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AbstractThe low-temperature operation of lithium-ion batteries (LIBs) is a challenge in achieving high-stability bat-
tery technology. Moreover, the design and analysis of low-temperature electrolytes are impeded by the limited under-
standing of various solvent components and their combinations. In this study, we present a data-driven strategy to
design electrolytes with high ionic conductivity at low temperature using various machine-learning algorithms, such as
random forest and feedforward neural networks. To establish a link between prediction of electrolyte chemistry and cell
performance of LIBs, we performed parameter-free molecular dynamics (MD) prediction of various salt concentra-
tions and temperatures for target solvents. Finally, electrochemical modeling was performed using these properties as
the required material parameters. Combining works of the fully parameterized Newman models, parameter-free MD,
and data-driven prediction of electrolyte chemistry can help measure the discharge voltage of batteries and enable in
silico engineering of electrolyte development for realizing low-temperature operation of LIBs.
Keywords: Low Temperature, Electrolyte, Machine Learning, Multi-scale Simulation, Molecular Dynamics, Ion-conductivity

INTRODUCTION

Commercially available lithium-ion batteries (LIBs) for energy
storage systems and electric vehicles are typically based on organic
liquid electrolytes with Li-ion chemistry [1-3]. For the successful
operation of LIBs in worst case scenarios, such as in exterior envi-
ronments in winter or outer space, predicting the transport prop-
erties of organic liquid electrolytes is crucial for further development
of LIBs with fast charging/discharging and low-temperature oper-
ation capabilities [4-6]. However, evaluating transport properties of
developed liquid electrolytes is very time consuming, and finding
a direct link between the electrolyte chemistry and cell performance
is difficult [7]. Furthermore, Li-ion desolvation and transport are
generally affected by the solvent environment, which is composed
of solvent and salt molecules in various solvated structures with
multiple components [8,9]. Because of the complex configurations
of solvents, high-throughput screening and data-driven prediction
were performed to find new electrolytes and proper solvent com-
positions with targeted transportation [10-15].

Most conventional solvents used for achieving high transport
characteristics of liquid electrolytes are reasonably well understood
in terms of properties such as dielectric constant and viscosity [16-
20]. Moreover, melting points of solvents play an important role in

low-temperature performance of LIBs [21]. Among various liquid
organic molecules, ethylene carbonate (EC) is an essential solvent
owing to high salt dissociation and stable formation of the solid
electrolyte interphase (SEI) on the electrode-electrolyte interface,
having a high dielectric constant (~90) [22-24]. However, its melt-
ing temperature is 307 K, which is greater than ambient conditions;
consequently, EC is in the solid phase under ambient conditions.
To take advantage of EC as a solvent and reduce its melting tem-
perature, mixing it with ethyl methyl carbonate (EMC) molecule
is considered a solution [25-27]. Although EMC-based solvents
with a lower melting point (~220 K) mitigate the melting point issue
of EC solvents, using multicomponent EC/EMC solvents leads to
low ionic conductivity (<5 mS/cm at 273 K) [27], which results in
Li dendrite growth on graphite and Li metal surface during charging
and discharging operations [28,29]. Ternary or quaternary solvent
mixtures have been tested to enhance Li-ion conductivity at low
temperature [9,30,31]. Furthermore, the rational design of electro-
lytes with multicomponent solvents has been performed by design-
ing experiment approaches [32,33]. However, selection from the
enormous variety of solvent compositions as well as difficulty in
characterizing cell performance through tests remain challenging
[34]. In addition to electrolyte screening, accurate description of
the concentration-dependent transport properties through molec-
ular-level simulation is crucial [35].

In this study, we demonstrate data-driven prediction of the trans-
port properties of multicomponent electrolytes under various con-
ditions such as varying temperature and salt concentration. Using
an autoencoder, we suggest the input description of multicompo-
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nent electrolytes, which are generated from input features of each
single solvent. For selecting and predicting multicomponent sol-
vents for low-temperature electrolytes, machine-learning algorithms,
such as feedforward neural networks (FNNs) and random forest
(RF), were employed [36]. Parameter-free molecular dynamic (MD)
simulations were performed to measure ionic conductivity, diffu-
sivity, and transport number of Li ions with various salt concentra-
tions and working temperatures. A fully parameterized Newman
electrochemical model can measure discharge cell voltage and enable
in silico engineering of electrolyte development for low-tempera-
ture operation of LIBs.

