic model, 

and is therefore excluded. A detailed analysis of the root causes as well as post-mortem investigations will 

follow in future work. Along with a few outliers, excluded data points are marked with the symbol x in 

Figure 2.  

The inner resistance R10s is also not used for modelling, as there seems to be no significant changes within 

the continuous aging trends apart from the previously mentioned sharp increase, which correlates to 

temperatures of 40 °C or higher. 

We focus on modeling of the 1/10 C-capacity, as it is more independent from resistance effects. However, 

the chosen approach is empirical and thus flexible, and can be used analogously for additional 

characteristics like 1 C capacity. 



 

 

 

 
Figure 2a) Measured 1/10 C capacity trends relative to BOL. b) Measured inner resistance trends relative to BOL. At high temperatures, a sudden 
increase at 120-150 kAh is observed. 

The dashed line resembles the trend at the center point of the test matrix, test 27. Crosses indicate outlier points and points of nonlinear aging 
behavior, and are not considered for model building. A colored version of this figure can be found in the web-version of this article. 
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In order to evaluate the influence of stress factors on the pure cyclic aging, the aging curves are first 

cleaned from calendar aging, where a superposition of calendar and cyclic aging is assumed as applied in 

several studies. [13,15,17,27] 

Calendar aging is described with a semi-empirical aging model of the form 

𝐶𝑐𝑎𝑙  =  100 + 𝑝1  ∗  𝑒𝑥𝑝(
𝑝2

𝑇 + 273
) ∗ 𝑒𝑥𝑝(𝑝3 ∗ 𝑉) ∗ 𝑡

𝑝4  (4) 

similar to the model discussed by Ecker, Sarasketa-Zabala, and Hahn [4,5,7]. The model is parameterized 

on an additional calendar aging experiment on the same cell type, which – together with the model 

parameters – is described in more detail in the appendix S.3. The model approximates a t0.7 behavior of 

calendar capacity degradation and fits the measured calendar aging at 50 % SoC and 30 °C well.  

For each cell, the SoC and temperature profile during cyclic testing is evaluated. The predicted calendar 

aging is calculated with a linear damage accumulation approach as discussed by Hahn et al. and Naumann 

et al. [5,28]. Calendar aging Ccal is then subtracted from the measured capacities Cmeas to achieve the purely 

cyclic capacity aging trends Ccyc,loss. 

𝐶𝑐𝑦𝑐,𝑙𝑜𝑠𝑠 = 𝐶𝑚𝑒𝑎𝑠 − 𝐶𝑐𝑎𝑙 (5) 

To simplify data handling, all cyclic capacity loss trends are fitted and further inter- and extrapolated 

between 0 and 300 kAh: 

𝐶𝑐𝑦𝑐,𝑙𝑜𝑠𝑠,𝑖𝑛𝑡𝑒𝑟𝑝   =  𝑝5  −  𝑝6 ∗ 𝐶𝑇𝑃
𝑝7  (6) 

Model building 

All models were built using Matlab 2016b with the curve optimization toolbox as well as the statistics and 

machine learning toolbox. Especially the integrated function stepwiselm for stepwise linear regression 

models was used. 

For the quantitative, model-based evaluation, the Ccyc,loss,interp 1/10 C capacity values are used, as the 

influence of the inner resistance effect on the capacity measurement is considered negligible at low 

currents.  

According to Montgomery, a regression model with second-order terms can approximate measurement 

data with sufficient accuracy in a limited range and is therefore used for empirical modelling in DoE [29]. 



 

 

Here, a second-order response surface model is fitted, utilizing linear and quadratic terms of every 

influence factor 𝑋𝑖 as well as two-way interaction terms between the individual factors 𝑋𝑖  and 𝑋𝑗.  

