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1. Introduction

Lithium metal electrodes are one potential path to develop battery
cells with higher energy densities in comparison to lithium-ion
batteries.[1–3] However, low Coulomb efficiency[4] as well as the
formation of voluminous and potentially harmful deposited Li
structures still hinder commercialization.[5–7] One approach to
study the deposition behavior of lithium is to use an optically
accessible battery cell with a transparent liquid electrolyte, which
the authors developed in previous work.[8] A challenge with image-
based methods is to quantify the amount of deposited lithium. For
example, in Ref. [9], the authors observed the dendrite formation
in the cross-section through a transparent side wall in a Li|LPSC|

LPSC-PTFE|LPSC|Cu solid-state electrolyte
cell but only evaluated the data in a qualita-
tive analysis. Romio et al.[10] used an oper-
ando optical microscope in a modified
coin cell setup featuring a transparent
indium tin oxide-polyethylene terephthalate
window as the current collector. They used
an automated image evaluation to count the
number of separable depositions (referred
to as “blobs”) and their mean radius to cal-
culate the “blob area”. Since they only used
2D from the top, the deposition volume
could not be quantified.

The authors of this work investigated in
a previous study[8,11] the influence of cur-
rent density on the deposition behavior
of lithium on a Li metal surface. Separate
deposition regimes with distinctive mor-
phological and electrochemical properties
were discovered at lower and higher cur-
rent densities, respectively, including a
transition region between those regimes.

An instance was defined as a deposited Li structure that grows
from a single seed point on the electrode. The amount of depos-
ited lithium was quantified by three parameters: number of
instances, characteristic length scale of instances, and total
deposited lithium volume. Image processing was performed
manually, and only the final image at the end of the constant
current phase was used. Instances smaller than 0.2mm were
ignored in the evaluation since they could not be manually iden-
tified. At higher current densities, the number of instances
increased exponentially and could not be individually evaluated,
so they had to be approximated by representative mean values.
Assessments from the previous paper[8] will be referred to as
manual evaluation approach (MEA) in this work.
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Image-based quantification of the amount of deposited lithium on Li metal
surfaces remains a big challenge. This work introduces an automated workflow
consisting of the following steps: pixel-wise identification of deposited lithium,
segmentation of pixel clusters in instances of deposited Li structures, and
instance-based quantification of deposited lithium. Two algorithms for the
identification of deposited lithium are developed. The rule-based approach uses a
combination of logical filters to detect deposited lithium. Core element of the
neural network-based approach is a single convolution neural network. Images of
deposited lithium on Li electrodes in a Li||Li in situ cell are used as input data.
Selected images are manually masked to generate data to optimize, train, and
evaluate the performance of both image processing approaches. Segmentation
enables to quantify instances of deposited Li structures by number, characteristic
length scale, and volume. Automated image processing makes the assessment of
the total deposited volume of lithium at the end of a constant current phase
feasible, as well as the evolution of the total deposited volume during the
constant current phase for various current densities.
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Automated image processing tools are required to resolve the
issues of the MEA at lower and higher current densities, increase
objectivity and processing speed, and enable assessments that
are not feasible to be performed by hand. There are three main
steps in an image-basedmethod to quantify the amount of depos-
ited lithium on Li metal surfaces: 1) pixel-wise identification of
deposited lithium to generate pixel clusters with deposited lith-
ium; 2) segmentation of pixel clusters into individual instances
with deposited lithium; and 3) instance-based quantification of
deposited lithium (e.g., number, length scale, or total volume).

This work introduces two automated methods for the pixel-wise
identification of deposited lithium: the rule-based approach (RBA)
and the neural network-based approach (NNBA). Both approaches
together with the segmentation and quantification algorithms have
been implemented in MATLAB (R2021b, The MathWorks Inc.).

The first challenge was to distinguish pixels that show deposited
lithium from pixels that show Li metal of the electrode surface,
where both cases have a metallic silver color (identification algo-
rithm). Reflections from the cell casing on the electrode surface
caused an inhomogeneous grayish background at the electrode
surface in the image. Deposited Li structures growing on the elec-
trode surface interacted with the incident light. Due to their fractal
surface, they showed a wide range of gray tones due to different
textures, light intensities, reflections, absorptions, or shadows.
For the second challenge, agglomerations of pixels identified as
deposited lithium had to be segmented into individual instances
of deposited Li structures with the corresponding seed points
(segmentation algorithm). Solving this second challenge made it
possible to quantify the number of instances and determine the
characteristic length scale of every instance. Based on the charac-
teristic length scale, the volume of every instance could be approx-
imated and the total deposited lithium volume could be calculated.

2. Automatic Detection of Deposited Lithium

2.1. Experimental Section

In a previously published work,[8] image recordings of deposited
lithium have been obtained in an optically accessible cell with two

Li metal electrodes and a transparent liquid electrolyte. Li foils
(electrodes) from the same production batch were distributed
over two pouch bags, which were consecutively used for these
experiments. Electrochemical data indicated that the Li foils from
both bags experienced different aging, which was observed after
all experiments were concluded, although they were stored under
inert gas conditions (Ar-atmosphere, H2O < 1 ppm, O2 <
1 ppm). This work only used the images of the previous work
to develop automated image processing algorithms to quantify
deposited lithium on a Li metal surface.

Every experiment had a well-defined starting point to equili-
brate the electrochemical system. This was followed by a phase
with constant current (CC) at various current densities, where
every experiment had the same total amount of charge through-
put equal to Qtotal= 10.9mAh. The experiments were performed
with nine current densities: J= 0.05, 0.1, 0.25, 0.5, 0.75, 1, 2, 5,
and 10mA cm�2. The experiment was repeated five times for
every current density, so there was a total of 45 experiments.
The active electrode surface was equal to Aactive= 13.08 cm2,
which was used to set the CC corresponding to the required cur-
rent density. Consequently, the duration tCC-phase of the CC phase
was not identical for every current density (see Table 1).

Images were recorded with a 5x magnification and a 30°
recording angle (KEYENCE VHX-6000 digital microscope with
KEYENCE VH-Z00T zoom lens 0x–50x). The recorded images
were saved in an 8-bit RGB, lossless, and compression-free
image file format (*.tif ). In most cases, images were recorded
every 60 s during the CC phase, which resulted in a larger charge
throughput Qsample between two recorded images for increasing
current densities. Furthermore, this would decrease the number
of recorded images from Nsample= 1000 at J= 0.05mA cm�2 to
Nsample= 20 at J= 10mA cm�2. The time interval between the
two recorded images was therefore reduced to 15 s for the high-
est current densities. At lower current densities, the number of
images was limited to Neval= 100 to reduce the calculation time
during the development of the automated algorithms. The image
recording and processing settings are summarized in Table 1.
Notice that the first image of the CC phase was recorded after
the charge was transferred, so the number of images was equal
to the number of intervals.

