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1 | INTRODUCTION

High-energy lithium-ion batteries are utilized in various
electronic devices, electric vehicles, and electric
aviation."™ Consequently, the development of cathode
materials is imperative for enhancing battery durability
and reducing production costs. Nickel (Ni)-rich layered
oxides, LiNi,Co,Mn,0, (NCM), which demonstrate high
energy density and relatively low cost, are among the
most promising cathode materials.*”” However, the prac-
tical utilization of Ni-rich NCM remains challenging due
to intricate chemo-mechanical degradation phenomena,
including surface lattice collapse, Ni leaching, and transi-
tion metal (TM) dissolution, which decrease the battery
cycle life and safety.* ! To ensure the stable and sustain-
able performance of batteries, the formation of a concen-
tration gradient in the composition and high sphericity
are essential.’*** In addition, while the inhibition of
NCM particle cracking has been widely recognized as a
way to reduce capacity fade,">” challenges related to
precise concentration control and compositional inhomo-
geneity in large-scale production processes have hindered
the successful translation of these cracking inhibition
strategies from the laboratory scale to industrial
manufacturing'® (Figure 1A).

In lithium-ion batteries that include an anode and a
cathode (Figure 1B), obtaining a uniform composition, a
narrow size distribution, and a high tap density is essential
for NCM precursor production'® (Figure 1C). For this pur-
pose, batch processing and the continuous stirred tank
reactor (CSTR) process have been adopted.”*' While the
CSTR provides advantages such as lower temperature and
concentration variations compared to batch reactors, it also
presents challenges including inhomogeneities in particle
size and morphology, process complexity, and batch-
to-batch variability.* Instead, a continuous Couette-Taylor
flow reactor (CTFR) has been considered because of its
highly uniform micro-mixing, shorter reaction times, and
rapid reaction kinetics that enable the production of dense
particles. However, the CTFR also has limitations in fully
implementing complex properties such as sphericity and
the concentration gradient of precursors to ensure consis-
tent quality.”® Therefore, to ensure the reliable production
of the high-dimensional precursor properties (sphericity

production of NCM precursors, ensuring both high yield and performance

domain adaptation, machine learning, mass production, nickel-rich layered oxides cathode,
process monitoring, schedule optimization

and concentration gradient), it is essential to elaborately
control the stirring speed, pH, and NH,OH concentration
for each reaction step through continuous automated batch
processing. Specifically, when ammonia concentration and
pH are not suitably regulated, Ni leaching becomes a
prominent factor, leading to particle crack formation.*
This phenomenon results in a decline in precursor quality,
emphasizing the need to optimize the schedule to mitigate
Ni leaching. Moreover, at the industrial scale, equipment
failures and control errors may lead to Ni leaching and
non-uniform precursor quality, resulting in performance
degradation of the final product and enormous economic
losses due to production interruptions and material dis-
posal (Figure 1D).

Machine learning has emerged as a solution for moni-
toring manufacturing processes, with applications in vari-
ous fields such as aerospace,** additive manufacturing,*>*
and photovoltaic cells.”” These applications involve the
construction of classification and regression models for
condition monitoring and defect diagnosis, leveraging sta-
tistical patterns found in large datasets. In addition,
machine learning has been applied to the battery to opti-
mize charging operation, segment electrode particles, and
predict cell state and structural degradation.”®**° Despite
extensive research on process technologies for stable cath-
ode material production,'**'~** there is a dearth of research
on in situ monitoring to maintain production stability. In
addition, as equipment aging and external environmental
factors can cause performance degradation over time due
to differences between model training data and actual oper-
ating environmental data, it is necessary to establish a
robust model despite domain fluctuations.*>=°

In this study, as shown in Figure 1E, a comprehensive
analysis of the Ni leaching mechanism at a large scale
has been conducted to optimize the reaction schedule
applicable to large-scale production and minimize Ni
leaching. This analysis has enabled the stable mass pro-
duction of cathode materials. Furthermore, an analysis of
the battery cycle performance and the voltage profile has
confirmed that the produced NCM precursor exhibits
excellent electrochemical properties and high yield, both
at the laboratory scale and at the industrial scale. In addi-
tion, since machine learning model performance
degrades over time due to differences between training
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FIGURE 1 Legend on next page.
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data and actual operational environment data caused by
equipment aging and external environmental factors, a
domain adaptation model was developed that extracts
defect characteristics from time-series data despite data
variability.””® Using time-series data of equipment con-
dition and operating schedule, the domain adaptation
model achieved 97.8% accuracy in defect detection. In
addition, the cost losses due to production downtime and
material disposal were reduced by $1.59 million (93.3%)
per year. This contribution ultimately leads to the devel-
opment of actionable guidelines for the manufacturing
process.