𝐶𝑐𝑦𝑐,𝑙𝑜𝑠𝑠@𝐶𝑇𝑃 = 𝛾 + ∑ 𝛽𝑖,1 𝑋𝑖 +

𝑛

𝑖=1

∑ 𝛽𝑖,2 𝑋𝑖
2

𝑛

𝑖=1

+  ∑ (𝛽𝑖,𝑗 𝑋𝑖 ∙ 𝑋𝑗

𝑛

𝑖,𝑗=𝑖+1

)) (7) 

As illustrated above, the full model consists of five linear, five squared, and ten interaction terms. Thus, 

with information of 60 cells, an equation system consisting of the predictor matrix X, the corresponding 

coefficient vector β, and the response matrix Y, which includes the respective capacity loss of the cell after 

a certain charge throughput, is created. Using multiple linear regressions, the equation system is 

approximated according to a smallest error square approach, minimizing the error e. 

𝛾 + �⃑� ∗ 𝛽 + 𝑒 = �⃑⃑� (8) 

Since it can be expected that not all terms have a significant influence on cyclic cell aging, a selection is 

automatically made using a stepwise backwards selection, starting with the full equation and removing 

terms that do not have a statistically significant effect. The significance is evaluated based on a statistical 

test, where the probability of getting the experimental results under the assumption that the null-

hypothesis (“The term has no significant effect”) is true, is reported as p-value [29]. Terms with a p-value 

bigger than 0.1 are automatically removed from the model equation step by step, while terms with a p-

value smaller than 0.05 are added. 

In order to make the model easily interpretable, the levels of factors Xi are normalized to the interval -1 to 

1. Hence, the fitted regression coefficient βi will directly unveil the effect of the corresponding term on 

capacity loss, due to the variation from center level at 0 to minimum level at -1 or maximum level at +1. 

[29,30] 

𝑋𝑖,𝑛𝑜𝑟𝑚 =
𝑋 − ((𝑋𝑖,𝑚𝑎𝑥 +𝑋𝑖,𝑚𝑖𝑛 )/2)

(𝑋𝑖,𝑚𝑎𝑥  − 𝑋𝑖,𝑚𝑖𝑛  )/2
 (9) 

 

Predicting trends 

Thus far, aging can only be predicted for different aging conditions at one specific charge throughput. To 

predict the continuous aging trend at certain conditions, four multivariate regression models are created 

at charge throughputs of 25, 75, 125, and 175 kAh. Based on these snapshot models, the continuous 



 

 

capacity loss trend related to specific aging conditions can be predicted by again fitting equation 0 xx   to 

the obtained four snapshots of the capacity trend. 

For validation purposes, the models are created with different shares of experimental data and afterwards 

tested on the remaining exclusive validation data. 

3. Results and Discussion 

Capacity distribution at beginning of life  

In order to check the significance of the aging experiment, the central point with its eight repetitions is 

examined in more detail first. Figure 3a shows the variation of 1/10 C capacity at beginning of life (BoL). A 

mean of 45.79 Ah with a standard deviation of 0.15 Ah (0.3 %), is observed. 

In their study including the scattering of cell capacity, produced in series production, Schindler as well as 

Baumhoefer found a BoL capacity deviation of about 0.5 %, which is in the same order of magnitude. 

[31,32] 

Figure 3b shows the deviation of each aging trend of the center point from the calculated mean of the 

eight cells. In particular, two of the eight cells exhibit a slightly weaker aging when looking at the relative 

capacity trends, while showing a slippage from a strong negative to a positive deviation from mean within 

the absolute capacities. This systematic deviation may origininate in these cells being tested in another 

climatic chamber and thus being subjected to slight deviations in the temperature profile. However, the 

deviation is considered to be small at 0.3 % relative to BoL 1/10 C capacity.  

Overall, the low deviation allows the attribution of differences in the development of the aging trends to 

the influence of the tested factors when the effect is significantly bigger than 0.3 % of capacity relative to 

BoL. 



 

 

 
 

Figure 3  a) 1/10 C capacity distribution for all cells’ BoL with a mean of 45.8 Ah and a standard deviation of 0.15 Ah. b) Capacity 
distribution of the central point (8 cells) over aging. Left axis shows the 1/10 C capacity trend of the eight cells and their mean, 
right axis shows the deviation of every cell from the mean. Deviation is in the range of ± 0.2% for all eight cells during the entire 
experiment. 