Table 1. Settings for image recording and processing as a function of current density in Kühnle et al.[8] Symbols denote: tCC-phase duration of CC-phase,
tsample time between two images, Nsample number of recorded images, Qsample charge throughput between two recorded images, Neval number of
processed images, and Qeval charge throughput between two processed images.

Measurement Image recording Image processing

J mA cm�2 tCC-phase s tsample s Nsample Qsample μAh Neval Qeval μAh

Low J (Regime 1) 0.05 60 000 60 1000 5.45 100 54.5

0.1 30 000 60 500 10.9 100 54.5

0.25 12 000 60 200 21.8 100 54.5

0.5 6,000 60 100 54.5 100 54.5

Medium J (Transition) 0.75 4,000 60 67 163.5 67 163.5

1 3,000 60 50 218 50 218

High J (Regime 2) 2 1,500 60 25 436 25 436

5 600 15 40 272.5 40 272.5

10 300 15 20 545 20 545
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2.2. Image Preprocessing

Optimization, training, and performance evaluation of the auto-
mated image processing approaches required preprocessing to
generate the appropriate data. Image pixels corresponding to
deposited lithium were manually masked (shown in red in
Figure 1c) using the open-source raster graphics editor GIMP
(2.10.20, The GIMP Development Team). Notice that connected
masked pixels could be agglomerations of deposited Li struc-
tures. The resulting masks provided a binary classification
between pixels with deposited lithium and pixels with all other
kinds of information. The manual masking process was repeated
by a second person, which resulted in two distinctive masks, and
the difference is quantified in Figure 2. The distinction in those
two masks showed how challenging it is to obtain objective infor-
mation from image data.

The line-of-sight of the microscope had an angle of 30° with
respect to the surface of the electrode, which generates a perspec-
tive distortion in the images of electrodes and deposited lithium.
Four corner points (Figure 1c, yellow triangles) defined an
observed area of the electrode (Figure 1d, yellow rectangle) that
will be considered for all analyses in this work. This observed
electrode area measured 4.35� 2.75 cm and had a surface area
of Aobserved= 11.96 cm2. First, a distortion correction was applied
to the images using the intrinsic camera parameters which were
determined with recorded images of a checkerboard pattern.
Next, the images were converted to gray scale images because
the color channels were not offering additional information
due to the low color spectrum in the images (similar shades
of gray). In the third step, the corner points of the observed elec-
trode area were manually set for each experiment because

automated corner point detection algorithms did not work pre-
cise enough. This was the only manual step in the automated
scripts. Finally, a keystone correction using projective transfor-
mation[12] was performed on the distorted image. None of these
image preprocessing steps were performed during the MEA in
the previous work.[8]

2.3. The RBA to Identify Pixel Clusters with Lithium Deposition

The first approach to identify pixel clusters with deposited
lithium is based on a pixel-wise assessment by binary com-
binations of multiple filters and will therefore be denoted as
the RBA. Separate sets of filter combinations were developed
for low, medium, and high current densities, respectively,
in the domains: regime 1, transition region, and regime 2
(see Table 1). The current densities of J = 0.1mA cm�2,
J = 1mA cm�2, and J = 10mA cm�2 were selected to be repre-
sentative of the development of the filter sets of the correspond-
ing domains. For every experiment, the automated image
processing was applied to the complete series of up to 100
images, but only the masked image at the end of the CC phase
was used to quantify the optimization of the filter parameters.

Operation of the applied filter algorithms, which were com-
bined for the pixel identification in the RBA, is briefly explained
in the following: 1) Blurred summed previous difference
(SumPrevDiff ): This filter uses Gaussian blurring with a 3� 3
kernel to reduce the influence of noise that is caused due to
the long duration of an experiment. The summed previous dif-
ference takes the difference between the current and previous
image from the recorded series and binarizes the result using
a threshold generated with Otsu’s method.[13,14] All pixels that

Figure 1. Example image at a current density of J= 0.75mA cm�2. a) Pristine electrode surface before the charge is transferred. b) Electrode with depos-
ited Li structures after the charge is transferred. c) Manually generated, pixel-based mask of deposited Li structures (shown in red). The four yellow
triangles define the corner points of the electrode plateau. d) Image with manually generated mask (red) after image preprocessing. Yellow rectangle: area
considered for performance evaluation of image identification approaches. Blue rectangle: area where deposited Li structures are evaluated (see Figure 6).
e) Image after image preprocessing with two rectangles (magenta and orange) to mark the areas shown in (f ). f ) Lithium growth at distinct steps for two
exemplary areas during the deposition process. The numbers give the percentage of charge transferred.

www.advancedsciencenews.com www.entechnol.de

Energy Technol. 2025, 13, 2500364 2500364 (3 of 16) © 2025 The Author(s). Energy Technology published by Wiley-VCH GmbH

 21944296, 2025, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/ente.202500364 by Forschungszentrum

 Jülich G
m

bH
 R

esearch C
enter, W

iley O
nline L

ibrary on [27/01/2026]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

http://www.advancedsciencenews.com
http://www.entechnol.de


have been set to true in this filter will remain true for the follow-
ing images in this series; 2) Blurred morphological opening
(BlurOpen): Performing a morphological opening on a grayscale
image will set all pixels inside a structuring element to the lowest
grayscale value of the element.[15] Subtracting the individual pixel
values of the original image from its image background com-
puted by a morphological opening results in a grayscale image
where only those removed instances are shown; 3) Red cast filter
(RedCast): At lower current densities, fine structures sometimes
showed some red cast on their edges. This red cast is detected
and smoothed by morphological closing using a disk with a
diameter of 3 pixels as a structuring element; 4) Absolute differ-
ence (AbsDiff ): In the RBA, it is assumed that the first image of
the series shows a surface with no deposited lithium. These pixel
values are stored as an initial state of the electrode. Next, all fur-
ther images in the series are processed sequentially. Deviations
in the pixels between 1) the current image and the initial image
as well as between 2) the current image and the corresponding
previous image in the series are detected and will be counted as
potential deposited lithium. There were two separate thresholds
that were initially optimized using the manually generated
masks; 5) Mean value difference (MeanDiff ): The mean value
of a single pixel over all previous images is calculated for every
image in the series, which results in a series of corresponding
mean value images. The binary image is obtained from the dif-
ference of the current image with the respective mean value
image; 6) Morphological opening (MorphOpen): The morpholog-
ical opening for medium and high current densities were per-
formed without the application of a Gaussian blur. The
structuring elements are disks with a diameter of 15 pixels for
medium and 10 pixels for high current densities; 7) Image edge
detection (EdgeDetect): Several methods to detect edges of objects

in images are available. The Sobel algorithm[16–18] was used
because of its feature to filter objects specifically according to
their edge direction. The detected edges are then smoothed by
morphological closing using a disk with a diameter of three pix-
els as a structuring element; 8) Preserving difference noise filter
(SummedDiff ): The difference between the current image and the
previous image in the series is calculated and binarized using a
threshold. Once a pixel has been identified as true, it will remain
true for all following images in the series.