2 | RESULTS AND DISCUSSION

2.1 | Influencing factor and optimization
of chemical dispensing

The formation and quality of NCM precursors are
influenced by various process parameters, including pH,
agitator rotational speed, and NH,OH concentration
(Figure 2). A detailed analysis was conducted on an
industrial reactor with a capacity of 11.5 m> to demon-
strate the impact of these factors on the morphology,
composition, and electrochemical performance of the
precursor. Except for the comparison factor, all other
conditions were strictly controlled to ensure consistency.
A comparative analysis was conducted to determine the
standard optimal reaction conditions, while the process
was controlled based on these optimized parameters, as
discussed in the Schedule Optimization section. The range
of the initial concentration of NH,OH was selected to
avoid significantly affecting the solution pH,*>* while
the pH range of the solution was determined based on a
literature review, which typically reports experiments
conducted between pH 9 and 11.*~** Additionally, since
particle size increases up to a certain agitator rotational
speed and then decreases beyond this threshold,* our
experiment was designed to identify the threshold by
gradually reducing the agitator speed by 100 rpm.

Figure 2A presents scanning electron microscopy
(SEM) images illustrating the effect of pH on particle size
and shape. At pH 9, the particles exhibit an irregular

shape and loose agglomeration, indicating incomplete or
unstable growth. As the pH increases, the sphericity of
the particles improves, leading to increased uniformity,
suggesting that the reaction rate has accelerated and
enhanced particle growth (Figure S1A). The
corresponding charge-discharge voltage profiles in
Figure 2B provide a comparative analysis of the electro-
chemical performance of NCM precursors synthesized
under varying pH conditions. The voltage retention char-
acteristics and capacity variations in the charge-
discharge curves are crucial indicators of battery perfor-
mance, which are directly influenced by the precursor's
particle shape and sphericity."* The particles formed at
pH 9 show a sharp voltage drop during the discharge pro-
cess due to their structural instability and irregular mor-
phology, as shown in Figure 2A,B. However, samples
synthesized at pH 10 and 11 show a more gradual dis-
charge curve, reflecting stable electrode reactions and
high reversibility. Notably, the sample synthesized at
pH 11 exhibits the highest voltage retention and capacity
during discharge. This phenomenon is attributed to the
highest degree of sphericity exhibited by the precursor
particles under pH 11, thereby facilitating uniform ion
diffusion within the electrode.'* In addition, as the reac-
tion progresses, the particles undergo gradual growth,
resulting in a more uniform size distribution, which con-
tributes to high specific capacity over cycles and stable
electrochemical reactions within the electrode
(Figures S2A and S3A). Consequently, the optimal bat-
tery performance observed at pH 11 results from the for-
mation of highly spherical and structurally stable
precursor particles, which minimize voltage drop during
charge-discharge cycles, reduce internal resistance, and
enhance overall battery performance.

The agitator rotational speed is a pivotal parameter
that governs mass transfer and the intensity of mixing in
the reaction solution, directly influencing the precursor
growth process and final morphology.*> At 500 rpm, the
particles exhibit uniform growth with excellent sphericity
as the reaction progresses gradually, allowing for uniform
growth in both particle size and shape (Figure 2C). How-
ever, at 600 rpm, agglomerated particles are observed,
and at 700 rpm, excessive agitation speed leads to particle
breakage and non-uniform sizes. At higher agitation

FIGURE 1

Schematic diagram of the NCM cathode production and its structure. (A) The fabrication process of the NCM cathode varies

depending on the scale, whether in a laboratory or industrial setting. Industrial-scale production necessitates optimizing schedules and

monitoring processes, as the management of substantial quantities of chemicals can lead to nonuniform fabrication. A laboratory-scale

recipe yielded a diminished yield when scaled up to a larger manufacturing scale. (B) A lithium-ion battery consists of an anode and a

cathode, with the cathode comprising (C) NCM particles. (D) The production line comprises chemical tanks, a pre-mixer, and a reactor.

(E) The flowchart for mass production of NCM cathodes. The optimized chemical schedule is employed for production, and facility defects

are predicted based on collected equipment sensor data.
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FIGURE 2 SEM image of various influencing factors for NCM particle size and quality: (A) pH, (C) agitator rotational speed, and

(E) initial NH4OH concentration (scale bar: 5 um). The charge and discharge voltage profiles illustrate the effect of influencing factors on
battery performance: (B) pH, (D) agitator rotational speed, and (F) initial NH,OH concentration. (G) FIB image and (H) EDS analysis of
properly formed NCM precursors showing high circularity and gradual gradient ratio change of Ni, Co, and Mn. (I) Residual and

(J) precipitation composition of Ni, Co, and Mn during the production of NCM precursors. Effect of NaOH addition on (K) absorbance and
solution pH and (L) residual metal composition. The yellow area represents the period of increasing NaOH addition, during which the
solution pH rises, accelerating Ni precipitation while reducing unprecipitated TM.

speeds, the strong fluid dynamics within the reaction
solution disrupt the particle growth process, resulting in
irregular formations and microstructural defects.*® The
precursor synthesized at 500 rpm exhibits the most stable
charge-discharge voltage curve and the highest capacity
(Figure 2D). This result is attributed to the uniform parti-
cle distribution and high sphericity (Figures 2C and S1B),
which facilitate effective ion diffusion within the battery,

thereby minimizing internal resistance. Additionally, the
reduced incidence of structural defects within the parti-
cles leads to negligible deterioration in performance dur-
ing cycling, ensuring optimal reversibility. In contrast, at
600 rpm, partial agglomeration resulted in some non-
uniformity, while at 700 rpm, excessive agitation speed
induced surface roughness and increased internal struc-
tural defects, accelerating the degradation of specific
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capacity and capacity retention during charge-discharge
cycles (Figures S2B and S3B).