COMPUTATIONAL DETAILS

1. Deep-learning Method
Datasets for predicting ionic conductivity were prepared from

experimental observation [37]. The types of single electrolytes are
listed in Table S1, and input features values are plotted in Fig. S1.
Among the various input features, binding energies with Li, high-
est occupied molecular orbital (HOMO), lowest unoccupied molec-
ular orbital (LUMO) values were calculated using density func-
tional theory (DFT) calculation in DMOL3 implemented in BIO-
VIA Material Studio [38,39]. From various input features, we selected
nine features: temperature, composition rate (EC, EMC, etc.), salt
concentration, dielectric constant, melting point, boiling point, vis-
cosity, chemical stability window, and Li-ion binding energy. For
multicomposition electrolytes, we designed autoencoder and decoder

algorithms to reduce the vector size of binary, ternary, and quater-
nary electrolytes to that of a single electrolyte [40]. Latent variables
were considered input features of multicomposition electrolytes for
machine learning and deep neural network algorithms. Further,
FNN and RF machine-learning algorithms were selected as repre-
sentative methods to predict the ionic conductivity of multicom-
ponent electrolytes [41-43]. The detailed schematic and process of
prediction using data-driven machine learning are shown in Fig. 1.
2. Molecular Dynamics Simulation

For analyzing the movement of salt and solvent in the electro-
lyte, MD simulations were performed in BIOVIA Material Studio
[44]. All calculations were performed using COMPASS force field
in energy tab, which is the latest and proper force field to simulat-
ing ionic liquid species [45]. The atomic model structure for salt
diffusion calculation was set using Amorphose cell calculation mod-
ulus, and the density of the model structure was set to 1.2 g/cm3,
which was the experimentally known value [35]. After setting the
value, cell calculation was repeated and then an energetically sta-
ble structure was selected. For calculating the movement of salt,
every constructed cell was calculated using the dynamics task. In
the dynamics task, there is a setting area in every tab, which com-
prises dynamics, thermostat, and barostat. Ensemble was selected
in the order of NVT and NPT ensemble; the temperature was set
depending on the simulation temperature; and the total simulation
time was 5 ns at NVT, 10 ns at NPT, and 12 ns at NPT sequen-
tially [46,47]. Thermostat and barostat tabs were chosen for tem-
perature and pressure control, respectively. The Nosé-Hoover and

Fig. 1. Schematic of machine learning algorithms to predict transport properties of multicomponent electrolytes and multiscale simulation
to characterize transport behaviors and cell performance using molecular dynamics (MD) and battery full-cell simulation.
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Berendsen algorithms were used to calculate salt ion-transport prop-
erties. After dynamics simulation, mean-square displacement (MSD)
analysis was performed from 2.5 to 6.0 ns for Li cation and PF6

anion. With the values from dynamics simulation, diffusion coeffi-
cient, conductivity, and transference number were obtained using
Eqs. (1)-(4).

To calculate conductivity and diffusion coefficient, the MD cal-
culation method described in the computational chapter was used.
For finding the values related to diffusion, Fick’s second law (Eq.
(1)) should be considered to analyze a molecule’s movement. After
solving the three-dimensional Fick’s second equation, the relation
between diffusion coefficient and MSD can be given by Eq. (2)
[48].

(1)

(2)

Because the NVT and NPT ensembles perform calculation accord-
ing to time, the simulation method can provide the value of the
MSD of LiPF6 salt. The following equations and diffusion coeffi-
cient of positive and negative ions can also be used to calculate
transference number. This value represents the criterion for Li cat-
ion migration and a measure of the influence it has on the cell and
given condition.

