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Lithium metal batteries are attractive for next-generation energy storage because of their high energy density. A major obstacle to
their commercialization is the uncontrollable growth of lithium dendrites, which arises from complicated but poorly understood
interactions at the electrolyte/electrode interface. In this work, we use a machine learning-based artiﬁcial neural network (ANN)
model to explore how the lithium growth rate is affected by local material properties, such as surface curvature, ion concentration
in the electrolyte, and the lithium growth rates at previous moments. The ion concentration in the electrolyte was acquired by
Stimulated Raman Scattering Microscopy, which is often missing in past experimental data-based modeling. The ANN network
reached a high correlation coefﬁcient of 0.8 between predicted and experimental values. Further sensitivity analysis based on the
ANN model demonstrated that the salt concentration and concentration gradient, as well as the prior lithium growth rate, have the
highest impacts on the lithium dendrite growth rate at the next moment. This work shows the potential capability of the ANN
model to forecast lithium growth rate, and unveil the inner dependency of the lithium dendrite growth rate on various factors.
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Lithium metal batteries are attractive for energy storage due to
their high gravimetric and volumetric energy densities.1–4 However,
one of the major obstacles to deploying lithium metal batteries is the
uncontrollable growth of lithium dendrites.5–8 In the past several
decades, various models have been developed to understand underlying mechanisms of lithium dendrite growth, and these models took
SEI compositions,9,10 ion transport in electrolytes,11–14 mechanics,15
electronic conductivity,16,17 and space charge18,19 into account. For
example, Wu, B., et al. showed that high SEI impedance increase es
the difﬁculty of lithium dendrite growth in one direction, causing
branch-like structures to form instead.10 Jana, A., et al. illustrated
that an uneven electrical ﬁeld causes rapid growth of dendrite tips.19
However, these models typically simulated simpliﬁed geometries,
instead of analyzing real experimental data. This is partially due to
the difﬁculty in observing dendrite growth and other key properties
inﬂuencing this process, such as SEI compositions and dynamic ion
concentrations in the electrolyte.20–22
Recently, the authors used Stimulated Raman Scattering (SRS)
microscopy (Fig. 1a) to image lithium dendrite growth and ion
concentration in an electrolyte simultaneously.23,24 In an SRS
microscope, the synergy of two synchronized laser beams ampliﬁes
Raman signals by up to 108 times, leading to ultrafast imaging speed
(∼103 faster than conventional spontaneous Raman imaging).25,26
Therefore, we are able to observe dynamic dendrite growth and ion
depletion together. Previous linear regression-based analysis showed
that upon ion depletion, the correlation coefﬁcient between the local
lithium dendrite growth rate (v ) and the local Li+ ion concentration
10 μm away from the Li/electrolyte interface ([Li+]10μm) becomes
higher, increasing from 0.29 at no ion depletion to 0.84 at full ion
depletion.27
However, such a simple regression analysis is rudimental, and it
is obvious that the relation between v and ion depletion is nonlinear.
Moreover, SEI heterogeneity is hidden information that does not
show up in SRS images. The artiﬁcial neural network (ANN) model
may be helpful to study such complex relations,28 since it is
powerful enough to capture hidden connections between different
parameters, and directly establish the relation between causes and
effects in relatively sophisticated systems, especially when a large