NH,OH serves as a primary reactant that regulates
the pH of the reaction solution and facilitates the precipi-
tation reaction by forming complexes with metal ions
(Ni**, Co*", Mn*"). As a result, variations in NH,OH
concentration directly affect the precipitation rate of
metal ions and particle growth characteristics
(Figure 2E). At a relatively low pH (x0.8 NH,OH concen-
tration), the reaction solution delays metal ion precipita-
tion and slows particle growth, preventing proper
agglomeration and resulting in small, irregularly shaped
particles. Additionally, weak interparticle adhesion
results in a porous structure with low sphericity. As
NH,4OH concentration increases, the well-regulated com-
plexation and higher pH accelerate metal ion precipita-
tion, leading to faster particle formation and enhanced
precursor sphericity. Although excessively rapid reactions
typically induce internal stress and cause particle crack-
ing, the precursor at x1.2 NH,OH concentration main-
tains high sphericity and a densely packed structure
despite the increased reaction rate. This finding suggests
that appropriate regulation of the dissolution and
reprecipitation processes of metal ions can establish a sta-
ble reaction environment. When NH,OH concentration
is low (x0.8), the small particle size and irregular inter-
nal structure hinder lithium-ion (Li") diffusion within
the electrode, resulting in reduced capacity retention and
voltage stability (Figures 2F and S1C). As NH,OH con-
centration increases, the precursor achieves higher sphe-
ricity and a denser structure, enhancing lithium-ion
diffusion, electronic and ionic conductivity, and overall
battery performance. Additionally, the maintenance of
high sphericity enables uniform electrolyte contact,
thereby minimizing internal stress accumulation during
charge-discharge cycles and enhancing long-term cycling
stability and specific capacity (Figures S2C and S3C).

The impact of various parameters on NCM precursor
particles is evaluated using two metrics: average particle
size (d50) and the sphericity of d50, where sphericity rep-
resents how closely a particle approximates a perfect
sphere as shown in Table S1. As the pH and NH,OH con-
centration of the solution increase and the agitator rota-
tional speed decreases, both the particle size distribution
and the sphericity at the average particle size increase
(Figures S4 and S5).

The focused ion beam (FIB) cross-sectional image in
Figure 2G reveals a well-formed NCM precursor with a
highly spherical shape. This high sphericity promotes
uniform electrolyte penetration into the electrode, facili-
tating smooth lithium-ion diffusion and enhancing
charge-discharge efficiency. As shown in Figure 2H,
energy-dispersive x-ray spectroscopy (EDS) analysis

confirms that Ni is primarily concentrated in the core of
the precursor particle, while Co and Mn concentrations
gradually increase toward the surface, forming a concen-
tration gradient. The overall distribution of Ni, Co, and
Mn in the precursor is set at 83.8%, 12.4%, and 3.8%,
respectively, with an error rate of less than 0.5%. This ele-
mental distribution positively influences battery perfor-
mance, particularly by enhancing stability and cycle life.
Specifically, Ni contributes to high capacity; however,
excessive Ni content can cause structural instability and
oxygen release, which may compromise the battery's
thermal stability. In contrast, Co enhances electrical con-
ductivity and structural integrity, while Mn improves
structural stability and extends cycle life. Therefore, con-
centrating Ni in the core while positioning Co and Mn
toward the surface optimizes both structural stability and
electrochemical performance of the battery."?

When Ni is concentrated on the surface, the high
lithium-ion diffusion rate can induce structural collapse
and surface cracking. However, the presence of Co and
Mn on the surface enhances mechanical stability
and mitigates the volumetric stress caused by Li-ion
insertion and extraction. As a result, the mechanical
integrity of the electrode is preserved over extended
cycling, preventing precursor particle degradation and
ultimately extending battery lifespan. We optimized the
residual and precipitated composition of Ni, Co, and Mn
over time during NCM precursor synthesis, showing how
metal ions precipitate at different rates to regulate the
internal composition of the precursor, with Ni precipitat-
ing first, followed by Co and Mn, forming the concentra-
tion gradient (Figure 2LJ). This precipitation sequence is
governed by differences in the solubility and reaction
kinetics of the metal ions. Due to its lower solubility,
Ni(OH), rapidly precipitates to form the precursor core,
followed by the gradual precipitation of Co and Mn to
form the shell. Through systematic optimization, we
demonstrated that precise control of reaction rates is
essential for establishing a well-defined elemental gradi-
ent. Based on our optimized schedule, we successfully
optimized reaction conditions to ensure sequential pre-
cipitation of Ni, Co, and Mn, thereby improving precur-
sor uniformity and electrochemical performance
(Figures 2G,H and S6).