(3)

The conductivity of salt in the molecular structure can be calcu-
lated using a computational method depending on time, volume,
and pressure. The Nernst-Einstein equation represents the relation
between diffusion coefficient and conductivity:

(4)

where k is the conductivity, D+/ is the diffusion coefficient, v+/ is
the ion concentration (mol/L), z+/ is the valence of anion/cation,
F is the Faraday constant, R is the gas constant, and T is the tem-
perature. Conductivity is a measure of how an ion can transfer in
a cell that is constructed under specific conditions. In Eq. (4), only
two values can be controlled: temperature and ion concentration.
MD simulation calculates conductivity and verifies the molecular
composite determined using artificial intelligence (AI) has higher
conductivity than commercially used electrolytes. From study of
properties the AI EC/EMC/MA/MF molecular composite is ex-
pected to have high conductivity at low temperatures.
3. Electrochemical Performance

An electrochemical model based on a pseudo two-dimensional
(P2D) model was developed to analyze the discharge performance
of cells with two different electrolytes (EC/EMC and EC/EMC/
MA/MF) at low and room temperatures [49]. The cells were dis-
charged with different C-rates (0.1C, 1C, 2C and 4C).

In each simulation, electrolyte properties, such as ionic conduc-
tivity, diffusion coefficient, and transport number values, were ob-
tained from the MD simulation. The electrochemical model solves

five main governing equations: mass and charge conservation equa-
tions for each electrode and electrolyte region and Butler-Volmer
equation to describe charge-transfer kinetics at the electrode-elec-
trolyte interface [50].

The mass conservation equation for the Li ion in the active mate-
rial follows Fick’s second law and can be expressed in spherical co-
ordinates as Eq. (5):

(5)

where cs and Ds denote the lithium concentration and diffusion
coefficient of active material particles, respectively. Similarly, the
mass conservation equation in the liquid electrolyte region is given
by Eq. (6):

(6)

Here, cl, Dl, il, t+, and F are the electrolyte concentration, diffusion
coefficient of Li ions in the electrolyte, current in the electrolyte,
transport number of the electrolyte, and the Faraday constant,
respectively. Charge conservation for both electrode and electrolyte
regions is based on Ohm’s law, where is and il are the current expres-
sions in the electrode and electrolyte region, respectively.

(7)

(8)

where s, Øs, l, Øl, R, and T represent the electrical conductivity
of an electrode, electric potential, electrolyte ionic conductivity, elec-
trolyte potential, universal gas constant, and temperature, respec-
tively.

Local current density, i, which is due to the charge-transfer reac-
tion at the electrode-electrolyte interface, is expressed as Eq. (9),
where i0, a, c, , and Eeq denote the exchange current density,
charge-transfer coefficients of the anode and cathode, overpoten-
tial of the electrolyte-electrode interface, and the equilibrium poten-
tial, respectively. We assumed the oxidation-reduction reactions at
the interface to be in the equilibrium state and used 0.5 as the value
for a and c.

(9)

(10)

The parameters used in this model are listed in Fig. S5.

RESULTS AND DISCUSSION

Designing of electrolytes was based on the dielectric constant,
viscosity, and melting temperature in Fig. 2 [51]. The dielectric con-
stant has a correlation of dissociation of Li salt (LiPF6) and is also a
key factor in conductivity because it can cause the splitting of Li salt
into cations (Li+) and anions (PF6

) in the solvent [1,20]. If the dielec-
tric constant of one molecule is higher than that of other mole-
cules, the cations and anions show a larger distance between them,
which represents the proportional relation between dielectric con-
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stant and high dissociation ability. Among various solvents, EC,
FEC, and PC are considered representative solvents owing to their
extremely high dielectric values compared with other solvents. In
addition, viscosity is a key feature of Li-ion conductivity. From the