z

E-mail: yy2664@columbia.edu

quantity of data is available. ANN has already been used in a wide
range of engineering topics, such as estimation of rock parameters,
prediction of wastewater treatment plant performance, and compound equilibrium prediction.29–32 In the ﬁeld of energy storage,
ANN has also been explored for battery life prediction and state of
charge estimation.33–36
In this study, as SRS images provide a reasonable amount of data
for machine learning, we developed a two-layer ANN model to
better understand the growth mechanism of lithium dendrites in Li/
gel electrolyte/Li symmetric cells. As shown in Fig. 1c, we
processed SRS raw images to reduce noise and identiﬁed the Li/
electrolyte interface ﬁrst, followed by extracting seven key physical
features at different moments. Next, a feed-forward ANN model
using a backpropagation algorithm was established and optimized,
which showed a reasonable accuracy to predict lithium dendrite
growth rate (v ) at the next moment. Moreover, we further probed the
structure of ANN and performed a sensitivity analysis to understand
the signiﬁcance and relevance of selected features to v at the next
moment. The results of sensitivity analysis conﬁrm the previous
study that Li+ concentration ([Li+]) at the vicinity of the Li/
electrolyte interface is strongly connected to v at the next
moment.27 Moreover, v is also affected by lithium growth rates at
prior moments. Our ANN model acts as a ﬁrst step to understand
lithium dendrite growth by machine learning algorithms. With more
subtle and advanced ANN structures and more informative experimental data, machine learning techniques could help better understand this long-lasting challenge in energy storage.
Methods
SRS image acquisition.—The same protocols and setups were
used as our previous report.27 Brieﬂy, a Li/gel electrolyte/Li
symmetric cell sealed between two pieces of glass slides was placed
under an SRS microscope. The gel electrolyte is 0.33 M LiBOB in
tetraethylene glycol dimethyl ether (TEGDME) with 22 wt% poly
(vinylidene ﬂuoride-cohexa-ﬂuoropropylene) (PVdF-HFP). The
SRS microscope monitored the Raman peak of Li bis(oxalato)borate
(LiBOB) at 1830 cm−1 to obtain the concentration of BOB−, which
is equivalent to the concentration of Li+ due to the requirement of
charge neutrality.37,38 Meanwhile, SRS images can also capture the
interface between solid lithium dendrites and the gel electrolyte
simultaneously.27 Due to the fast scanning rate of SRS microscopy,
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Figure 1. (a) A schematic illustration of the SRS imaging setup. The two lasers are Stokes laser and pump laser. Detailed information can be found in the
supporting information. (b) A schematic illustration of a Li/Li symmetric cell and the corresponding coordination setting. The Li/electrolyte interface is along the
x direction while the lithium dendrite grows along the y direction. (c) An ANN model that predicts v and performs consequent sensitivity analysis. The raw
images were ﬁrst captured by an SRS microscope. Then the lithium metal/electrolyte interface was identiﬁed, followed by extracting key features, and
establishing an ANN to correlate v and key features. In the end, the optimized ANN model was used for sensitivity analysis, which helps understand the
dependency of v on each feature. (d) The network structure of a feedforward ANN with two hidden layers and eight neurons in each layer ([8, 8]). The inputs are
the seven features at the prior two timesteps ti − 1 and ti and the output is the predicted lithium growth rate v at the next timestep ti + 1.

each 256 × 256 2D image takes only 0.1 ∼ 1 s to capture. After the
acquisition, the SRS intensities were converted into 8-bit grayscale
(0–255) for image processing in the following steps.
As the spatial resolution of our SRS microscope is ∼500 nm, and
v is in the order of ∼1 μm min−1, an interval of ﬁve minutes was
used to ensure the accuracy of v. Three sets of data from different
experiments were used in the modeling, where each set includes data
from the beginning (current was applied) to the end (cell voltage
increased sharply). A representative voltage proﬁle is shown in
Fig. S1 (available online at stacks.iop.org/JES/168/090523/mmedia).
Data set 1 is composed of sixteen images with an initial current
density of 0.6 mA cm−2, while data set 2 and 3 contain ﬁve images
for each with a current density of 1.3 mA cm−2. In each data set, the
time of the n images are denoted as t1, t2, … tn, respectively. The

difference in data size originates from the different total durations of
lithium deposition. As we used data at two prior moments (ti and
ti − 1) to predict v at the next moment ti + 1, there are a total of (14 +
3 + 3) × 200 = 4,000 data points for the machine learning model.
Image processing and parameter extraction.—The ﬁrst step in
image processing was to determine the interface between lithium
metal and the electrolyte. Due to strong non-linear light scattering at
the lithium metal surface, the SRS signal is saturated at this
interface, which appears as ∼255 in the gray-scale images.
Therefore, a threshold of 230 was used to identify this interface.
The identiﬁed lithium metal/electrolyte interface in an SRS image is
denoted as y = y (x, t ) , where y is the direction perpendicular to the
lithium surface, as deﬁned in Fig. 1b. Then the gray values in the
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Table I. The brief description and mathematical expression of seven key features.
Feature