All voids in closed pixel conglomerates were filled after the
binary images were obtained from the algorithms (except
SummedDiff ). Application of a filter to an image resulted in a
matrix tffilter with binary values (true-false), hence

tf filter ¼ FilterðimageÞ (1)

To describe binary filter combinations, the pixel-wise binary
operator ‘and’ will be denoted as & and the pixel-wise binary
operator ‘or’ is denoted as |. The combination of the filter algo-
rithms was chosen individually for low, medium, and high cur-
rent densities and accounted for typical (visual) key deposition
characteristics of the corresponding domain.

At low current densities, the electrode surface showed pre-
dominantly flat, partially parallel-oriented, lamellar patterns of
deposited Li structures. These structures are very thin compared
to much larger and voluminous structures at high current den-
sities. The developed filter combination for low current densities
can be formulated as

tf low ¼ ðtf SumPrevDiff j tf BlurOpen j tf RedCastÞ (2)

At medium current densities, the images showed a combina-
tion of many, tiny, lamellar deposited Li structures, mixed with a

Figure 2. F1-scores of the identification process for the evaluation experiments with RBA, NNBA, and masking by a second person. Reference for this
analysis is a manually obtained mask by a first person.
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smaller fraction of large, deposited Li structures. Furthermore,
the center region of the electrode had a higher contrast when
compared to the edge regions of the electrode. A consequence
was different numbers of positively identified pixels per area
for these regions. An indicator for growth of tiny lamellar struc-
tures was set, when this number for the center region was at least
double the number for the edge region. If this indicator is trig-
gered frequently after the fifth image in the series, then the
binary image is determined at the edge region of the electrode
with significantly higher recall for all following images (lower
threshold for binarization). The filter combination to obtain
the binary matrix tfmedium for medium current densities in the
transition region is shown in the formula:

tfmedium ¼ ðtf AbsDiff & tf MorphOpenÞ j ðtf AbsDiff & tf EdgeDetectÞ
j ðtf MorphOpen & tf EdgeDetectÞ

(3)

At high current densities, individual instances of deposited Li
structures are small, evenly distributed and densely packed on
top of the electrode surface. The best performance at high cur-
rent densities was obtained with the filter combination resulting
in the binary matrix tfhigh

tf high ¼ ðtf SummedDiff j tf MorphOpenÞ & tf MeanDiff (4)

The developed filter combinations for tflow, tfmedium, and tfhigh
were applied to all experiments, and the resulting performances
were compared. At the transition between the domains the filter
combination for the binary matrix tfmedium had the best perfor-
mance, so this filter combination was applied to both current
densities J= 0.5 and J= 2mA cm�2 at the transition of the
domains (see also Section 2.5).

2.4. The NNBA to Identify Pixel Clusters with Deposited
Lithium

Artificial neural networks have already proven their value in a
wide field of image-processing applications, and they have been
shown to achieve better results than conventional computer
algorithms.[19–24] Once designed, neural networks can generalize
data from systems used during training, making them robust
and universally applicable to unknown data sets. Therefore, an
NNBA was developed as a second approach to identify deposited
lithium on a Li metal surface.

The experiments had to be split into two sets for training and
evaluation of the NNBA, respectively. For every current density,
four out of five experiments were used to train the neural net-
work, while the fifth experiment of every current density was
used to analyze the performance of the NNBA. From each exper-
iment, a reduced set of 12 images was selected to train the neural
network. Image 1 showed the electrode before the CC phase, and
this image was used as the initial state for every pixel in the iden-
tification process. Images 2–7 showed the evolution of deposited
lithium during the CC phase, where images 2 and 7 were, respec-
tively, the first and last recorded images. The almost equidistant
intervals between these images were based on the number of
recorded images during the CC phase. Images 8–12 were all
recorded after the CC phase and had a time interval of 1 h

between them. At first glance, images 7–12 showed an identical
state for the deposited lithium on the electrode. However, minor
pixel changes altered the character of the numeric image matrix,
which made them ideal to train any noise in the images.
Deposited lithium was then manually masked for each pixel
in images 2–7. Each pixel in the image is assigned to either
the object class true (pixel with deposited lithium) or false (all
other cases).[25,26] The mask of the seventh image was applied
to images 8–12 since the appearance of images 7–12 was almost
identical. This approximation artificially increased the number of
training data without increasing the human labeling workload.
Hence, 36 experiments with 12 images each yielded a pixel-based
manual masking of 432 images.

A convolutional neural network (CNN) was used as a basis for
the NNBA, where input- and output-layer dimensions[27] were set
to 366� 326� 1. The center region in the images showed reflec-
tions from the opposite electrode, which resulted in significantly
different brightness and contrast when compared to both two
outer regions. The CNN could be trained more universally to
detect deposited lithium under various conditions by including
the center region and both outer regions as separate images in
the training data. The pre-processed grayscale images with
1098� 326 pixels (Figure 1d, blue rectangle) were cut into three
equal-sized fragments (366� 326 pixels). A consequence of this
fragmentation is the increase of the number of masks from 432
(full-size images) to 1296 (432 images � 3 fragments). The sche-
matic network design is shown in Figure 3.

The output of the identification process with a neural network
is a matrix with the value ‘true’ for detected deposited lithium,
which will be compared with the manually obtained masks. The
number of convolution layers was set to 8 and the filter size to 25
(5� 5) pixels to get the lowest number of misidentified pixels.
The ReLU-function[28,29] was chosen as the neuron activation
function. A stochastic gradient descent with momentum
(SGDM) solver[30,31] was then used to train the network. A
momentum of 0.9 and an initial learning rate of 0.001 were

Figure 3. General network design of the convolutional neural network in
the NNBA with an input layer, different layer types, and an output layer
(from left to right).
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chosen as parameters to ensure that the training algorithm con-
verges to the loss functions’ (cross-entropy loss) optimal value.
With a mini-batch size of 64 images and 22 iterations per epoch,
the accuracy of the network was stopped at 1000 epochs (S4).