However, as excessive Ni retention in the solution
may lead to incomplete precursor formation, an analysis
was also conducted on the effect of NaOH addition in
regulating Ni precipitation. As shown in Figure 2K, the
absorbance of the Ni complex (Ni(NH;)s>") was mea-
sured to illustrate how Ni complexation changes upon
NaOH addition. Typically, Ni*" ions form a stable
Ni(NH;)s*" complex in the presence of NH,OH. How-
ever, as NaOH is introduced, the pH increases, leading to

850807 SUOWIWOD 8A1TE81D 3|dedldde aup Aq peuenob afe Saoile YO ‘8SN JO SaINJ J0j AkeidT8UlUO AB]I UO (SUONIPUOD-PUE-SWIBI WD A8 | 1M AeIq | BUl UO//:SANY) SUORIPUOD pue Swie | 81 83S *[9202/T0/02] Uo A%iqiTaulluo A8|IM 'JO 8Imisu| [euolieN Ues|n A TE00L ZJU1/Z00T 0T/I0p/wod A8 imAeiq Ul |uo//:Sdny wo.j pepeojumod ‘. ‘5202 ‘S9TELISZ



SEO ET AL.

WILEY_L 7"

the dissociation of Ni(NH;)s>" and the subsequent pre-
cipitation of Ni(OH),. Initially, Ni*" remains stable in
solution due to NH,OH complexation, but as NaOH is
added and the pH rises, Ni*" binds with OH™ ions to
form Ni(OH), precipitates.

If NaOH is added too rapidly, local pH spikes can
induce rapid supersaturation, leading to the formation of
oversized particles. Conversely, if NaOH is added too
slowly, prolonged Ni dissolution may cause inconsis-
tencies in particle growth. The flow rate of NaOH was
controlled on a per-minute basis as shown in Figure S7,
with an average flow rate of 206.67 kg h™'. To evaluate
the uniform distribution of NaOH, the pH at the four
points in the reactor was measured, revealing an error
range of less than +0.25 pH from the target pH of 11.2
(Figure S8).

Figure 2L analyzes the impact of NaOH addition on
the concentration of unprecipitated transition metal ions.
The yellow-highlighted region in the graph indicates that
as NaOH is incrementally introduced, the concentration
of unprecipitated Ni** decreases sharply, signifying the
onset of Ni precipitation. A precisely controlled NaOH
addition rate facilitates the gradual and uniform precipi-
tation of Ni*", ensuring consistent precursor growth.
However, excessive NaOH dosing may trigger
uncontrolled Ni precipitation, introducing structural
defects within the precursor particles. In contrast, an
insufficient NaOH supply can result in excessive Ni*"
retention in solution, leading to compositional inhomo-
geneity in the precursor.

2.2 | Selection of production parameters

In the NCM precursor production process, precursor for-
mation occurs progressively through the processes of
nucleation, agglomeration, and growth (Figure 3A). A
comparison of the precursor morphology using SEM after
1, 3, 7, 15, and 18 h reveals that the initially polygonal
particles gradually aggregate and transform into spherical
structures over time. Notably, the use of our optimized
reaction schedule ensures high sphericity of the particles,
resulting in a uniform concentration gradient. To further
quantify this, the variation in Ni, cobalt (Co), and manga-
nese (Mn) composition across the precursor thickness at
different reaction times was observed by EDS. The pre-
cursor exhibits a characteristic gradient structure, where
Ni concentration is relatively higher at the core, while Co
and Mn concentrations increase toward the shell. This
gradient concentration shows a pattern of intensity
decrease over time in x-ray diffraction (XRD) analysis
(Figure S9). As growth progresses, the composition gradi-
ent leads to increased lattice strain and surface ion

rearrangement, resulting in a gradual reduction in sur-
face crystallinity.

In large-scale commercial production, continuous
operation increases the risk of process anomalies or
equipment failures, leading to irregular precursor sphe-
ricity and a disrupted concentration gradient. To address
this, we developed an Al-driven process monitoring
model to detect and mitigate such issues, ensuring prod-
uct consistency and performance. We collected data from
the industrial facility to train an artificial intelligence
(AI) model, where data from 3 days (D-3), 2 days (D-2),
and 1 day (D-1) prior to a failure occurrence were labeled
as defective, while post-maintenance data were labeled as
normal (Figure 3B). Each data point comprises 64 800
time steps and 51 parameters, including the rotational
speed and frequency of the pump and reactor.

Figure 3C provides an overview of the schedule opti-
mization and Al-based process monitoring system. First,
the target chemical composition (Mg is defined,
followed by adjusting core and shell solution concentra-
tions and precise control of NaOH and NH,OH flow rates
to determine the optimal reaction schedule. Second, the
flow rates of core, shell, NaOH, and NH,OH are precisely
controlled according to the optimized reaction schedule
at any given moment. During operation, our developed
Al model predicts errors, enabling early detection and
correction of any deviation from the set schedule, thereby
improving process stability and minimizing quality varia-
tion. This Al-based monitoring system is trained on two
key datasets: operational schedule monitoring data and
equipment condition monitoring data. Operational
schedule monitoring ensures that core, shell, NaOH, and
NH,OH flow rates adhere to the predefined reaction
schedule, while equipment condition monitoring detects
anomalies by analyzing variables such as motor speed,
current, pressure, and temperature. For example, the
motor speed gradually increases and maintains a stable
pattern during normal operation (Figure 3D), while a sig-
nificant irregularity occurs between time steps 30 000
and 40000, just prior to the equipment failure
(Figure 3E).