 

Evaluation: Models at fixed charge throughput 

For analysis of the effects of the different factors on capacity degradation, the regression model is created 

and can help visualize the trends. Using all the available data, we first create a single regression model to 

describe capacity loss at 175 kAh for detailed analysis. The model achieves an R2 of 0.977 and an RMSE of 

0.19 with the significant regression coefficients shown in Figure 4. This is already an impressive result for 

such a simple modelling approach, as it already describes the aging as a function of five different factors 

surprisingly accurate. Considering the number of coefficients, overfitting could be suspected at this point, 

but cross-validation will show that this is not the case. 

a b



 

 

 
Figure 4: Coefficients β and Intercept γ of model terms as fitted from equation (7). The intercept γ describes the relative capacity 
degradation of the center point at 175 kAh in percent compared to BoL, as factor levels were normalized to -1 to 1. The 
coefficients β describe the additional cyclic degradation of 1/10 C capacity compared to the center point at 175 kAh charge 
throughput, caused by raising the factor from its center level to its maximum level. 

 

 

In the following, we show the influences of the individual factors as well as identified interactions between 

factors. Figure 5 shows the trend of cyclic capacity loss of the center as well as the star points of each 

factor and can give a qualitative overview of the individual factors' influence. Also, the cyclic capacity loss 

at 175 kAh charge throughput is plotted for the different factors. The left column of Figure 5 shows the 

comparison between modelled influence of the five factors and the measurements at center and star-

points. 



 

 

 

 
 

Figure 5: Left: Relative capacity loss caused by cyclic aging (calendar aging is subtracted) for center- and 

star-points of each of the five factors. Starting with the central point (straight line; 31 °C, 28 % SoCmin, 

90 % SoCmax, 136 W and 60 % Evratio), only the titled factor is varied between its minimum (dashed) and 

maximum level (dotted). Right: Measured relative cyclic capacity loss for center- and star-points at 175 

kAh charge throughput, modelled aging behavior as dashed line. Extrapolation beyond the 

parameterized region should be avoided.  

 

 

Temperature 

Figure 5a shows the influence of temperature. While the lowest aging can be observed at 31 °C, both a 

temperature increase to 50 °C and decrease to 11 °C accelerate aging, where the high temperature is 
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Charging Power
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EVratio
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8 W
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21 %
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b
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observed to have a more severe effect. This behavior was also observed in several studies and is 

considered to stem from superimposed aging processes with different temperature dependencies 

[1,16,20,21]. As the temperature rises, side reactions are presumed to be kinetically favored, following 

an Arrhenius relation [2,4,27,33,34]. Lower temperatures, on the other hand, are commonly associated 

with Lithium plating, which also leads to accelerated aging [35–38]. The presence of lithium plating, 

however, needs to be confirmed via post-mortem analysis. 

All the cells cycled at 40 °C or higher exhibit a sudden and sharp increase in the internal resistance R10s 

(Fig 2b). This seems to precede the later drop in capacity and can probably be attributed to a drying out 

of electrolyte through accelerated side reactions such as SEI-growth or electrolyte decomposition at high 

temperatures. This needs further investigation and will be part of our future studies. 

Charging Power 

With an increase in the charging power from 136 W to 264 W, a slight increase in aging can be observed. 

This may also be induced by lithium plating. Overall, however, the effect is comparatively small. As parts 

of the test are still running, it will be interesting to see whether the increased charging power will lead to 

accelerated lithium plating and, thus, a prior capacity drop.  

In contrast, cyclic aging seems to be accelerated by the lowering of the charging power to 8 W when 

plotted over charge throughput. This is probably a remnant of calendar aging behavior, since the slow 

loading phases cause the cell to remain in the high SoC range longer and the charging phases take a 

disproportionately large share of the testing time. Before the adjustment for calendar aging, this effect is 

observed even more strongly, since the temporal part of aging is significantly more important due to the 

slowed cycle. 

SoCmin and SoCmax 

The upper SoC limit seems to significantly accelerate aging at SoC levels above 90 %. This can be 

explained by the increased electrochemical side reactions at low anode and high cathode potentials. 