Based on the findings of the RBA, additional filters were com-
bined with the CNN to generate the NNBA. A morphological
opening filter (MorphOpen) was calculated to improve the detec-
tion performance. Furthermore, a Frangi filter was applied on
images 1–12 when the current density was smaller than
J= 5mA cm�2. The Frangi filter was used to improve the detec-
tion of lamellar deposited Li structures, which were too difficult
to detect by the CNN alone. The Frangi algorithm[32] was origi-
nally designed to detect blood vessels in the human body. Due to
similar appearances between lamellar deposited Li structures
and human blood vessels, the Frangi filter was found to be suit-
able for this case. The three filter types (CNN, morphological
opening filter, and Frangi filter, see Figure 4) were combined
with each other to obtain the binary matrix tfNNBA

tf NNBA ¼ ðtf CNN j tf MorphOpen j ðtf Frangi & J < 5mA cm�2ÞÞ (5)

Furthermore, for every image in the series, the identified pix-
els in the initial state (image 1) were subtracted from identified
pixels by the NNBA to minimize the likelihood of misinterpre-
tations. The final image is then subjected to postprocessing pro-
cedures designed to remove noise, fill small gaps within the
detected deposited lithium, and eliminate artefacts due to reflec-
tions and shadows, as described at the end of Section 2.6.

2.5. Performance Analysis of RBA and NNBA

The performance of both identification algorithms is analyzed by
comparing the resulting binary matrix of the algorithm with the
manually masked image at the end of the CC phase. The

manually masked images (Figure 1d) were converted into binary
matrices. Pixels that were identified as deposited lithium were
assigned the value ‘true,’ and all other pixels were assigned
the value ‘false’. A pixel-by-pixel comparisons (Figure 5b) can
have one of four possible classifications in a confusion matrix:
true positive (tp), false positive ( fp), false negative ( fn), and true
negative (tn).[33,34] Only pixels on the electrode plateau (yellow
area in Figure 1d) were evaluated for the performance analysis.
The performance of both automated approaches was quantified
with the statistical metrics precision P,[33,35] recall R,[33,35] and
F1-score.

[33,35–38] These metrics are defined as

P ¼
P

tp
P

tpþP
f p

,R ¼
P

tp
P

tpþP
f n

and F1 ¼ 2 ·
P · R
P þ R

(6)

Results of the performance analysis of the RBA confirmed
that transitions between domains with low or high current
densities and the transition region are not ambiguous. In previ-
ously published work[8] the transition at J= 0.5 mA cm�2 was
assigned to low current densities, and the transition at
J= 2mA cm�2 was assigned to high current densities, which
complied with electro-chemical and optical data. Figure 5a shows
an example of deposited lithium at the end of the CC-phase for a
current density equal to J= 2mA cm�2 (i.e., transition between
medium and high current densities). Application of the RBA
binary matrix tfhigh for high current densities resulted in false
identification of almost the whole electrode area as pixels with
deposited lithium (see Figure 5c). On the other hand, the appli-
cation of the RBA binary matrix tfmedium for medium current
densities produced a far more realistic result (see Figure 5d).
So, different domain transitions are obtained from automated
image processing when compared to results from electro-
chemical or optical data.

Figure 4. Schematic workflows of a) rule-based approach (RBA) and b) neural network-based approach (NNBA).
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Figure 2 compares the F1-scores of the identification process
for RBA, NNBA, and masking by a second person, where the
masking by the first person was always the reference. All three
approaches have a similar trend: acceptable F1-scores at low cur-
rent densities which increase to good F1-scores at high current
densities. In general, the F1-score of the NNBA was better than
the F1-score of the RBA. Both identification algorithms were opti-
mized or trained using the pixel-based manual masks, and both
approaches did not reach a F1-score of 100%. Furthermore, a
comparison of masking by two different persons did not result
in a F1-score of 100%, but interestingly the trend of the F1-score
for all approaches was very similar. This shows very clearly how
challenging it is to identify deposited lithium on Li metal.

The lowest current density of J= 0.05mA cm�2 has the lowest
F1-score. The reason for the low score can be attributed to the
presence of tiny, deposited Li structures, which were challenging
to be detected. The noise level in the images is of the same order
of magnitude as any variation due to deposited lithium.
Variations in gray scales due to noise might be identified by
the RBA as deposited lithium and result in the creation of seed
points. The NNBA also identified tiny, deposited Li structures on
the electrode surface that are not visible to the human eye.

Table S6, Supporting Information, shows the complete statis-
tical metrics (mean values for precision, sensitivity, and F1-
score). Note that those values include all experiments for the
RBA and only the evaluation experiments for the NNBA since
the training data sets would be biased.

2.6. Segmentation of Pixel Clusters into Instances of Deposited
Lithium

Both identification algorithms identify seed points of the deposited
lithium during the CC phase. Clusters of deposited lithium grew
into larger clusters or agglomerations of clusters when the charge
was transferred. These automatically detected clusters of deposited
lithiummust be separated into individual instances of deposited Li
structures based on their seed points (Figure 6). Single instances
can be detected when two structures have sufficient space between
them. In most cases, a watershed algorithm[37] would allow a
proper instance segmentation, but here the porous morphology

of deposited Li structures and the missing borderlines made it
impossible to separate them with such an approach.

Thus, another instance segmentation process is imple-
mented as part of the postprocessing. Separation of deposited
Li-structures into instances is based on the coordinates of
detected seed points, which are the centroid coordinates of
the first appearance of deposited Li structures on an electrode
surface from previous images in the recorded series. Two binary
matrices were generated from the previous image (Figure 6b):
the first binary matrix contained all instances larger than or equal
to 30 consecutive pixels (tflarge) and the second binary matrix con-
tained all instances smaller than 30 consecutive pixels (tfsmall).
The threshold of 30 pixels was selected to prevent excessive seg-
mentation due to image noise.

In the next step, a morphological thickening process is per-
formed on the binary matrix tflarge. This results in a binary matrix
tfSkelImage that is everywhere equal to ‘true’, except for a 1-pixel
wide band with the value ‘false’ in themiddle of boundary surfaces
of instances (Figure 6c). This process keeps the total number of
instances and holes in these instances constant (Euler number[38]).
The final step computes an instance-separated image with a logical
combination of three binary matrices (Figure 6d).

tf segment ¼ tf large & ðtf SkelImage j tf smallÞ (7)

This logical combination results in a binary matrix where
instances larger than or equal to 30 consecutive pixels from pre-
vious images will be separated while smaller instances stay intact
(Figure 6e).

