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ABSTRACT: The accuracy of the electrode properties is important in the lithium-ion battery manufacturing process
because the thickness variation is a direct influence on the compaction and structural uniformity, transport behavior
and overall manufacturing quality. Of the different types of monitoring, ultrasonic frequency-domain relies on a non-
destructive pathway for quality evaluation in a process-aware manner and is a promising approach; but, interpretable
predictive modeling has been limited at the electrode level. In this study, an open-access database of ultrasonic
frequency-domain data of lithium-ion battery electrodes under coating and calendering conditions was used to develop
an artificial intelligence (AI) framework for predicting electrode thickness. The data set consisted of two subsets (anode
and cathode) each of which included metadata, frequency bins and the associated magnitudes in a spectrum. It involved
a combination of preprocessing, feature preparation, Stochastic Gradient Descent optimization of the Deep Neural
Network (DNN) training process, and Shapley Additive Explanations (SHAP) for the post hoc analysis of the feature
importances. To accommodate differences between the data sets, process variables, and spectral behavior, separate
models were created for the anode and cathode sets. The results reported that the proposed framework has a good
performance for the anode dataset, where the model got a mean absolute error of 9.530, root mean square error of
16.649, and coefficient of determination of 0.824. The values suggest that the model had a good predictive power on
the relationship between ultrasonic frequency-domain input and electrode thickness. The interpretation stage also
showed that the presence of certain components of the mid- and high-frequency spectra were important for the
prediction of the anode, indicating a relationship between the acoustic response and the variations of material state
caused by the manufacturing process. Furthermore, the overall dataset analysis revealed unique distribution in anode
and cathode thickness, behavior under calendering state, and spectral-response patterns. The signals of the ultrasonic
frequency domain can be effectively combined with deep learning and explainable AI to assist in interpretable thickness
prediction, it was concluded. The proposed framework presents an excellent computational tool for non-destructive
quality monitoring and intelligent manufacturing control in the production of advanced batteries.
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1 Introduction
The rapid expansion of electrification technologies has intensified the need for advanced lithium-ion

battery systems with high energy density, long cycle life, and stable electrochemical performance [1–3].
Achieving these requirements depends not only on electrode chemistry, but also on precise manufacturing
control across the full production chain. In modern battery manufacturing, even small deviations in material
distribution, porosity, coating uniformity, and structural compaction can propagate into significant varia-
tions in capacity retention, internal resistance, thermal behavior, and safety [4–6]. As a result, manufacturing
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science has increasingly focused on data-related quality control, in-line sensors and smart monitoring to
minimize waste, ensure product quality, and enable scale-up of large-scale production. In this respect,
linking sensing, signal processing and machine learning has become an important avenue to enhance process
transparency and improve our understanding of complex manufacturing processes.

Coating and calendering are crucial steps in the production of battery electrodes, as they define the
thickness, density and microstructure of the resulting electrodes [7,8]. These factors influence the structure
and pathways for ionic and electronic transport, mechanical stability, and ultimately battery performance,
and must be well characterized to optimize the process [9,10]. Traditional offline measurements can be
informative, but they are typically slow, destructive, and not suitable for real-time industrial applications. As
such, non-destructive ultrasonic measurements have emerged as a potential tool for monitoring as they are
sensitive to structural alterations and variations in the state of materials. When represented in the frequency
domain, ultrasonic signals can reveal characteristic patterns associated with electrode condition and process-
induced transformations, thereby offering a valuable basis for computational modeling, predictive analysis,
and interpretable quality assessment in battery electrode manufacturing.

The study provides an overview in Table 1 of recent important works on monitoring battery manufac-
turing, ultrasonic property characterization, and quality assessment using machine learning, highlighting
their limitations. As indicated, recent studies have demonstrated the following significant advances: ultra-
sonic sensing, transfer learning, digital manufacturing, virtual quality gates, and non-destructive defect
applications. Yet, several limitations remain in the studies, including a lack of direct research focus on
interpretable thickness prediction, the predominance of review articles, limited data validation at the battery-
electrode scale using ultrasonic frequency-domain data, and inadequate incorporation of interpretability
into predictive models. These shortcomings suggest that there remains a need for a more designed and
explainable computational framework to evaluate battery electrode thickness.