[39,40] 

Surprisingly, degradation is also exacerbated by an increase in the lower SoC limit from 28 % to 37 %. 

This trend was also reported by Cordoba-Arenas et al. [16]. This could be due to the mean SoC, and thus 

the kinetics of electrochemical side reactions, being increased to a small extent. Interestingly, the often 

reported decrease of aging due to smaller DoD [2,33] seems to be outweighed. We suspect that different 

aging mechanisms correlated with the lithiation degree of the graphite and thus the potential around the 



 

 

chosen SoCmin. The graphite stage and the potential gradient at this point might have an influence on the 

degree of inhomogeneity of the aging across the anode surface. This will be part of future studies as well. 

However, the decrease of SoCmax as well as SoCmin reduces the capacity loss just slightly. The comparison 

between modelled and measured influence in Figure 5d clearly highlights the weakness of this second 

order model approach, as the quadratic fit leads to a sharp increase in capacity loss by lowering the SoC, 

which cannot be explained with the experiments. However, this distortion happens mainly in the area 

outside of the measurements, leading to the conclusion that this simple approach can be used to 

interpolate within experimental conditions but may not be used for extrapolation.  

EV ratio 

The proportion of EV cycles in the profile shows the greatest impact on cyclic aging. A high ratio of 

charge throughput accomplished through EV-cycles is observed to significantly accelerate capacity loss. 

Within the investigated factors, the EVratio is more complex to understand, as it influences several cycling 

parameters that are associated with cell ageing. First, the EV cycle features a charging to SoCmax and 

discharging to SoCmin with the EV power profile, whereas the HEV cycle accumulates its charge 

throughput in micro cycles around the lower SoC after an initial discharge through the EV cycle. [16] 

With higher ratio of EV-cycles, the cell is therefore charged more frequently and more charge 

throughput is accumulated through cycles with higher DoD. This leads to more volume work of the active 

material particles, which is considered to contribute to aging through particle cracking, SEI cracking, or 

contact loss of particles. [11,12,41] 

Second, with the diminishing proportion of micro cycles at low SoC in HEV profile, the mean of SoC over 

cycling is drastically increased from 34 % to 58 %. Increasing the time at high SoC is also observed to be 

damaging in the study of Benavente-Araoz et al. [39].  

Interactions 

The strength of DoE is certainly that not only the effects of single factors are tested, but that the 

interactions between two factors can be investigated as well, as several factors are varied 

simultaneously at the cube points of the test matrix. Thus, the regression model introduces first order 

interaction terms that describe a two-way interaction. This means that the simultaneous change of two 

factors can either increase or decrease the aging effect in addition to the effects of the sole factors. 

Through backward selection, some of the interaction terms were sorted out as not significant. The 

interaction terms containing SoCmin as first and Temperature, EVratio and charging power as second factor 



 

 

were deemed insignificant. Also, the interaction term between SoCmax and charging power, from now on 

noted as SoCmax:charging power, is considered insignificant. From a physical perspective, one would 

expect this interaction to cause additional lithium plating, so the insignificance indicates that no 

substantial lithium plating occurred through simultaneous increase of charging power and SoCmax in the 

chosen range. 

Figure 6 shows the relevant interaction terms that are included in the model, ordered from the most to 

the least damaging. The line plots show the effect of one factor on the capacity loss, while all other 

factors are kept constant. This is evaluated and displayed at three different levels of the interaction 

partner.  

The term SoCmax:SoCmin, depicted in Figure 6a, in has the strongest effect and a negative coefficient. This 

means that the capacity loss at low SoCmin and high SoCmax is even bigger than the superposition of the 

single effects. This is in accordance with literature, as a higher DoD is considered to be more damaging. 

At the same time, this term also assigns increased aging to increasing SoCmin and decreasing SoCmax, 

which is unexpected behavior from a physical point of view. From the single factor effects we already 

know that increasing SoCmin is accelerating aging, despite of lowering the DoD. However, we have no 

evidence pointing to  excessive aging at high SoCmin and low SoCmax. Until physical confirmation of this 

behavior, the model should not be used for predictions in this range, as it might overestimate the aging 

effect.     