Deposited Li structures can grow as large and bulky instances
(especially at medium current densities). This results in reflec-
tions of deposited Li structures on the electrode surface, which
are likely to be falsely identified as deposited lithium. Multiple
attempts to prevent these false identifications by pixel-based algo-
rithms have not been successful, so an alternative approach has
been implemented. It is very unlikely that the growth of an
instance will be directed towards the lower edge of the electrode
(Figure 1a, ‘bottom’-side). Changes in the center of mass of
instances can be calculated by comparing centroid coordinates
in the current image with centroid coordinates from previous
images. If this change is towards the lower edge of the electrode

Figure 5. Example of deposited Li structures at J= 2mA cm�2. a) Preprocessed RGB image at the end of the CC phase. b) Confusion matrix with four
possible outcomes to assess the identification process. c) Values from the confusion matrix of pixel-based identification process when tfhigh is applied for
RBA. d) Values from confusion matrix of pixel-based identification process when tfmedium is applied for RBA.
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and the instance has a detectable size, then it can be identified as
a reflection. The reflective part of an instance can be determined
by a shape comparison between its first appearance and the cur-
rent image in the series, and the corresponding pixels can be
removed from the instance.

3. Automatic Quantification of Deposited Lithium

After segmentation of the deposited lithium, individual instances
of deposited Li structures could be quantified as a function of
current density. For instance, the number of instances N could
be counted, or a characteristic length scale L could be determined
for every instance. Based on these two parameters, the volume of
every instance Vinst could be approximated and then summed to
obtain the total volume Vtotal of deposited lithium. These quan-
tifications were automatically evaluated for both RBA and NNBA.
Additionally, N and L are also compared with the results of the
MEA. The fourth section will discuss the time evolution of the
total deposited volume, where the normalized charge throughput
will be used as a time scale. The impact of the sampling rate on
the performance of the automated image processing is shown
and discussed in the fifth section. Note that the algorithms
are applied to images from previous work, where there were
some issues with different ageing of the lithium foils (As stated
in a previous study,[8] the Li deposition experiments were unin-
tentionally conducted with two ‘types’ of Li foils. Li foil from the
same manufacturer and production batch was used. However,
the ordered amount of lithium was distributed over two pouch
bags, which were used one after another. The first set of

experiments was conducted with lithium from the first pouch
bag ( J= 0.1 mA cm�2: 5/5 experiments, J= 1mA cm�2: 5/5
experiments, J= 10mA cm�2: 1/5 experiments), then the
remaining experiments were conducted with Li foil from the sec-
ond pouch bag ( J= 10mA cm�2: 4/5 experiments, all remaining
current densities). Based on the electro-chemical and optical
data, it became clear that the Li foils experienced different
aging although they were stored under inert gas conditions
(Ar-atmosphere, H2O < 1 ppm, O2 < 1 ppm). This was observed
after all 45 experiments (9 current densities � 5 experiments)
were conducted. No electro-chemical evaluation is performed
in this work, instead automated image processing algorithms
are developed and assessed. Consequently, all recorded experi-
ments were used in this work to assess the automated algo-
rithms). While the aging effects had a strong impact on the
electrochemical impedance of the electrode foils, the deposition
behavior did not seem to be impacted significantly. For increased
reproducibility of Li metal-based experiments, we would recom-
mend storing Li foil in a vacuum chamber connected to a glove-
box instead of in the glovebox itself. Additionally, performing a
standardized electrochemical test with the comparable setup con-
ditions using electrochemical impedance spectroscopy or a simi-
lar method is suggested to verify if the Li foil still shows the same
conditions as before. Another experimental approach, presented
by Rospars et al., uses a vacuum thermal evaporation method to
produce Li metal foil with a highly pure surface and a thinner
natural passivation layer.[39] Producing the Li foil with this
method before each experiment should minimize lithium foil
aging-induced deviations.

Figure 6. Example of instance segmentation process for RBA at J= 1mA cm�2: a) Original image. Blue rectangle: area where instances are segmented
(see also Figure 1). b) Binary matrix obtained with RBA identification algorithm with deposited lithium (white pixels) and all other cases (black pixels).
c) Segmentation pattern of growing instances based on individual seed point coordinates. d) Segmentation of pixel clusters by combining (c) with (b).
e) Full view and zoom view of segmented Li deposition structures with corresponding instance labels.
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3.1. Number of Instances

The first property to quantify deposited lithium is the number of
instancesN detected in a single image at the end of the CC phase.
Figure 7 shows the mean number of instances N of all five
experiments as a function of current density J, as they were
detected with the RBA and NNBA, respectively. For the RBA,
the mean number of instances N increases at lower current den-
sities and stays nearly constant for medium current densities.
The trend for the number of instances determined with
NNBA does, in general, resemble the trend of the RBA. The
major deviation between both approaches is at a current density
of J= 10mA cm�2, where N is significantly lower for the NNBA.
This might be attributed to the large charge throughput between
two recorded images (see also Section 3.5), which resulted in a
small number of initial seed points that could be detected in the
first image after the start of the CC phase (image 3). Detection
and separation of individual instances works better when more
images are provided for the same charge throughput. In addi-
tion, the NNBA tends to identify additional false positive pixels
around small instances because the convolution layer causes
smearing of peripheral areas, resulting in additional connections
of seed points that are close together. This is the reason why the
NNBA instance segmentation underperformed for the highest
current density. The filter designed for high current densities
in the RBA was able to detect most instances in the first image
after the start of the CC phase.

In the case of the MEA, a human expert manually counted all
individual instances. Only instances larger than L= 0.2mmwere
counted for current densities smaller than J= 2mA cm�2. The
number of instances for current densities larger than
J= 5mA cm�2 had to be approximated due to the huge number
of deposited Li structures. Instances were counted on a small

portion of the electrode, which would then be upscaled for the
complete electrode area. This procedure carries a risk of selective
data inclusion, which might explain the discrepancy observed
between the MEA and the two automated approaches. For both
the RBA and NNBA, the number of instances corresponds to the
number of identified seed points of all experiments in the full
range of current densities.

It can be concluded that there were significant differences in
the number of instances N for the various approaches. The MEA
disregarded all tiny instances, while both automated approaches
registered all sizes of instances. At the highest current densities,
inaccuracies might be caused in the MEA due to so-called cherry
picking and for the NNBA due to a too large charge throughput
between two recorded images.

3.2. Characteristic Length Scales of Instances

The circumferential diameter can be used as a characteristic
length scale L of each individual instance. It will be used as
the second property to quantify lithium deposition in this work.
The mean characteristic length scale L is determined as the arith-
metic mean value of every instance detected in the images of all
five experiments for a given current density. Figure 8 shows
the determined mean characteristic length scale L as a function
of current density J for both automated approaches and the MEA.
Both automated approaches used the MATLAB regionprops-
function to determine the characteristic length scale of each
individual instance.