2.3 | Domain adaptation-assisted NCM
cathode monitoring

We initially developed an ensemble model for failure pre-
diction in the NCM precursor co-precipitation process
(Figure S10). However, the prediction accuracy of the
new dataset, where domain shift occurred due to equip-
ment aging and repair, was reduced (Figures S11 and
S12). From previous results, we observed that due to
aging equipment and external environmental factors,
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FIGURE 3 Schematic diagram of (A) the particle formation mechanism during NCM precursor co-precipitation and the corresponding

SEM-observed particle shapes, while EDS analysis presents the TM ratio at various positions of the precursor after 1, 3, 7, 15, and 18 h.

(B) The dataset comprises two distinct data types: normal and defective. The period ranging from 3 days to 1 day preceding the malfunction

was designated as defective. The following visualization illustrates the parameter of pump rotation speed for both the (D) normal and

(E) defective data. (C) Proposed workflow of industrial-scale production of NCM precursors: Schedule optimization and process monitoring.

differences may arise between model-trained data and
actual operational data, potentially leading to perfor-
mance degradation over time (Figures S13 and S14).

Accordingly, we developed a domain adaptation model
capable of extracting common defect features despite data
variability. The model was trained using the preprocessed
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data from the data preprocessing section, which is
divided into source, target, and validation datasets
(Figure S15).

The domain adaptation model comprises two predic-
tion models, each of which is based on a distinct dataset
type (Figure 4A). The first prediction model comprises an
extractor, which extracts features from source data, and a
classifier, which classifies the defective state. The second
prediction model is made up of an extractor, which
extracts features from target data, and a classifier,
which classifies the defective state. Convolutional neural
networks®’” are utilized as image feature extractors to
investigate spatial pattern alterations between variables
and identify defect patterns that repeatedly manifest at
specific locations. Meanwhile, gated recurrent units™
serve as time-series feature extractors, learning pattern
changes over time from process sensor data to detect
rapid changes or aperiodic variability. The first model
serves as a direction guidance model for the creation of
the second model, and the final validation stage employs
the second model for predicting the defective state. While
classifiers are trained separately for each dataset, the fea-
ture extractor generates feature maps from both source
and target data, aligns the source feature map with the
target, and maximizes the distribution distance between
normal and defective features, effectively mitigating the
domain shift between source and target data.

The training process of the model is structured in four
phases (Figure 4B). The first phase involves training the
prediction model to minimize the classification loss
(Lcrsa) of the source dataset. To achieve this objective,
an image feature extractor (IF1) and a time-series feature
extractor (TF1) are utilized to extract features. These fea-
tures are then concatenated and input to classifier CI.
During the training phase, the weights of IF1, TF1, and
classifier C1 are updated through backpropagation until
the gradient of the classification loss approaches zero.
This process allows classifier C1 to distinguish more
accurately between normal and defective data. In the sec-
ond phase, the prediction model is trained to minimize
the classification loss (Lcrs,) of the target dataset. This
phase follows a similar procedure to the first phase but
utilizes a separate image feature extractor (IF2) and time-
series feature extractor (TF2) to extract features from the
target dataset. The extracted features are then
concatenated and fed into classifier C2, which undergoes
training to optimize the classifier weights. The third and
fourth phases involve training the model to reduce the
discrepancy between the source and target domain fea-
tures. During these phases, features extracted from the
source domain (IF1 and TF1) and the target domain (IF2
and TF2) are concatenated, and optimization is
performed to minimize the feature distribution gap

between them. The distance loss between feature points
extracted from the source and target datasets is defined
as domain loss (Lpomain)- In the case of a substantial dis-
crepancy between domains, the feature vectors of the
source and target domains are aligned and corrected
through the maximum mean discrepancy.*’ This process
ensures that the feature spaces of the source and target
domains are adjusted to be more similar while simulta-
neously minimizing the classification loss (L¢rs,) of the
target data. The training process is terminated when
the sum of losses (Lcrs1, Lersa, and Lpomain) Teaches a
predefined threshold.

The SEM image of the precursor particles synthesized
under the optimized schedule with Al-based process
monitoring reveals high sphericity and a uniform size
distribution (Figure 5A). The lower-magnification SEM
images are shown in Figure S16. In addition, the particle
size distribution of the precursors was determined by
applying image processing, including Canny edge detec-
tion®® to effectively extract particle boundaries
(Figures 5B,C and S17). From the processed image, mor-
phological characteristics of the particles were quantified
using key indicators such as sphericity, edge roughness,
and circularity, as shown in Table S1. Additionally, the
particle size distribution analysis (Figure 5C) confirmed a
narrow particle size distribution and high tap density.

The performance of the developed domain adaptation
model was verified using the confusion matrix and
receiver operating characteristic (ROC) curve, as well as
its area under the curve (AUC) (Figure 5D,G). The
domain adaptation model achieved an accuracy of 97.5%
on the validation dataset and an AUC of 0.99, thereby
significantly outperforming the ensemble model (AUC
0.53). The reduction in loss values contributes not only to
improved classification accuracy but also to enhancing
the generalization ability of the model, ensuring consis-
tent performance under various process conditions
(Figure 5E). The stable reduction and convergence of loss
values across all datasets demonstrate the model's capac-
ity to overcome domain differences and adapt effectively
to real-world process environments, ensuring high adapt-
ability and predictive accuracy. In addition, the domain
adaptation model had a longer prediction time than the
single model but was 39% faster than the ensemble model
while maintaining superior accuracy and stability
(Figure 5H).