The interaction term temperature:charging power points towards increased aging at low temperatures 

and high charging powers, presumably through lithium plating, whereas the charging power shows only 

a slight influence at 30 °C. At 50 °C, the aging is also only slightly dependent on the charging power. The 

accelarated aging at lower charging powers and high temperatures might again be the effect of 

remnants of the calendar aging.  

In case of EVratio: SoCmax, and EVratio:temperature , SoCmax:temperature, and charging power:EVratio, (Figure 

6c-f) the interactions are small, only slightly increasing or dampening the capacity loss as both factors are 

changed.  

 



 

 

 
 
Figure 6: Left: Cyclic capacity loss in % relative to BoL capacity after 175 kAh as function of two factors. Right: Projection of 
cyclic capacity loss after 175 kAh related with one factor at three different levels of the partner factor. The more the three curves 
differ from a parallel course, the greater the modelled interactions between these two factors are. 

 
 

Model validation 

Using the model approach shown so far, the loss of capacity after one predetermined charge throughput 

can be described. However, for later application in the lifetime forecast, the model must be able to 
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evaluate the capacity loss at any given charge throughput. Therefore, several models are created at 

specified load throughputs. Parameters can be found in the appendix S.4. Subsequently, the continuous 

trend of capacity loss can be obtained by evaluating every individual model at certain aging conditions and 

fitting a power law through the predicted points.  

To validate the entire modelling approach, existing data is separated into both training data for model 

parameterization and test data for validation.  

A more general estimation of model quality can be achieved by means of cross-validation, where the 

model is created several times, leaving out one test point at a time to use for validation. Figure 7a-e show 

a selection of comparisons between the modeled aging prediction and the actual measurements. For each 

plot, a separate model was built, using all data but the shown measurements. Mainly, the model error is 

in the range of ±0.5 % of capacity relative to BoL. This is also summarized in Figure 7f, plotting the predicted 

capacity versus the actual measured capacity values. Here, a perfect fit would match the dashed line. 

Again, the model was parameterized for every aging condition separately, leaving out one test point at a 

time. These excluded test points are plotted as validation and show that most of the predictions have an 

error of around ±0.5 % of capacity relative to BoL, while only few fitted trends have an error greater than 

1%. 

More insight is gained in Figure 7g, which displays the mean RMSE on training and validation range for 

each aging condition when excluded from the modeling workflow. A mean RMSE of 0.46 is achieved on 

exclusive test data. 

Surprisingly, the model seems to have greater difficulties with predicting the cube points of the test matrix, 

which can be considered an interpolation task, than with predicting the star points, which require slight 

extrapolation. This indicates that the single trends of the effects are described more precisely in the model 

than the interaction effects.  

In addition, for estimating the capability of extrapolation of the test progress, the models were created 

several times, each with a varying percentage of the last 0-80 % of data being used exclusively for 

validation (Fig. 7h). Again, the model is capable of predicting cyclic aging with a RMSE as low as 0.32 even 

when using only 40 % of the data. Increasing the training data even further expectedly leads to worse 

predictions, but still, with 30 % of the data being used for parameterization, the mean model error is in a 

comparable range to the interpolation test. As certain conditions are described almost perfectly, whereas 

others show bigger deviation, the usage of such models always requires at least some user experience in 

order to assess the plausibility of specific predictions. 



 

 

 
Figure 7:  a-e) Modell validation on selected conditions using leave-one-out cross validation considering only cyclic aging. The 
shown measurement is not used for model parameterization. Predictions of the five regression models at 0, 25, 75, 125, and 
175 kAh and the resulting continuous fits are shown. f) Predicted cyclic capacity loss versus measured cyclic capacity loss of test 
data. For each curve, a separate model was parameterized, leaving out the specified test point as validation data. g) RMSE of 
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Test 27
Temp: 31 °C 
SoCmax: 90 %
SoCmin: 28 %
Evratio: 60 %
PCH: 136 W