In the case of the RBA, the mean characteristic length scale
Lincreases from low current densities to a maximum around
a current density of J= 2mA cm�2. For current densities larger
than J= 2mA cm�2, the length scale decreases to the point

Figure 7. Number of instancesN of deposited Li-structures as a function of current density J determined with the RBA, NNBA and MEA. The dots are the
mean values and the given error bars represent the 25%- and 75%-quantiles.
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where the lowest and highest current density of the complete
range obtained similar values.

At low current densities J< 0.25 mA cm�2, the mean char-
acteristic length scales L detected by NNBA are slightly larger
than those of the RBA or MEA. The NNBA proved to be signifi-
cantly more sensitive to detecting potentially deposited lithium
and therefore identified larger structures at lower current den-
sities. At low current densities, the duration of the experiment
is so long that passivation reactions on the surface or changes
in environmental conditions might lead to severe changes in
the image, that are not triggered by the charge throughput
(Li-deposition process), eventually leading to misinterpreta-
tions in the image evaluation. For higher current densities,
the large charge throughput between two recorded images
results in irregular, extensive clustering of deposited Li struc-
tures that cannot be separated by the segmentation algorithm
(see also Section 3.5). The NNBA does not show a clear maxi-
mum at medium current densities, which is a distinction com-
pared to RBA and MEA. It should be noted that for the NNBA,
only one single neural network is responsible for the pixel-wise
identification. Besides the correct recognition of the deposited
Li structures, an interference-free image sequence is also nec-
essary for the error-free segmentation into instances. The man-
ual masks should also include information on the instance
boundaries to improve the robustness of the instance-based
evaluations.

Note that the MEA has been performed on the trapezoidal raw
image (see Figure 1c), which leads to a position-dependent dis-
tortion of the size of Li structures on the electrode surface. For
better comparability with the MEA results, the length scales of
single instances of both automated approaches in Figure 8 were
purposely retransformed to trapezoidal raw images.

3.3. Approximated Total Volume of Instances

The ultimate objective for the quantification of deposited lithium
is to determine the total deposited volume Vtotal at the end of the
CC phase. Accurate estimations for the total volume of deposited
lithium are only feasible with automated approaches because
each instance of a deposited Li structure must be assessed indi-
vidually. One of the main challenges is to obtain 3D information
from 2D images, which requires some kind of geometrical
modelling. The circumferential shape of instances of deposited
Li structures can be approximated by various geometries such as
spheres, ellipsoids, or rotational bodies. Figure 9a shows an
example of a high-resolution close-up image of an instance,
which was recorded at the end of an experiment with a 100x mag-
nification and a recording angle of 5°. This image will be used to
explain three approximations analyzed in this work.

The first approximation considered all instances to be spheres
(Figure 9b). It is assumed that the diameter is equal to the char-
acteristic length scale L determined in Section 3.2 to determine
the spherical volume Vsphere. The characteristic length scale is
converted into mm units using the scale from the microscope
shown on the images. The major drawback of this approach is
that not all instances have a spherical shape, which causes rela-
tively large errors in the volume approximation.

The second approximation considered every instance as an
ellipsoid (Figure 9c). The volume of an ellipsoid Vellipsoid is deter-
mined by three axes: major axis, minor axis, and height. An auto-
mated image processing can automatically determine the major
and minor axes (length and width) of each instance individually.
The height of an instance is defined as the distance from the seed
point to the top of the bounding box of the instance. For
branched instances (instance area < 0.1 * bounding box area),

Figure 8. Determined characteristic length scales L of instances of deposited Li structures as a function of current density J for both automated
approaches and the MEA. The dots are the mean values, and the given error bars represent the 25% and 75% quantiles.
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the instance height is set equal to the minor axis. The instance
area is defined by the number of pixels that are assigned to this
instance, while the bounding box is the smallest rectangle using
only horizontal and vertical lines that can include the instance.
The advantage of this method over the spherical approximation
is that nonspherical instances can be estimated with higher
accuracy.

The third approximation considered each instance of a depos-
ited Li structure as a fully rotational geometry (Figure 9d). Each
2D plane in the image was segmented into 1-pixel-wide thin
stripes, such that a rotational 3D body can be generated by rotat-
ing the strip around an axis in the plane of the image. This is
done by calculating the volume of every strip, where the diameter
of each strip equals the corresponding length. Finally, all strips
are summed to obtain the volume Vrotation of the rotational body.
With this method, the volume of any geometrical shape can be
approximated with higher accuracy.

Table 2 compares the geometrical approximations to deter-
mine the mean instance volumes of deposited Li structures
V inst at various current densities. The mean value is determined
as the arithmetic mean value of every instance in the five images
for a given current density. There are two conclusions based on
this table. First, the volumes of the spherical model can be an
order of magnitude 10 times larger than both the ellipsoid model
and the model of rotational bodies. This shows the huge disad-
vantage of this approach when the instances do not have a

spherical shape. Secondly, the ellipsoid model and the model
of rotational bodies result in the same range of instance volumes.
For the remainder of this work, the model of rotational bodies
will be used to approximate the instance volumes.

The next step is to determine the total volume Vtotal of the
deposited lithium, which is calculated as the sum over the vol-
umes of each individual instance Vinst in one experiment. The
mean total volume V total is then obtained by calculating the arith-
metic mean value of the five experiments corresponding to one
current density. There are two things to be considered for the
assessment of the total volume. First, part of the Li metal could
be deposited as a thin, homogeneous, planar layer on top of the
surface of the Li metal instead of clearly visible Li-structures. This
layer might not be optically visible, and it can then not be
detected by the automated approaches. Secondly, based on the
total charge throughput of Qtotal= 10.9mAh, it is possible to cal-
culate the theoretical maximum volume that can be deposited as
Vmax= 5.3 mm3 considering the deposition consists only of pure
Li metal without any porosity. Experimental studies using SEM-
EDX, Raman, mass spectrometry, and XRD[40,41] have shown
that the Li metal foils and especially the deposited structures
do not consist only of Li metal but also potentially of decompo-
sition species, e.g., such as lithium carbide species like Li2C2. If
all lithium that is reduced would be deposited as lithium carbide,
the theoretical maximum volume of lithium carbide can be
deposited as Vmax= 5.9 mm3. This number is therefore only

Figure 9. Various geometrical approximations for the volume of instances Vinst of deposited Li structures. a) Image of example instance (100x magnifi-
cation, 5° recording angle). b) Instance volumes are approximated as spheres using a characteristic length scale. c) Instance volumes are approximated as
ellipsoids with major axis (largest diameter), minor axis (orthogonally to major axis), and height (orthogonal to major-minor plane). d) Instance volumes
are approximated as rotational bodies (rotation of 1-pixel wide stripes orthogonal to the instance growth axis).