Stokes-Einstein equation,  the ionic conductivity and

diffusivity of ion are known to be related to viscosity. Further, melt-
ing temperatures of solvents are an essential property for design-
ing low-temperature electrolytes. Because the liquid phase of solvents
shows higher transport behavior than the solid phase, the design
targets of solvents must sustain liquid states. Although EC has higher
dissociation characteristic, it cannot sustain the liquid phase at tem-
peratures below 0 oC. To solve this issue, EC-based multicompo-
nent solvents were designed using various strategies: high dielectric,
low viscosity, and low melting point. Because of numerous possi-
ble combinations and unpredictable characteristics of synthesized
electrolytes, the design of ternary and quaternary solvents for liq-

uid electrolyte is limited.
Figs. 3(a)-(d) show the results of ionic conductivity estimation

using the FNN algorithm with single, binary, ternary, and quater-
nary electrolytes. Because the available datasets are limited, we needed
to fully exploit the available dataset. Accordingly, out of 57 differ-
ent types of electrolytes and 603 different ionic conductivities are
trained as temperature as shown in Fig. S1. Overall, FNN provided
very accurate ionic conductivity estimation, even in the case of high
temperatures (>273 K), while other machine-learning algorithms
such as RF in Figs. 3(e)-(f) exhibited high fluctuation. The accu-
racy of prediction using the FNN and RF algorithms is shown by
calculating each root mean square error (RMSE) value in Fig. S4.
The binary and ternary electrolytes with 75% sufficient datasets have
accuracy, but the single and quaternary electrolytes have bias and
deviation due to 35% insufficient datasets. FNN with ten neurons
serves as our base structure after hyperparameter tunning of neu-
ral networks [52]. FNN showed substantially better performance

D   
kBT

CR
---------------,

Fig. 2. Intrinsic properties of various electrolyte solvents: (a) dielectric constant, (b) viscosity at room temperature (313 K in EC, FEC) and (c)
melting temperature.

Fig. 3. Prediction results of ionic conductivities of single and multicomponent electrolytes using (a)-(d) FNN and (e)-(h) random forest (RF)
algorithm.
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than other methodologies. This improvement in performance was
because latent input vectors from the autoencoder reduced the
parameter dimensions of multiple components and the high-dimen-
sional feedforward network regressed more accurately than the RF
algorithm.

Although the RF algorithm shows less accurate prediction at room
temperature, sensitivity analysis can provide good insight into the
design criteria for ionic conductivity from input features. Among
the various input features, such as temperature, composition rate
(EC, EMC, etc.), salt concentration, dielectric constant, melting point,
boiling point, viscosity, chemical stability window, and Li-ion bind-
ing energy, which were calculated by DFT calculation, key features

Fig. 4. Sensitivity analysis of electrolyte properties and input vari-
ables of RF and FNN studies. The y-axis uses an arbitrary
unit.

Fig. 5. Predicted ion conductivity of various multicomponent electrolytes using machine-learning algorithms.

are quantified in Fig. 4. Although temperature is the most domi-
nant feature for ionic conductivity, it is a controllable feature for
LIB operation. In a similar manner, salt concentration and com-
position are also design variables for multicomponent electrolytes.
We can conclude that dielectric constant and viscosity are the main
features in the design of multicomponent electrolytes, which agrees
with experimental observations and our discussion.

After implementing the training dataset, the values of ionic con-
ductivity of various compositions of solvent at room and subzero
temperatures can be predicted (263 K). Fig. 5 shows the predicted
values of ionic conductivity at 263 K with various solvent compo-
sitions. The values of ionic conductivity at room temperature are
also listed in Fig. S2. Among various solvents, ternary EC/DMC,
EC/EMC, and EC/DMC compositions with MA, MF, Bn, and Pn
showed higher conductivity values than binary electrolytes. We can
infer that the MA, MF, Bn, and Pn additives enhance ionic con-
ductivity in low-temperature operation, although Bn and Pn addi-
tives show few such data values. The sample target for quaternary
electrolytes was selected using high-throughput screening based
on our trained algorithm. EC/EMC/MA/MF showed a conductiv-
ity of >8 mS/cm at 263 K. Although Bn- and Pn-added case also
showed higher values than others, owing to the data limit, we
selected the EC/EMC/MA/MF quaternary electrolyte for the low-
temperature LIB electrolyte.