Description

Mathematical expression

Explanation

1

Up curvature

⎛ ∂y ⎞
⎜
⎟
⎝ ∂x ⎠ x = x0 − 1

The curvature at x = x 0 − 1

2

Down curvature

⎛ ∂y ⎞
⎜
⎟
⎝ ∂x ⎠ x = x0 + 1

The curvature at x = x 0 + 1

3

Curvature

The curvature at x = x 0

4
5

[Li+] at the interface
Concentration gradient

⎛ ∂y ⎞
⎜
⎟
⎝ ∂x ⎠ x = x0
c (x 0 , y0 )
⎛ ∂c ⎞
⎜ ⎟
⎝ ∂y ⎠ x = x0, y = y

6
7

Interface position
Lithium growth rate

y0
y (x 0 , ti ) − y (x 0 , ti − 1)
ti − ti − 1

The concentration gradient at the interface along y direction

0

lithium metal part were replaced by that in the electrolyte adjacent to
the lithium surface, followed by 2D Kernel smoothing with a kernel
size of [6, 6] to remove background noise.
The seven parameters explored in this study were determined
based on the 2D [Li+] mapping in the electrolyte after smoothing.
Analytical expressions of these parameters are shown in Table I, and
the procedure of numerical calculation of these parameters is
presented in the supporting information. For a given point on the
lithium surface at a chosen time ti (y0 = y (x 0 , ti )) , the seven input
features can be grouped into three categories: 1) Curvatures. The up
curvature, curvature, and down curvature of lithium surface, deﬁned
∂y
as
at x = x 0 − 1, x 0 and x 0 + 1, respectively. 2) Concentration∂x
related information, such as [Li+] on lithium surface (c (x 0,, y0 )) , and
∂c
the gradient of [Li+] along the y direction,
. 3) lithium growth∂y
related information, such as interface position ( y0 ) and v at ti and ti − 1.
The goal is to use these input features to predict v at the next
moment ti + 1.
These seven features are chosen because they could affect lithium
growth physically. Small surface curvature causes tip effect and
enhances local electrical ﬁeld, which can promote local lithium
growth. Low ion concentration has two opposite effects on lithium
growth. First, it increases the local electrical ﬁeld based on the
diluted electrolyte theory, which promotes lithium growth.39 Second,
it decreases the equilibrium potential for lithium deposition based on
the Nernst equation, so that overpotential for lithium deposition
decreases. v at prior moments ti and ti − 1 may not have a direct causal
relationship with v at the next moment ti + 1. However, a higher v at ti
and ti − 1 indicate that lithium prefers to be deposited at this location
due to implicit reasons (e.g. curvature, concentration, SEI composition), so that it is possible to enhance v at ti + 1.
Artiﬁcial neural network (ANN) Model.—We use an ANN
model with either one or two hidden layers to learn the relations
between input variables at ti and ti − 1 and lithium growth rate v at ti + 1.
The ANN models with one and two hidden layers express the
following mathematical relations in Eqs. 1 and 2 below, respectively:
v = v (X ) = F1 (A1 X + B1) + B2

[ 1]

v = v (X ) = F2 (A2 × F1 (A1 X + B1) + B2) + B3 ,

[2]

and

where F1 and F2 are activation functions (in practice, we use the tanh
e x − e−x
function F1 (x ) = F2 (x ) = e x + e−x ), X is the input feature vector as in