Table 2. Comparison of geometrical models to approximate the mean volume of instances of deposited Li structures V inst in mm3.

Current density [mA cm�2]

0.05 0.1 0.25 0.5 0.75 1 2 5 10

Vsphere RBA 0.35 0.018 0.035 0.32 0.31 0.51 0.63 0.041 0.27

NNBA 0.092 0.046 0.036 0.17 0.16 0.15 0.21 0.35 2.2

Vellipsoid RBA 0.0012 0.00093 0.00095 0.012 0.010 0.014 0.036 0.0038 0.004

NNBA 0.00011 0.00045 0.00020 0.0019 0.0034 0.0069 0.023 0.0064 0.026

Vrotation RBA 0.0016 0.0013 0.0013 0.016 0.011 0.014 0.043 0.004 0.0047

NNBA 0.00012 0.00052 0.00022 0.0011 0.0026 0.0048 0.015 0.0077 0.025
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11% higher than the deposition of Li metal, and the order of mag-
nitude remains valid for the reference value.

The dots in Figure 10 show the detected mean total volume
V total of deposited Li structures for various current densities. At
low current densities, the detected and deposited volume is rel-
atively small (orange background), which indicates that part of
the Li metal might be deposited as a thin, homogeneous, planar
layer on top of the surface. At high current densities (green
background), the volume has the order of magnitude of the the-
oretical maximum volume, so for high current densities, most
of the lithium is deposited as clearly visible structures. The total
volume can be larger than the theoretical maximum value
because the deposited Li structures have a porous morphology.
The RBA has a sudden increase around a current density of
J= 0.5 mA cm�2 and fluctuates around the theoretical maxi-
mum value for increasing current densities with a relatively sta-
ble uncertainty. Interestingly, the largest volume is at a current
density of J= 2 mA cm�2, which complies with the largest char-
acteristic length scale in Figure 8. The NNBA has a smooth
gradual increase of the total volume with increasing current
densities, which is accompanied with an increasing uncertainty
in the total volume. This intriguing result shows the power of
this approach, since neither the number of instances nor the
characteristic length scale showed such a clear trend (see
Figures 7 and 8). At low and medium current densities, there
is good agreement between both automated approaches, except
for the transition between those regions (viz., 0.5 ≤ J ≤
0.75 mA cm�2). At high current densities, the NNBA has
detected a larger total volume than the RBA, which might be
due to difficulties in the segmentation process in the NNBA
(see Section 3.5).

A direct comparison between the MEA and both automated
approaches is not feasible for the total deposited volume. For

the automated approaches, preprocessing is applied (see
Section 2.2) that cannot be repeated in a manual process.
Furthermore, for MEA, only an assessment with the spherical
approximation is feasible, but this section has shown that this
geometrical model produces large errors.

3.4. Time Evolution of Total Deposited Volume

Automated approaches enable a time-resolved evaluation of
deposited lithium by assessing time sequences of images during
the CC phase. Figure 11 shows such an assessment for the lowest
current density at J= 0.5mA cm�2 and the highest current den-
sity at J= 10mA cm�2, which were evaluated for both the RBA
and the NNBA. The total deposited volume V was based on the
approximation with rotational bodies and is normalized as v= V/
Vtotal, where Vtotal is the respective value at the end of the CC
phase. Time was plotted as normalized charge throughput
q=Q/Qtotal, where Qtotal= 10.9mAh.

In the case of the lower current density J= 0.5 mA cm�2, the
evolution of total deposited volume showed for both automated
approaches an asymptotic behavior towards a linear curve. Both
automated approaches showed a more logistic growth behavior
for the highest current density J= 10mA cm�2. At the start of
the CC phase, numerous small instances were formed, which
led to a significant increase in total deposited volume within
the first q= 20% of the CC phase. Then, individual instances
continued to grow, which led to a further increase of the total
deposited volume at a lower rate of increase.

The fluctuations in the evolution resulted from the iterative
image evaluation of the approaches. For each individual image
of the CC phase, firstly, the pixels were identified that showed
deposited Li structure. In a second step, the identified pixel clus-
ters were separated into instances, then for every individual

Figure 10. Total volume Vtotal of deposited Li structures as a function of current density J for both automated approaches. Volumes are approximated as
rotational bodies, the dots are the mean values, and the given error bars represent the 25% and 75% quantiles.
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instance the rotational volume Vinst was calculated, and these
rotational volumes were summed to determine the total depos-
ited volume V. Growth of instances during the charge transfer
changed the dimensions, contrast, light conditions, and shad-
ows. Since each image in the series is reevaluated on its own
for the NNBA, there might be discontinuities in the identification
of deposited Li structures and the segmentation into instances.

3.5. Influence of Sampling Rate on Automated Image
Evaluation

It has been mentioned in previous sections that the algorithm to
determine characteristic length scales and instance volume
for both RBA and NNBA is not accurate at high current densi-
ties. This might be due to the large charge throughput of
Qeval= 545 μAh between two recorded images, such that too
much is changing between two images. It was assumed that
the performance of the segmentation algorithm would improve
when more images would be available (and consequently
there would be less between the images). An auxiliary experi-
ment was performed at the highest current density equal to
J= 10mA cm�2 with a reduced time interval of tsample= 1 s
between two recorded images to test this hypothesis. The
reduced time interval resulted in Nsample= 300 images and a cor-
responding charge throughput of Qeval= 36.3 μAh (see also
Table 1). Recall that the first image of the CC phase is recorded
after the charge is transferred, so the number of images is equal
to the number of intervals.

It was necessary to use an auto clicker tool (OP Auto Clicker,
Copyright 2022, opautoclicker.com. All Rights Reserved) to
enable a lower sample interval because the KEYENCE software
of the digital microscope did not allow sample intervals smaller
than tsample= 15 s. A second series of images were artificially

generated by deleting images such that Nsample= 20 images,
sample interval tsample= 15 s, and Qeval= 545 μAh were obtained
(see Table 3).

Both the RBA and the NNBA were applied to both series of
images and then compared with the manually obtained mask
of the last image in the CC phase to evaluate the performance
of the pixel-wise identification algorithm. The resulting four
sets of statistical metrics were used to assess the influence of
the charge throughput Qeval between two images on the perfor-
mance of the pixel-wise identification algorithm. The identifica-
tion algorithm of the RBA does depend on the charge throughput
Qeval between two recorded images. The SummedDiff filter
(Section 2.3, high current densities) creates a union of all identi-
fied pixels from the previous images. Due to the large number of
images in this experiment, the filter was oversensitive and
detected each pixel as deposited lithium. This output is con-
firmed by a manual evaluation of the auxiliary experiment by

Figure 11. Example of time evolution of normalized deposited volume v= V/Vtotal, where the normalized charge throughput q=Q/Qtotal is used as a
measure for time.