Test 6
Temp: 41°C 
SoCmax: 86 %
SoCmin: 32 %
Evratio: 80 %
PCH: 72 W

Test 12
Temp: 41°C 
SoCmax: 95 %
SoCmin: 26 %
Evratio: 40 %
PCH: 200 W

Test 21
Temp: 30°C 
SoCmax: 90 %
SoCmin: 21 %
Evratio: 60 %
PCH: 136 W

Test 24
Temp: 31°C 
SoCmax: 90 %
SoCmin: 29 %
Evratio: 60 %
PCH: 264 W



 

 

every cross validation fold on all used training data (blue) and on the capacity trends that were excluded for validation. h) RMSE 
of aging models that were parameterized on a specified share of each capacity trend, while the rest was used for validation.  

 

 

 

4. Conclusion 

With the cyclic capacity-aging model of a 43 Ah lithium-ion pouch bag cells, we present a description of a 

multi-dimensional problem, containing the influence factors temperature, EVratio, SoCmax, SoCmin, and 

charging power, which was investigated with the empirical approach of DoE. Based on these 

measurements, we successfully separated calendar and cyclic aging and were able to identify the 

temperature as well as the ratio of microcyles in the power profile (EVratio) as the most significant factors 

influencing cyclic aging. Raising the lower or upper SoC boundary leads to an increase of capacity loss, 

whereas the variation of charging power shows no significant effect. Interactions between two factors 

were analyzed and are considered highly important for modelling. Especially for the influence of lower and 

upper SoC boundary, a DoD dependency was introduced to the model, predicting a higher aging at the 

highest DoD, thus being in accordance with literature. The interaction terms also prove to be of high 

importance to the cross validation, where the prediction of test points with several simultaneously 

changed factors turns out to be more difficult than an extrapolation task with only one changing factor. 

This highlights the importance of designing the test matrix to precisely define the range of the relevant 

factors that are later needed for prediction. 

An empirical model for the prediction of a continuous aging trend over charge throughput, built from sub-

models commonly used in the evaluation of DoE, is presented. For the entire range of the evaluated 

factors, a mean RMSE of 0.19 is obtained. Moreover, the model shows excellent extrapolation capability 

for continuous aging trends, being able to extrapolate up to 60% of the data with a RMSE of 0.32. 

This empirical approach is a solid basis for future investigations with post-mortem analysis, where we will 

shed light on the underlying aging mechanisms and transform the model to incorporate more physical 

knowledge. Ideally, this will further increase inter- and extrapolation capabilities and reduce test effort. 

Furthermore, the model can be implemented in combination with a calendar aging model, where further 

investigations are needed to validate the superposition of calendar and cycle aging.   
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6. Supplementary Information 

S.1. SoC-OCV Curve 

 

 
Figure S1: SoC-OCV relationship of the tested cell 

 

 

 

S.2. Reference Parameter Test Protocol 

Table S2: Test protocol of the used reference parameter test for evaluation of capacity and resistance degradation trends. 

Step Command Parameter Exit Condition Comment 

1 Set 

Temperature 

25°C  Set temperature to 25°C 

2 Rest  t-step>4h 4h Pause to reach stable 

conditions 

1C capacity measurement   

3 Start Loop1    

4 Charge U = 4.2V 

I=1C 

I<0.05C CCCV Charge 

5 Rest  t-step>5min 5 min Pause 

6 Discharge I=1C U<2.5V CC Discharge 

7 Rest  t-step>5min 5 min Pause 



 

 

8 End Loop1 COUNT=3  Repeat Loop1 for 3 times 

9 Calculate Cact = Ah_DCH [STEP 6]  Calculate Cact from discharged 

capacity of step 6. 

10 Charge U=4.2V 

I=1C 

I<0.05C CCCV Charge 

0,1C  capacity measurement 

11 Rest  t-step>1h 1h Pause 

12 Discharge I=0.1C U<OCVmin 0.1C Discharge 

13 Rest  t-step>1h 1h Pause 

14 Charge U=4.2V 

I=1C 

I<0.05C CCCV Charge 

DCH pulse (30s, 200A)  @ 100%, 75%, 50% and 25% SoC 

15 Start Loop2    

16 Rest  t-step>60min 1h Pause 

17 Discharge I=200A U<OCVmin 

t>30s 

200 A discharge pulse for R10s 

evaluation.  