To characterize the EC/EMC electrolyte using MD simulation,
dynamic simulations of an EC/EMC molecular cell with 1-M LiPF6

salt were performed five times for each temperature. The diffusion
coefficients were derived from the MSD of binary electrolytes, and
the mean values were connected to two different linear interpola-
tion lines. The matched points with two interpolation lines were
determined as phase-transition points; this solidus line is considered
a criterion for changing states of material phases [53]. Although
the solid status of the EC solvent is expected below 280 K, the EC/
EMC binary electrolyte shows a lower solidus line at 231 K, which
is slightly higher than the experimental value of 227 K shown in
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Fig. 6. Thus, our MD simulations are well matched with experi-
ments and are expected to characterize transport of Li-ion in mul-
ticomponent electrolytes.

Conductivity of the quaternary EC/EMC/MA/MF electrolyte,
which was selected from ML studies, was calculated at every 20 K
from 293 to 233 K with 1-M LiPF6 salts and 24.7-Å cell length in
Fig. 7. The EC/EMC electrolyte, which is commercially popular,
showed the lowest conductivity in the temperature range. Further,
the electrolytes of EC/EMC/MA and EC/EMC/MF were calculated
as a comparative group. At room temperature, MA and MF con-
taining EC/EMC electrolytes exhibited conductivity >10 mS/cm,
which was higher than that of EC/EMC (6 mS/cm). Although EC/

Fig. 6. Solidus line and expected solidus line of EC/EMC solvent
calculated using MD simulation with the computational
method. The temperatures of the solidus line and expected
solidus line are 218.75 and 221.73 K.

Fig. 7. (a) EC/EMC/MA/MF+LiPF6 cell and conductivity results using MD simulation. (b) A comparison of the conductivity results of four
different electrolytes composites with 1-M LiPF6 revealed that the conductivity of EC/EMC/MA/MF was the highest at a low tempera-
ture (~233 K).

EMC/MA and EC/EMC/MF showed higher ionic conductivity than
EC/EMC and agreed with the ML prediction in Fig. 5, ternary
electrolytes of EC/EMC/MA and EC/EMC/MF showed a steep
descent decrease with decreasing temperature. However, the qua-
ternary electrolyte of EC/EMC/MA/MF showed linear descent in
the subzero temperature range, with four times higher conductiv-
ity (6.8 mS/cm) compared with the binary EC/EMC electrolyte
(1.8 mS/cm) at 273 K.

For validating the performance of the electrolytes at low tem-
peratures, parameter-free MD simulations were performed to obtain
the Li-ion salt concentration-dependent conductivity, diffusion co-
efficient, and transfer number of Li-ion. Fig. 8(a) shows the dynam-
ics simulation of the EC/EMC binary electrolyte at 263, 298, and
333 K. Our MD dynamic simulations agreed well with previous
work [35]. The EC/EMC/MA/MF shown in Fig. 8(b) was also
computationally calculated at 253, 273, and 293 K in the low tem-
perature range using the same procedure as that for EC/EMC elec-
trolytes shown in Fig. 8(a). Compared with the experiment obser-
vation [54,55], the transfer number of EC/EMC was overestimated
by ~0.37-0.4 in the MD simulation. This overestimation resulted
from the higher diffusivity of Li-ion in an atomic solvent environ-
ment than that in experiments. However, the variation of Li-ion
conductivity followed similar trends of experimental observation
with respect to salt concentration, which showed peak values of
0.5-1.0 M.

The diffusion coefficient of EC/EMC/MA/MF showed higher
values compared with that of EC/EMC in the entire temperatures
and smaller change under variation of Li-ion concentration. This
result indicates that the quaternary EC/EMC/MA/MF electrolyte
needs a small LiPF6 salt concentration, implying that cost-effective
salt designing could be achieved.