Notably, the model does not simply distinguish
between normal and defective states but also shows a
progressive increase in defect probability corresponding
to the severity of actual defect levels (Figure 5F). This
indicates that the model provides highly reliable predic-
tions not only for the presence of anomalies but also for
their severity. For normal samples, the predicted defect
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FIGURE 4 (A)Domain adaptation involves four steps, including learning and optimizing for both the source and target datasets. Blue and

red circles with dotted borders indicate normal and defective source data, respectively, while green and yellow circles with solid borders indicate

normal and defective target data, respectively. (B) Schematic diagram illustrating each step in the domain adaptation process. Feature extractor

extracts feature maps from both source and target data, transforms the target feature map to match the source, and maximizes the distribution

distance between normal and defective features, thereby reducing the domain shift between source and target data.

probability is concentrated near zero, whereas for defec-
tive samples, the distribution shifts toward values closer
to one as the defect severity increases. Although the pre-
diction was unsuccessful in some instances 3 days before
failure (Level 1), all normal cases and cases up to 2 days
before failure (Levels 2 and 3) were accurately predicted,

enabling appropriate corrective actions before the failure
occurred. Consequently, implementing an Al-based pro-
cess monitoring system on the industrial facility resulted
in a significant annual cost reduction of $1.59 million
(93.3%), driven by decreased defect rates, enhanced pro-
duction efficiency, and minimized material waste
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FIGURE 5 The precursor quality result of the mass production with optimal schedule and process monitoring: (A) appearance from SEM

image, (B) its segmentation, and (C) volume fraction, indicating high tap density and narrow size distribution with a concentration gradient. The

training history and performance evaluation of the domain adaptation model: (D) confusion matrix for the validation dataset, (E) loss history,

(F) probability predicted from the model, (G) ROC curve, and (H) prediction time compared to single and ensemble models. (I) Comparison of

loss cost before and after the application of AL Using Al for monitoring results in up to a 93.3% decrease in material loss and production loss costs.

(Figures 51 and S18). The cost savings result from a
reduction in both production and material losses. On
average, 30 batches fail per year, while our proposed
method reduced failures to only 2 batches in the same
period, resulting in a total savings of approximately $1.59
million, representing a 93.3% reduction in losses com-
pared to the existing method. This improvement is attrib-
uted to the prevention of production losses amounting to
$951 605 and material losses of $637 660 (Table S2).

2.4 | Explainable artificial intelligence

Explainable artificial intelligence (XAI) was employed to
diagnose failures and optimize the process by identifying
critical defects and analyzing their impact on precursor

morphology. Figure 6 shows a case study where the Al
model successfully detects and localizes defects in the
system, enabling targeted maintenance and improving
production efficiency. The schematic in Figure 6A repre-
sents the precursor synthesis setup, where multiple feed
tanks supply reactants to the premixer and subsequently
to the reactor. The AI model identified three significant
defect cases. Case 1 involves a tear in the rubber hose of
the return pump, resulting in reduced mixing efficiency
in the reactor. This failure affects the uniform dispersion
of the reactants, resulting in heterogeneous precursor for-
mation. Case 2 is a failure in the piping that delivers the
core solution to the premixer, disrupting precursor for-
mation and resulting in an inhomogeneous particle size
distribution. Case 3 is a structural failure in the NaOH
solution feed line to the reactor, which alters the
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chemical reaction kinetics and causes significant particle
agglomeration. Each of these failures has a direct impact
on the precursor synthesis process, leading to deviations
in particle morphology and yield reduction.

Figure 6B illustrates the stepwise defect diagnosis
process using XAlI, correlating predicted failures with
actual defects and their effects on precursor morphol-
ogy. The analysis follows three stages. First, real-time
sensor data is processed through the AI model, generat-
ing heatmaps using class activation mapping (CAM) to

highlight the most influential areas for defect predic-
tion. The red regions in the heatmaps indicate a grow-
ing likelihood of defects over time, as the affected
components increasingly deviate from normal opera-
tional patterns. Second, physical inspections of the
predicted failure locations confirm actual damage
corresponding to the AI predictions. Case 1 showed a
torn rubber hose in the return pump, Case 2 revealed a
cracked pipeline at the core solution inlet, and Case
3 exhibited severe pipeline corrosion in the NaOH feed
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FIGURE 6 A case study on the application of XAI for defect diagnosis and process optimization in precursor synthesis. (A) The
schematic illustrates the precursor synthesis process, highlighting three critical failure cases identified by the AI model: (Case 1) A tear in
the rubber hose of the return pump, which reduces the mixing efficiency of the reactor; (Case 2) Damage in the core solution pipeline
entering the premixer, which disrupts precursor formation; and (Case 3) Structural failure in the NaOH solution pipeline feeding into the

reactor, affecting chemical reactions. (B) Defect diagnosis and its effect on precursor morphology: Each row corresponds to one of the three

failure cases, presenting a stepwise analysis from real-time defect prediction to SEM-based precursor morphology evaluation. (Scale bar:
10 pm) In the segmentation results, white represents high-sphericity precursors without cracks, while green indicates defective or unsuitable

precursors.
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line. The AI model accurately pinpointed these failures,
validating the effectiveness of XAI in defect diagnosis
(Figures S19-S21). Third, the effect of each failure on
the precursor morphology was examined using SEM
imaging. Inefficient mixing in Case 1 resulted in irregu-
larly shaped precursor particles with a wide size distri-
bution. A pipeline crack in Case 2 led to the formation
of smaller, fragmented particles, reducing process yield.
The NaOH pipeline failure in Case 3 caused severe par-
ticle agglomeration, further lowering product quality.
The segmented SEM images confirm the increase in
non-uniform particles, emphasizing the direct impact
of process defects on precursor morphology.