18 Rest  t-step>5min 5 min Pause after pulse 

19 Discharge I=1C Ah-step<-0.25Cact + |Ah-

Puls| 

Discharge to 75% 50% 25% 0% SoC 

20 End Loop2 COUNT=4  Repeat Loop2 for 4 times 

21 Rest  t-step>5min 5 min Pause 

22 Charge U=4.2V 

I=1C 

I<0.05C CCCV Charge. 

23 Rest  t-step>5min 5 min Pause 

 



 

 

S.3. Parameterization of the calendar aging model 

 
 
Figure S3: a) Calendar aging was tested at 40 %,  60 %, and 80 % SoC as well as at 45 °C and 60 °C. A semi empirical aging 
model was fitted. b) Trend of SoC influence on capacity fade after 400 days of aging. Points mark the measured aging after 
400 days, the line indicates the parameterized aging model. c) Trend of temperature dependency after 400 days of aging. Due 
to big deviations and the small amount of available test points, an Arrhenius term can not be fitted satisfactorily. d) 
Validation of calendar model on a measurement at 50 % SoC and 30 °C nevertheless matches well. 

 

 

Calendar measurements were performed with threefold repetition at two temperature levels (45 °C and 

52.5 °C) and on three SoC-levels (40 %, 60 %, 80 %) as depicted in Figure S3a. A calendar aging model of 

the form 

𝐶𝑐𝑎𝑙
 =  100 +  𝑝1  ∗  𝑒𝑥𝑝(

𝑝2

𝑇 + 273
) ∗ 𝑒𝑥𝑝(𝑝3 ∗ 𝑉) ∗ 𝑡

𝑝4  

is fitted on calendar aging measurements of the same cell type with parameters: p1 = -7.33e-6, p2 = -512.56, 

p3 = 1.37, p4 = 0.79. 

Unfortunately, the threefold repetition shows significant deviations on both SoC and temperature aging 

trends (Figure S3b,c), casting doubt on the accuracy of the fitted parameters. An Arrhenius term cannot 

a b

c d



 

 

be fitted to the temperature data satisfactorily, which might lead to an underestimation of calendar aging 

at very high temperatures. However, using the parameterized aging model to predict the aging of a 50 % 

SoC calendar aging point at 30 °C, which was measured together with the cyclic aging matrix as reference, 

shows very good matching despite the aging parameters being outside of the parameterized region. Thus, 

the model is used for correction of cyclic aging, as no other data is present and cannot be measured again 

in a reasonable time. 

 

S.4. Model coefficients 

 Model at 25 kAh Model at 75 kAh Model at 125 kAh Model at 175 kAh 

 Estimate pValue Estimate pValue Estimate pValue Estimate pValue 

         