Table 3. Performance of the RBA and NNBA for an auxiliary experiment at
J= 10mA cm�2 with two different sample rates for the recorded images
(precision P, recall R, and F1-score).

RBA NNBA

Pixel-wise identification algorithm

Nsample Qeval [μAh] P [%] R [%] F1 [%] P [%] R [%] F1 [%]

20 545 97 59 73 98 91 94

300 36.3 97 100 98 98 91 94

Segmentation algorithm

Nsample Qeval [μAh] N N

20 545 1255 728

300 36.3 1654 1303
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the human expert, who identified 97% of the electrode area as
deposited Li structures in the pixel-based manual masking
(see precision P in Table 3). Reduction of the charge throughput
Qeval did not result in any measurable change in the performance
of the pixel-wise identification algorithm in the case of the
NNBA. Table 3 shows both sample rates the F1-score, which were
identical with a value of 94%. The identification algorithm of the
NNBA is independent of the time interval between recorded
images because it does not rely on pixel changes between the
current and previous image.

The bottom rows in Table 3 show for four cases the number of
instances N that were detected with the segmentation algorithm.
For both automated approaches, there was a significant increase
in the number of detected instances when the charge throughput
Qeval between two recorded images was reduced. By recording
more images, there was less charge throughput between two
images, such that the seed point formation prior to the actual
growth of deposited Li structures could be detected more selec-
tively and unwanted clustering could be avoided.

Both automated approaches detected a low number of instan-
ces, when the charge throughput between two images was equal to
Qeval= 545 μAh (see Figure 7). The number of detected instances
N matches better with the MEA in the case of a lower charge
throughput Qeval= 26.33 μAh. When more images per charge
throughput are available for the automated approaches, instances
can be detected earlier, which facilitates instance segmentation. In
conclusion, for optimal instance detection, the charge throughput
Qeval between two images should be low enough to detect each
individual seed point and should be identical for all current den-
sities. Therefore, the charge throughputQeval between two images
should be determined by the highest current density (which has
the fastest processes in this set of experiments).

4. Conclusion

Previous work by the authors showed how optically accessible
cells could be a valuable tool to study the lithium deposition
behavior on Li metal. A recurring challenge in such approaches
is to automatically quantify the amount of deposited lithium
based on the obtained images, which is precisely the objective
of this work. Manual masking of images by two different persons
resulted in far-from-perfect F1-scores, and this observation con-
firmed the challenging nature of developing such a workflow.

The workflow consisted of the following three major algo-
rithms: pixel-wise identification of deposited lithium, segmenta-
tion of pixel clusters into instances of deposited Li-structures,
and instance-based quantification of the amount of deposited
lithium. Two methods to automatically identify pixels with
deposited lithium have been developed: RBA and NNBA. The
performance of both identification algorithms was analyzed by
comparing the obtained binary matrices with manually gener-
atedmasks. The determined F1-scores of RBA, NNBA, andmask-
ing by second person had similar trends, although the NNBA had
a better score than the RBA. Manually generated masks were
used to calibrate filters or train the neural network in the auto-
mated approaches. The low-to-medium andmedium-to-high cur-
rent density transitions identified in this work did not completely
comply with the optical findings of the previous work.[8] These

differences show that the results are sensitive to the chosen
image evaluation approach.

The segmentation algorithm enabled the instance-based char-
acterization of deposited Li structures: number, characteristic
length scales, and volume of deposited instances. There were clear
distinctions in the number of instances determined by the MEA,
RBA, and NNBA. At low current densities, there were almost no
instances for MEA and a noticeable number for both automated
approaches. At high current densities, there was an exponential
growth in the number of instances for the MEA, where the auto-
mated approaches showed a more logistic growth behavior toward
larger current densities. Both automated approaches did not show
the clear maximum in the characteristic length scale at medium
current densities as was shown by the MEA. Instances of depos-
ited Li structures were approximated by three geometrical models
to determine the volume: spheres, ellipsoids, and rotational
bodies. Instances of deposited Li structures do not have a spher-
ical shape, so the circumferential spherical model resulted in large
errors for the determination of the instance volume. Geometrical
models based on ellipsoids and rotational bodies resulted in com-
parable instance volumes. Determination of the total deposited
volume is only feasible due to the automated processing in
RBA and NNBA. The determined total deposited volume at low
current densities indicates that lithium is deposited as a thin,
homogeneous, planar layer on top of the Li metal surface. At high
current densities, the determined total volume of deposited lith-
ium is of the order of magnitude of the theoretical maximum vol-
ume. Furthermore, both automated approaches enabled to assess
the time evolution of deposited lithium volume and show different
behaviors at low and high current densities. Finally, for high cur-
rent densities, the amount of charge throughput between two
recorded images can be too large to detect the seed points cor-
rectly, which causes issues with the segmentation algorithm.

5. Outlook

In this study, a single-carbonate-based electrolyte was used, and
the current rate dependency was evaluated. Recent studies with
Li metal showed highly improved performance using ether-based
electrolytes, localized high-concentration electrolytes, and lique-
fied gas.[42] Future studies should therefore use the methods pro-
posed in this work to evaluate differences in the Li metal
deposition when using other electrolytes that have less electrolyte
degradation and higher lithium deposition reversibility.

The observation of successive deposition and stripping of the
Li metal should also be considered in future work to understand
the formation of dead lithium[43–45] in different electrolytes. The
setup used in this study does not use a separator or solid elec-
trolyte to apply pressure to the Li metal surface. Figure S16,
Supporting Information, shows that structures can therefore eas-
ily break off during deposition. Stripping the deposited Li metal
resulted in most of the structures breaking off rapidly. This
needs to be considered for future experimental designs.

During the manual evaluation of the image data, it seemed
that the lithium depositions are more favorable to happen on
the edges of the foil than on the center part. To quantify this,
the site dependency of Li deposition as a function of current den-
sity was systematically evaluated using heat maps and binary
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quantification grids (see Figure S17, Supporting Information).
The results show that at low and medium current densities,
Li preferentially deposits at the electrode edges, while at higher
current densities, deposition becomes more uniform across the
entire electrode surface. Quantitative analysis (Table S18,
Supporting Information) reveals that the selectivity for edge
deposition is most pronounced at certain intermediate current
densities, but diminishes as current density increases, leading
to nearly site-independent deposition at the highest values.
These findings highlight a measurable correlation between cur-
rent density and the spatial distribution of Li deposition, suggest-
ing that electrode geometry and surface-to-edge ratio may further
influence this behavior. Experimental setups for future studies
should therefore try to mask the edges of the electrode to hinder
lithium deposition at those sites.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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