By implementing this approach, we successfully scale
up NCM precursor production to over 2 tons
(Figure S22), achieving 83% capacity retention after
500 cycles at a 1C rate (Figure S23). In addition, our pro-
posed method achieves capacity retention at 500 cycles,
comparable to previously reported values at 100 cycles,
while being produced in a reactor at least 57.5 times
larger (Figure S24 and Table S3).

The operation parameters of the battery have been
found to be critical in optimizing the performance of
alternative battery materials such as lithium nickel cobalt
aluminum oxides (NCA) and lithium iron phosphate
(LFP). For example, the NCA cathode exhibits a correla-
tion with the pH value, ammonia concentration, and cal-
cination temperature.” In addition, the LFP cathode
demonstrates a correlation with the solution pH, concen-
tration of NH,", and temperature.>>® As the proposed
method is developed to identify the features and correla-
tions between parameters and cathode quality, once the
data is collected using a constant method, domain
adaptation-based real-time monitoring and optimization
can be applied to other battery materials.

3 | CONCLUSION

In this study, we optimized the reaction schedule and
developed an Al-based monitoring system to enhance
concentration gradient formation and sphericity in the
large-scale co-precipitation process of NCM precursors.
By analyzing the Ni leaching mechanism under varying
agitator rotational speeds, pH levels, and NH,OH concen-
trations, we identified critical parameters influencing pre-
cursor morphology and composition. Structural and
elemental analyses using SEM and EDS confirmed the
effectiveness of our approach. Furthermore, we intro-
duced an XAl-based domain adaptation model for pro-
cess monitoring, enabling real-time defect detection and
seamless adaptation to domain shifts caused by equip-
ment aging and environmental variations. As a result,

our optimized process not only ensured the stable mass
production of NCM precursors (>2 tons) but also
achieved a 93.3% reduction in cost losses, significantly
enhancing production efficiency. This work establishes a
robust framework for the scalable and high-quality
manufacturing of Ni-rich layered oxide cathodes, thus
supporting the development of next-generation high-
energy batteries. Our contributions lie in the novel inte-
gration of AI and process optimization to address key
challenges in large-scale NCM precursor production, pro-
viding both technological and economic advancements
for the battery manufacturing industry.

4 | EXPERIMENTAL SECTION

4.1 | Fabrication facility for NCM
cathode

The synthesis of NCM precursors was carried out using
an industrial reactor through a controlled co-
precipitation method, consisting of 21 schedules and a
total reaction time of approximately 1080 min (18 h).
During the reaction, the metal solution was continuously
supplied at a controlled flow rate, while the metal core
and shell were precisely regulated at their respective flow
rates. The core-to-shell ratio was maintained at approxi-
mately 1.0015 to optimize the reaction balance. The reac-
tion was performed in an industrial reactor with a
capacity of 11.5 m>, using an industrial agitator. The agi-
tation speed was set at 500, 600, and 700 rpm to evaluate
its effect on particle formation, ensuring uniform particle
size and high sphericity. The pH of the reaction environ-
ment was controlled through the precise addition of
NH,OH and NaOH. The measurement frequencies are
8.3 Hz for agitation speed, 48.0 + 0.5°C for temperature,
and 11.2 + 0.25 for pH. While the flow rates of NaOH
and NH,4OH are controlled on a per-minute basis, their
average flow rates are 206.67 kg h™ for NaOH and range
from 43.2 to 20.77 kg h™" for NH,OH (Figures S7B,C).

4.2 | Synthesis of NCM precursors

NCM precursors were synthesized through a controlled
co-precipitation method. The reaction mixture containing
Ni, Co, and Mn salts was prepared in a glovebox to pre-
vent contamination. The pH of the solution was adjusted
using NH,OH, and NaOH was gradually added to initiate
the precipitation process. The mixture was continuously
stirred using an overhead stirrer (IKA Eurostar 60 Digital)
operating at different speeds to evaluate the impact on
particle morphology. The reaction temperature was
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maintained at 48°C using a thermostatic water bath.
After the reaction, the precipitate was filtered, washed
with deionized water, and dried at 80°C for 12 h.

4.3 | Morphological characterization

The morphology of the synthesized NCM precursors was
observed using a field-emission scanning electron micro-
scope (FE-SEM, FEI Nova NanoSEM 450). The SEM was
operated at an accelerating voltage of 5-15 kV, with a res-
olution of 1.0 nm. For cross-sectional analysis, a FIB (FEI
Helios NanoLab 600i) equipped with a gallium ion source
was used. The ion beam current ranged from 1 pA to
65 nA, and the resolution was below 5 nm.