The coordinate of the Li/electrolyte interface
Lithium growth rate at ti

Table I, and v is the output. A1 and A2 , B1, B2 and B3 are the weight
matrices and bias vectors, respectively. To keep the distribution of
inputs in a comparable range, all features were normalized to the
range of [−1, 1]. The ANN model was trained by the standard
backpropagation method to obtain the weight and bias matrices.
Among the 4,000 data points, we use the standard cross-validation
approach: 75% were randomly selected for training, and the 25% left
were used for testing. The training process uses Bayesian regularization backpropagation algorithm which terminates under multiple
stopping conditions,40 including the maximum epoch number 1000,
minimum performance gradient < 10−7, and maximum adaptive
value > 1010.
Sensitivity analysis.—In order to understand the sensitivity of a
speciﬁc feature, we performed a sensitivity analysis based on the
optimized ANN. The sensitivity of v to a speciﬁc feature (Xm ) is
deﬁned as

∂v
∂Xm

sm (i ) =

, and numerically it is calculated as

v (X m (i ) + 0.001) − v (X m (i ) − 0.001)
0.002

[3]

where the subscript m represents the m th feature, and i means the i
th data point. Therefore, there are 4,000 data points for each feature.
Their average values and standard deviations were calculated
accordingly, which are denoted as sm and Δsm , respectively. Since
Xm is normalized to [−1, 1], the unit of all sm (i ) is μm min−1, which
will be neglected in the discussion.
Results and Discussion
Processing of SRS images.—Figure 2a shows a raw SRS image
of ion depletion near a lithium metal electrode, where the shining
part represents the Li/electrolyte interface due to strong light
scattering at the edge of lithium metal. Based on the procedure
outlined above, this interface was identiﬁed and the [Li+] distribution in the electrolyte was smoothened, as shown in Fig. 2b. This
extracted interface is consistent with that in the raw SRS image,
validating the accuracy of our image processing. With the same
procedure, all lithium metal/electrolyte interfaces were determined
in all three data sets. The results in data set 1 are overlapped together
and shown in Fig. 2c. The result in Fig. 2b corresponds to t = 8 in
Fig. 2c, which is highlighted in bold. Moreover, the evolution of
lithium boundaries at different moments can be further divided into
three stages as indicated by blue, green, and red, which show distinct
average v (∼0.04 μm min−1 for blue, 0.41 μm min−1 or green, and
0.64 μm min−1 for red, respectively). These three stages align well
with the status of [Li+] on the lithium surface, which are no ion
depletion, partial ion depletion, and full ion depletion, respectively.

Journal of The Electrochemical Society, 2021 168 090523

Figure 2. (a) A raw 2D SRS image of ion depletion in the electrolyte near a
lithium metal electrode in a Li/gel electrolyte/Li symmetric cell. The dark
part at the bottom represents the lithium metal and the shining area is the
interface between lithium metal and the electrolyte, while the upper part is
the electrolyte. The corresponding color bar represents [Li+]. (b) The lithium
electrode and [Li+] in the electrolyte after kernel smoothing. (c) The 16
consecutive lithium boundaries in data set 1. Blue, green and red color
correspond to the three stages of lithium metal growth: no [Li+] depletion,
partial [Li+] depletion, and full [Li+] depletion, respectively. The scale bars
in (a) and (b) are both 50 μm.

Such observations are consistent with our previous imaging
results.27
Machine Learning Models.—After the Li/electrolyte interface
was determined and the [Li+] proﬁle in the electrolyte was
smoothened, the seven features in Table I were calculated at each
point and each moment. Then they were fed into an ANN for
training, validation, and testing. To better illustrate the capability of
ANN in this analysis, we will ﬁrst present ﬁtting results of two cases
with different input parameters and network structures, one with
poor results and one with good results. Then a detailed analysis on
how input parameters, selections of timesteps, and network structures impact ﬁtting capability will be illustrated.
Results of two ANNs with different inputs and network structures
are presented in Fig. 3, which show entirely different ﬁtting
accuracies. The ﬁrst one is based on features 4 and 5 at ti only
and a single-layer network with eight neurons (Fig. 3a/b), and the
second one is based on all features 1–7 at both ti and ti − 1, and a twolayer network with sixteen neurons in each layer (Fig. 3c/d). In each
network, the predicted value (y axis) vs experimental value ( x axis)
for the training/validation data set and the testing data set are
presented in sequence. The correlation coefﬁcient (R) of the testing