Intercept 0,81 1,94E-32 1,65 3,83E-28 2,31 8,53E-31 2,88 1,01E-29 

EVratio 0,81 1,55E-25 1,56 3,75E-30 2,19 7,81E-33 2,78 3,46E-32 

Temperature2 0,71 6,53E-13 1,48 2,44E-18 1,94 1,31E-19 2,35 6,82E-18 

Temperature -9,90E-05 9,98E-01 0,39 5,44E-09 0,84 1,96E-16 1,30 1,44E-18 

EVratio
2   0,45 4,17E-05 0,67 1,14E-06 0,82 8,13E-06 

SoCmax
2   0,27 1,30E-02 0,51 1,96E-04 0,79 2,89E-05 

SoCmin 0,57 1,52E-18 0,58 1,04E-13 0,63 2,20E-12 0,68 1,04E-09 

SoCmin
2   0,30 5,19E-03 0,48 2,73E-04 0,68 1,66E-04 

ChargingPower2 0,45 8,85E-08 0,58 5,01E-07 0,62 4,42E-06 0,65 2,07E-04 

SoCmax:EVratio 0,30 3,75E-03 0,34 1,35E-02 0,44 7,97E-03 0,57 1,06E-02 

EVratio:ChargingPower   0,46 7,30E-04 0,50 2,14E-03 0,45 3,44E-02 

Temperature:SoCmax       0,42 5,81E-02 

ChargingPower -0,06 1,28E-01 0,10 5,60E-02 0,24 4,39E-04 0,35 1,61E-04 

SoCmax 0,14 1,47E-03 0,12 2,58E-02 0,19 5,00E-03 0,28 2,87E-03 

Temperature: EVratio -0,28 7,86E-03 -0,42 2,47E-03 -0,46 5,83E-03 -0,47 3,49E-02 

SoCmax:SoCmin   -0,45 3,31E-03 -0,67 4,22E-04 -0,95 2,15E-04 

Temperature:ChargingPower -0,44 4,82E-05 -0,83 1,43E-07 -1,07 3,01E-08 -1,26 5,41E-07 

SoCmax:ChargingPower 0,20 4,89E-02 0,33 1,48E-02 0,36 2,53E-02   

SoCmin:EVratio   -0,26 6,39E-02 -0,32 5,61E-02   

Table S4.1: model coefficients for all four snapshot models, where all factors where normalized to the range of -1 to 1. All available 

data is used in parameterization. Factors are sorted by effects at the 175 kAh model. 

Table S4.2: model coefficients for all four snapshot models, where factor levels where used in their physical quantity. All available 
data is used in parameterization. Factors are sorted by effect size of the normalized 175 kAh model. 

 Model at 25 kAh Model at 75 kAh Model at 125 kAh Model at 175 kAh 

 Estimate pValue Estimate pValue Estimate pValue Estimate pValue 

Intercept 0,81 1,94E-32 1,65 3,83E-28 2,31 8,53E-31 2,88 1,01E-29 

EVratio 0,81 1,55E-25 1,56 3,75E-30 2,19 7,81E-33 2,78 3,46E-32 

Temperature2 0,71 6,53E-13 1,48 2,44E-18 1,94 1,31E-19 2,35 6,82E-18 

Temperature -9,90E-05 9,98E-01 0,39 5,44E-09 0,84 1,96E-16 1,30 1,44E-18 

EVratio
2   0,45 4,17E-05 0,67 1,14E-06 0,82 8,13E-06 

SoCmax
2   0,27 1,30E-02 0,51 1,96E-04 0,79 2,89E-05 

SoCmin 0,57 1,52E-18 0,58 1,04E-13 0,63 2,20E-12 0,68 1,04E-09 

SoCmin
2   0,30 5,19E-03 0,48 2,73E-04 0,68 1,66E-04 

ChargingPower2 0,45 8,85E-08 0,58 5,01E-07 0,62 4,42E-06 0,65 2,07E-04 

SoCmax:EVratio 0,30 3,75E-03 0,34 1,35E-02 0,44 7,97E-03 0,57 1,06E-02 

EVratio:ChargingPower   0,46 7,30E-04 0,50 2,14E-03 0,45 3,44E-02 

Temperature:SoCmax       0,42 5,81E-02 

ChargingPower -0,06 1,28E-01 0,10 5,60E-02 0,24 4,39E-04 0,35 1,61E-04 

SoCmax 0,14 1,47E-03 0,12 2,58E-02 0,19 5,00E-03 0,28 2,87E-03 

Temperature: EVratio -0,28 7,86E-03 -0,42 2,47E-03 -0,46 5,83E-03 -0,47 3,49E-02 

SoCmax:SoCmin   -0,45 3,31E-03 -0,67 4,22E-04 -0,95 2,15E-04 



 

 

Temperature:ChargingPower -0,44 4,82E-05 -0,83 1,43E-07 -1,07 3,01E-08 -1,26 5,41E-07 

SoCmax:ChargingPower 0,20 4,89E-02 0,33 1,48E-02 0,36 2,53E-02   

SoCmin:EVratio 0,81 1,94E-32 -0,26 6,39E-02 -0,32 5,61E-02   
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