44 | Other characterizations

Elemental mapping and compositional analysis were
performed using EDS (Oxford Instruments X-Max 80)
attached to the SEM. The EDS system utilized a silicon
drift detector with an energy resolution of 125 eV for Mn
K, Inductively coupled plasma optical emission spec-
trometry (ICP-OES, Agilent 5110) was used to quantify
the residual metal ions in the solution. The detection
range was 167-785 nm with a sensitivity below 1 ppb.

The electrochemical properties of the NCM precur-
sors were evaluated using a battery cycler (Bio-Logic
VMP-3). Charge-discharge tests were conducted at a volt-
age range of 2.8-4.3V with a current density of 0.1
C. The voltage, current, and capacity were recorded to
analyze the battery performance. Cyclic voltammetry was
performed with a scan rate of 0.1 V s™' using a three-
electrode system.

UV-Vis spectroscopy (Shimadzu UV-2600) was
employed to monitor the absorbance of Ni complexes in
the solution. The spectrometer covered a wavelength
range of 190-1100 nm with a spectral bandwidth of
1.0 nm. The pH of the reaction solution was measured
using a Mettler Toledo SevenExcellence pH meter with
an accuracy of +0.002 pH.

4.5 | Schedule optimization

At the initial stage of the process, the target chemical com-
position (Marge) Was defined, and the concentrations of
the core and shell solutions were adjusted accordingly. The
flow rates of NaOH and NH,OH were then optimized to
ensure reaction stability. Key parameters, including the
core-to-shell ratio (1.0015) and the NaOH molar ratio
(1.87), were predefined to establish the operational

schedule. The calculated actual composition (Mestimated)
was then compared t0 Mg, allowing for adjustments by
fine-tuning the core and shell solution flow rates to main-
tain the desired composition. As the reaction progressed,
fluctuations in metal ion precipitation and solubility neces-
sitated precise control of flow rates and pH levels. In the
initial phase (0-60 min), a higher input of core and shell
solutions facilitated rapid particle formation, followed by a
gradual reduction. In the final stage, flow rates were finely
controlled to ensure uniform particle growth, while NaOH
and NH4OH feed rates were dynamically adjusted to main-
tain reaction stability. If the pH deviated, the NaOH flow
rate was modified to optimize the reaction rate, while the
NH,OH concentration was adjusted to regulate metal ion
solubility. Upon completion, the final precursor composi-
tion was analyzed against the target composition, and the
theoretical yield was calculated by comparing the cake
dryer output to the total input. This data was used to refine
the operational schedule for future batches. In addition,
ion yield and metal content were evaluated to ensure con-
sistency, with minor adjustments made to minimize quality
variations.

4.6 | Machine learning training and
evaluation

Real-time process monitoring was carried out using an
integrated data acquisition system. Parameters such as
agitation speed, temperature, pH, and flow rates of NaOH
and NH,OH were continuously recorded. The collected
data were analyzed to optimize the synthesis conditions
and improve the consistency of the NCM precursor
production.

All the following experiments were conducted on a
desktop with 128 GB of RAM, Intel UHD Graphics
750 integrated graphics processing unit (GPU), and an
NVIDIA GeForce RTX 3090 Ti discrete graphics card.
Python was used for programming, and the deep learning
models were implemented using PyTorch with GPU
acceleration enabled for optimal performance. Long
short-term memory (LSTM),>* ResNet-50,>> EfficientNet-
B0,%® and domain adaptation models were trained for
100 iterations. LSTM is specifically designed to capture
long-term dependencies, making it well suited for
processing sequential data. In contrast, ResNet-50 is a
convolutional neural network that leverages residual con-
nections to address the vanishing gradient problem,
enabling high accuracy in deep networks. Meanwhile,
EfficientNet-B0O utilizes compound scaling to optimize
depth, width, and resolution, resulting in an efficient
model with fewer parameters. Although the shape of the
input data remains constant at 64800 time steps and
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51 parameters, LSTM is used to capture trend features
from sequential data, whereas ResNet-50 and
EfficientNet-BO are utilized to identify correlations
between parameters by detecting patterns within the
data. Each model was optimized with the Adam opti-
mizer’’ and trained with binary cross-entropy loss
(BCELoss) for up to 100 iterations, with early stopping
applied if no improvement in validation performance was
observed. A sigmoid activation function was applied to
the model output, and the batch size was set to 256. The
domain adaptation model was trained to ensure that
the feature extractor and classifier gradually adapt to the
target domain. For the domain adaptation model, the
Adam optimizer was employed with a learning rate of
0.001, which controls the magnitude of weight updates
and influences convergence speed and stability. An exces-
sively high learning rate may result in unstable training
or divergence, whereas an excessively low learning rate
can slow convergence or cause the optimization process
to become trapped in local minima. To prevent
overfitting, a weight decay of 0.0001 was applied, serving
as a regularization technique that penalizes large weights
and promotes a simpler, more generalized model. The
layer structure of the domain adaptation model is illus-
trated in Figure S25. BCELoss was used to compute clas-
sification loss for both the source and target domains,
while the mean squared error was applied to optimize
domain loss, minimizing the feature distribution gap.
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