datasets of the two networks clearly shows that more features, more
time steps, and more complicated ANN structures result in better
ﬁtting accuracy of v (0.80 vs 0.32). Moreover, an R-value of 0.93 for
training/validation and 0.80 for testing in network 2 are good values
for ANN modeling, indicating that the model has a reasonably high
ﬁtting accuracy. In addition, the better ﬁtting power of network 2 is
also illustrated in the comparison of experimental and predicted
values at randomly selected data points across all three datasets, as
shown in Fig. 3e/f, where blue and red curves are experimental data
and ﬁtting results, respectively. It is clear that network 2 leads to
much better ﬁtting results compared to network 1.
To better understand how different factors inﬂuence the ﬁtting
power of ANN and to validate that network 2 above is efﬁcient, we
trained models with various selections of features, numbers of
timesteps, and neural network structures, and calculated R of testing
data in each case. For the selection of features, four kinds of
combinations were considered: 1) features 1–3, which are all related
to curvature, 2) features 4 and 5, which are both related to [Li+], 3)
features 6 and 7, which are both related to lithium growth, and 4) all
the features together. For the number of timesteps, features at ti − 1
only, ti only, and both ti − 1 and ti were explored as three conditions to
predict v (ti + 1) = [ y (ti + 1) − y (ti )] /(ti + 1 − ti ). For the neural network
structure, a single-layer with eight or sixteen neurons, and two layers
with eight or sixteen neurons in each layer were considered, and they
are denoted as 8, 16, [8, 8], [16, 16] respectively. Hence, there are
total 4 × 3 × 4 = 48 combinations explored.
R of the testing data in these 48 combinations are plotted in
Fig. 4. Figures 4a–4c correspond to using data at ti − 1 only, ti only,
and both ti − 1 and ti, respectively. The results show that only using
curvature features (1–3) renders a low R of less than 0.2, even if
information at both ti − 1 and ti was used. [Li+]-based features (4 and
5) are more important, which gives higher R up to 0.38–0.45, when
the information at both ti − 1 and ti was used. Features related to solid
lithium growth at prior time steps (6 and 7) also result in a higher R
of 0.33–0.71. Especially when features 6 and 7 at both ti − 1 and ti
were used, R reached 0.71 with a [16, 16] ANN. These results
indicate that [Li+] and v at prior moments are more critical to v at
the next moment than the mesoscale surface curvatures obtained
from SRS images. However, it should be noted that such curvature
may not precisely reﬂect the nanoscale curvature at the lithium tip.
Besides the varying importance of different features, the structure of
ANN also affects the model accuracy remarkably. [16, 16] ANN
performs much better than single-layer networks and the [8, 8] ANN.
However, when the complexity of ANN is further increased, the
accuracy of the prediction even decreases and the overﬁtting
problem becomes overwhelming (Fig. S5). Hence, we don’t further
explore more complicated neural network structures. More details
can be found in the supporting information.
Figure 4 also shows that the accuracy of ANN can be further
enhanced by taking all features into account, which echoes the
results in Fig. 3. When only information at ti is taken into account, R
reaches 0.71 with a bilayer ANN of [16, 16]. R further increases to
0.80 when the information at both ti − 1 and ti is considered, which is
reasonably high for ﬁtting v by information extracted from SRS
images. Therefore, in the following discussion, the optimized ANN
model with all features from ti − 1 and ti, and a bilayer neural network
of [16, 16] is used, which is network 2 in Fig. 3c/d.
Sensitivity analysis.—The different R values in Fig. 4 suggest
that the impact of these features on v is different. To quantitatively
evaluate their impacts, we calculated the sensitivity of v to each
∂v
feature, which is deﬁned as sm = ∣ ∂x ∣ based on network 2 above.
m