In the same manner, the conductivity of Li-ion in EC/EMC/MA/
MF was also compared with EC/EMC. The EC/EMC/MA/MF had
a higher conductivity value of 6.89 mS/cm for a salt concentration
of 1.0 M at 253 K; however, EC/EMC showed the highest value
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of 2.03 mS/cm at 263 K, which is a higher temperature by 10 K.
This tendency was constant for all simulated temperatures and salt
amounts. Thus, intrinsic properties of EC/EMC/MA/MF for real-
izing full-cell characteristics were obtained by parametric-free MD
simulation. To scale up the characteristics of low-temperature per-
formance, Newman’s electrochemical model was used and com-
pared with the EC/EMC binary electrolyte.

Fig. 9(a) shows the results for discharge rates and different tem-
peratures of binary and quaternary electrolytes with LiMn2O4 (spi-
nel) and graphite electrodes, covering typical operating conditions
in an automotive environment. Fig. 9(b) shows the calculated cell
energy of EC/EMC/MA/MF and EC/EMC electrolytes cell at sub-
zero and room temperature. Up to discharge rates of 4C, fast dis-
charge leads to a substantial dissipation of energy, and operation
down to a temperature of 263 K also decreases the cell performance
owing to low ionic transport of liquid electrolyte inside the battery.
Although this study only demonstrated electrolyte transports in
low-temperature operation, the EC/EMC/MA/MF electrolyte showed
smaller voltage polarization during fast discharging. At room tem-
perature, both binary and quaternary electrolytes showed a smaller
gap in all operation conditions within 2% in energy density. This
agrees well with experiment results in Fig. S6(b). The enhanced
ion-transport characteristics using multicomponent designing can
reduce the electrochemical polarization and cell performance in
the low-temperature range. The NCM/Graphite full cell with the
EC/EMC/MA/MF electrolyte also shows an enhanced energy capac-
ity than that with the EC/EMC electrolyte at 263 K in Fig. S6(a).

CONCLUSIONS

We performed in silico-based simulation to design multicompo-
nent electrolytes and determine the link between the molecular char-
acteristics and electrochemical performance. Our in silico frame-
work is fully automated for the designed electrolyte composition,

Fig. 8. Conductivity results using MD simulation. A comparison of the conductivity results of (a) EC/EMC and (b) EC/EMC/MA/MF com-
posites with different salt amounts in the electrolyte cell×M LiPF6 (x=0.5/1/1.5/2) revealed that EC/EMC/MA/MF had a higher con-
ductivity value compared with EC/EMC for each salt amount and low temperature (~253 K).

Fig. 9. (a) Discharge profile using LMO (LiMn2O4)||LiC6 and selected
electrolyte cell; solid lines and dash lines represent EC/EMC/
MA/MF and EC/EMC electrolytes, respectively. Selected cells
were simulated at two different temperatures and four differ-
ent C-rates. (b) Energy of two different cells simulated at low
temperature and room temperature.
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salt concentration, and operating temperature. It creates a path
toward the computational exploration of the electrolyte for electro-
chemical cell performance from chemical space. It can reduce the
electrolyte optimization task, which is generally performed at a late
stage in the battery cell manufacturing process. Furthermore, design-
ing of the electrolyte formulation using machine learning-based
analysis can be implemented on engineering time scales. It can
reduce the time required to discover and select novel materials.
Moreover, if the research implements more experimental data of
electrolytes, multidimensional prediction can be trained with the
multichannel input method using the autoencoder algorithm. Finally,
we highlight the effect of temperature on electrochemical cell per-
formance using the Newman electrochemical model, which rec-
ognizes the electrochemical performance at the cell-level scale. Al-
though a simple setup was used to obtain the temperature depen-
dence qualitatively, our integrated approach of describing the
battery operation conduction and characterization of electrolyte
chemistry from data-drive insights enables in silico engineering of
electrolyte development for realizing low-temperature operation of
LIBs.
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Fig. S1. Training data set to prediction ionic conductivities of multi components electrolytes using various machine learning algorithm: (a)
single molecule electrolyte data, (b) double molecules electrolyte data, (c) ternary molecules electrolyte data, (d) quaternary mole-
cules electrolyte data.
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Table S1. Information about molecules used in AI Deep learning and MD simulation
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Table S1. Continued



Data-driven desings of ion transport in low temperature for LIBs 551

Korean J. Chem. Eng.(Vol. 40, No. 3)

Fig. S2. Cell composed with Candidates. (a) EC/EMC, (b) EC/EMC/MA, (c) EC/EMC/MF cells consist of all substances in the same proportion.