Since sm varies from one data point to another, we plot the
distribution of sm in a single run of ANN ﬁtting (Fig. 5).
Figures 5a and 5b are the distribution of s1 to s7 at ti − 1 and ti,
respectively, and Fig. 5c shows the corresponding sm and Δsm for
these 14 features. From the results, we can clearly see that v is
insensitive to the curvature of the lithium surface (features 1–3), but
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Figure 3. Fitting results of two different ANNs with different input features and network structures. Network 1 is a single-layer network with eight neurons, and
features 4 and 5 at ti are used as the input. Network 2 is a two-layer network with sixteen neurons in each layer, and features 1–7 at both ti and ti − 1 are used as the
input. (a/b) The ﬁtting results of (a) training/validation data set and (b) testing data set of network 1. (c/d) The ﬁtting results of (c) training/validation data set and
(d) testing data set of network 2. All data points across all three datasets are drawn in the ﬁgure. (e/f) The ﬁtting results and experimental true values for randomly
selected points in the testing data sets with (e) network 1 and (f) network 2.

Figure 4. The correlation coefﬁcient (R) of predicted values vs experimental values in the testing data set only. They correspond to 48 combinations with
different ANN structures, selected features, and time-steps for (a) only ti − 1, (b) only ti and (c) both ti − 1 and ti. The R-value in each square is the averaged R of ﬁve
different runs of data ﬁtting, which helps minimize ﬂuctuations in data ﬁtting. The deﬁnition of features is the same as table 1. 8, 16, [8, 8] and [16, 16] in the
x -axis label are different network structures deﬁned in the section of Methods.

it is more sensitive to concentration and growth rate-related features
(4–7). The weak correlation between the Li/electrolyte interface
curvatures and v may partially arise from the precision loss during
image capturing and processing. With further improvement of the
spatial resolution of SRS microscopy and better interface recognition
algorithms, the correlation between the Li/electrolyte interface
curvature and v could be better unveiled.

We also found that different runs of ANN ﬁtting generated
different ﬁtting parameters, which is common in neural networks.
Although these runs result in similar R values in both training/
validation data and testing data, sm in different runs could vary to
some extent (Fig. S2). Therefore, we performed the model training
process 100 times and calculated sm in each training. The average
and the standard deviation of sm in such 100 runs of training are
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Figure 5. (a/b) The distribution of sensitivity sm to ﬁtting features 1–7 at (a) ti − 1 and (b) ti in the optimized [16,16] ANN. (c) Corresponding sm and Δsm for
features 1–7 at ti − 1 and ti. The seven features are the same as those in table 1: (1) up curvature, (2) down curvature, (3) curvature, (4) [Li+] at the interface, (5)
concentration gradient, (6) interface position, and (7) lithium growth rate.

denoted as sm and Δsm , respectively, and they are plotted as Fig. 6a.
The results are similar to those in a single run in Fig. 5c. Again,
[Li+]-related features (4/5) and lithium growth-related features (6/7)
at prior moments (ti − 1 and ti ) inﬂuence v at ti + 1 most.

Such results may be explained as follows. First, 1D transport
theory of a diluted electrolyte shows that E = −

Deff 1 dc
,
F c dy

where E is

the local electrical ﬁeld, Deff is the effective diffusivity of ions in the
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Figure 6. The averaged sensitivity of the seven features at ti − 1 and ti with each feature’s standard deviation as the error bar. (a) sm and Δsm of 100 runs of
training based on all three datasets. (b) sm and Δsm in three stages based on 100 runs of training. The three stages are no ion depletion, partial ion depletion, and
full ion depletion, respectively.

electrolyte, and F is the Faraday constant.39 Therefore, a lower c
results in a larger E, which promotes lithium growth and thus a
larger v. Conversely, a larger v at previous moments suggests a
lower c at the local interface or lower local SEI impedance, which
facilitates fast lithium growth at the next moment. In addition, it is
generally agreed that lower salt concentration leads to poorer SEI
since a high portion of electrolyte decomposition products does not
result in good mechanical properties of SEI.41 This could be another
reason why v is sensitive to c.
Regarding the relatively high sensitivity to lithium growth at
prior moments (features 6 and 7), it is likely that a higher v at prior
moments ti and ti − 1 indicate that lithium prefers to be deposited at
this location due to implicit reasons (e.g. curvature, concentration,
SEI composition), which lead to a high v at ti + 1 too.
The analysis so far is based on analyzing the entire process as a
whole. However, as discussed in literature11,27 and Fig. 2, lithium
growth undergoes different stages, such as mossy lithium when ions
are not depleted, transitional growth when ions are partially
depleted, and dendritic growth when ions are fully depleted.
Therefore, it is possible that sm varies across the three stages. To
understand if sm is stage-sensitive, we analyzed sm in each stage
separately, as shown in Fig. 6b. In all three stages, v is most sensitive
to features 4 and 7, moderately sensitive to features 5 and 6, but
insensitive to features 1–3. Such results indicate that concentration
and growth rate at the prior moments are important at all stages,
which agrees with analyses above based on all three stages together.
The insensitivity to curvature-related features 1–3 needs further
investigation, since the mesoscale curvature may not accurately
reﬂect the real curvature at a ﬁner scale. Moreover, we also observe
that the sensitivity to feature 4 (concentration) is slightly higher in
stages 2 and 3. For example, s4 at ti increases from 0.80 ± 0.24 in
stage 1 to 1.00 ± 0.34 in stage 2 and 1.18 ± 0.40 in stage 3. This is

consistent with our previous observations that the correlation
coefﬁcient between concentration and v becomes higher upon ion
depletion.
The higher sensitivity at a later stage could be explained based on
1 dc
the relation between v, E and c. As E is proportional to c dy , and thus
δE / δc, the variation of E due to variation of c, is proportional to
1 dc

1

− c2 dy + c δ

( ) /δc. The ﬁrst term becomes larger at a lower c. The
dc
dy

second term also gets larger at a lower c, since dc / dy is higher at
stronger depletion. As the two terms have the same signs, δE / δc
becomes larger at a lower c. Moreover, since E is positively
correlated with v, the sensitivity of v to c (δv / δc) should be
positively correlated with δE / δc, which is higher at a lower c and
thus a later stage.
Besides gaining fundamental understanding by using an optical
cell, it is also important to discuss how such strategies can be
transferred to practical cells. We think that there are several possible
directions to explore. First, by reducing lithium-lithium distance to
∼10–50 μm, wrapping lithium with a piece of separator (Fig. S6),
and even applying pressure onto the cell envelope, the optical cell
can better mimic processes in real cells. Second, developing
strategies to probe concentration variation in real cells. Ultrathin
optical ﬁber-based detection of ion concentration in a practical cell
was reported recently.42 Synchrotron may also detect concentration
polarization in real cells in principle. If these techniques can be
further advanced to multiple points and faster speed, respectively,
they have the potential to monitor concentration polarization in a real
cell. Meanwhile, Synchrotron can image lithium metal growth in real
cells,43 so that heterogeneity in salt concentration could be correlated
with lithium growth. The third direction is to consider how to use
machine learning methods to predict lithium growth from other
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parameters. For example, it is possible to image the 2D distribution
of pressure by a pressure sensor array and temperature in a cell by
X-ray diffraction.44 Then if lithium growth can be imaged by either
in situ Synchrotron imaging or optical imaging through opening a
real cell, it is possible to use ANN to set up connections between
these new parameters and lithium growth. It would be exciting to
realize machine learning models to predict lithium growth in
practical cells.
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