Fig. S3. Cell composed with Candidates. (a) EC/EMC, (b) EC/EMC/MA, (c) EC/EMC/MF cells consist of all substances in the same proportion.

Fig. S4. Root mean square errors (RMSE) of FNN, Random Forest algorithm from single to quaternary solvents systems.
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Experimental Section
Cell Assembly and Full-Cell Tests: To access the full-cell perfor-

mance at 263 and 298 K, the cathode electrode was prepared by
mixing LiNi0.6Co0.2Mn0.2O2 (NCM) powder with Super P (TIM-
CAL, Switzerland) and poly(vinylidene fluoride) (PVDF, Aldrich,
USA) in a weight ratio of 94 : 3 : 3 in N-methyl-2-pyrrolidone (NMP,
Aldrich, USA). Then, the homogeneously mixed slurry was cast on

an Al foil (20m, Hohsen, Japan) using the doctor blade, followed
by vacuum-drying at 80 oC for 12 h to remove any residual solvent.
The final areal capacity of the NCM electrode was 2 mAh/cm2. In
addition, the graphite anode was prepared by mixing graphite, Super
P, and PVDF in a weight ratio of 91 :1 :8, considering the N/P ratio
of ~1.1. The EC/EMC/MA/MF electrolyte was prepared by dis-
solving 1 M lithium hexafluorophosphate (LiPF6, Aldrich, USA) in

(d)

Parameters Anode Separator Cathode
Thickness (m) - L 100 52 183
Electrode volume fraction - rp 0.471 - 0.297
Electrolyte volume fraction 0.503 - 0.63
Particle radius (m) 12.5 - 8
Initial electrolyte concentration (mol/L) - 2 -
Initial state of charge 0.56 - 0.17
Solid diffusivity (m2/s) 3.9E-14 - 1E-13
Electric conductivity (S/m) 100 - 3.8
Maximum Li+ concentration (mol/m3) 26,390 22,860
anodic charge transfer coefficient 0.5 - 0.5
cathodic charge transfer coefficient 0.5 - 0.5

Fig. S6. Voltage profiles of NCM/Graphite full cells with different electrolytes at different C-rates and temperature of (a) 263 and (b) 298 K.
Vivid and vague colors indicate the results of EC/EMC and EC/EMC/MA/MF electrolytes, respectively.

Fig. S5. Information about full cell modelting. (a) Schematic of full cell modeling. (b) Cell geometry and cell theoretical capacity, (c) OCV
curve of LiMn2O4 and Graphite [1], (d) Parameters table of details of cell system.
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a cosolvent of ethylene carbonate (EC, Aldrich, USA)/ethyl methyl
carbonate (EMC, Aldrich, USA)/methyl acetate (MA, Aldrich, USA)/
methyl formate (MF, Aldrich, USA ) (1 : 1 :1 : 1=v : v : v : v). The
control electrolyte was prepared by dissolving 1M LiPF6 in a cosol-
vent of EC/EMC (1 : 1=v : v). We assembled the coin-type cells
(2032 type, Welcos, Korea) by incorporating the NCM cathode,
polyethylene separator (PE, Celgard 2730, 20m), and a graphite
anode. For a paired comparison, the same amount of electrolyte of
120L was added to the coin cell. The electrochemical tests were

conducted in the voltage range of 2.4-4.3 V at different C-rates of
0.1, 1, 2, and 4 C. All of the electrochemical tests were performed
using the coin-cells and a battery cycler (WBCS 3000, WonAtech,
Korea) at 263 and 298 K.
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