Table 1: Summary of the most relevant recent studies on battery-manufacturing monitoring, ultrasonic characterization,
and machine-learning-based quality analysis.

Ref. Methodology Main Finding Limitation

[11] Ultrasound + deep
learning + cGAN

Accurate non-contact
thickness prediction

Focused on thickness prediction, with
limited emphasis on model interpretability;

depends on a pilot-line dataset and deep
architecture that may increase

computational complexity

[12] Frequency-domain
ultrasonic dataset

Released a
benchmark-ready

open dataset

A data article rather than a predictive
methodology paper; it does not itself
develop a full interpretable predictive

framework

[13] Review of calendering
models

Hybrid modeling is
promising

Being a review, it does not present a direct
predictive implementation; it also

highlights that many existing models
struggle to balance physical realism and

industrial applicability

[14] Review of inline
ultrasonic monitoring

Ultrasound is
promising

Focused on slurry mixing rather than final
electrode thickness prediction

(Continued)
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Table 1 (continued)

Ref. Methodology Main Finding Limitation

[15] Review of transfer
learning

Transfer learning may
help small-data cases

Does not provide a direct solution for
ultrasonic electrode thickness prediction

[16] ML-based virtual
quality gates

Supports earlier
quality decisions

Focused on assembly-line quality gates, not
specifically on ultrasonic electrode

characterization

[17] Non-destructive
defect detection

Defects can be
detected during

production

Focused on defect detection not thickness
prediction; scope is more quality-screening
oriented than interpretable AI modeling of

manufacturing parameters

[18] Review of AI-based
optical inspection

AOI has strong
potential in battery

manufacturing

Concentrates on optical inspection, not
ultrasonic sensing; review nature means no

direct predictive framework or
interpretability demonstration for thickness

estimation

[19]
Review of AI-driven

manufacturing
frameworks

AI can improve
battery manufacturing

workflows

Broad systems-level discussion; lacks a
specific experimentally framework for
ultrasonic frequency-domain electrode
thickness prediction with explainability

[20] Physics-assisted
DL–DEM model

Accurately predicts
slurry-drying

microstructure and
reduces simulation

time

Focused on simulated slurry drying rather
than ultrasonic monitoring or
electrode-thickness prediction

Despite the growing body of work on battery-manufacturing monitoring, important research gaps
remain at the electrode level. While prior research has primarily focused on general quality, defect prediction,
discussion, and highly specific deep learning tools, relatively few studies have explored explainable thickness
prediction based on ultrasonic frequency features related to coating and calendering states. Specifically, the
integration of ultrasonic frequency variables at the level of the electrode, process-related metadata, deep
neural prediction, and post hoc explanation has not been sufficiently explored. This highlights the need for
a computational approach that not only accurately predicts the electrode thickness, but also explains which
spectral and process variables play a significant role in the prediction. The main contributions of this work
are summarized as follows:

• A frequency-domain ultrasonic learning framework is established for non-destructive prediction of
lithium-ion battery electrode thickness.

• Separate DNN-SGD models are developed for anode and cathode datasets to reflect electrode-specific
signal behavior and process variables.

• SHAP interpretation is used to reveal the key spectral and manufacturing features influencing the
predicted thickness.
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The remainder of this manuscript is organized as follows. Section 2 presents the experimental work and
describes the dataset source, structure, and main variables. Section 3 introduces the artificial intelligence
approach, including the DNN-SGD prediction framework and the explainability stage. Section 4 provides
the results and discussion, covering model performance, predictive behavior, and feature-importance
interpretation. Finally, Section 5 concludes the manuscript and summarizes the main findings.

2 Experimental Dataset
The data set utilized in this work is taken from [12] which is an open-access ultrasonic frequency-domain

data set covering the lithium-ion battery electrode coated and calendered specimen. The main features of the
dataset used in this work from [12] are presented in Table 2. The data is currently presented in two separate
sets: anode and cathode, with different numbers of samples, metadata, and FFT length, so it is assumed that
they belong to two different sets, but are related. The data is stored in JSON format both as frequency domain
signatures of ultrasound and as process cognition-aware metadata that enables the connection between the
characteristics and features of the ultrasound signals and manufacturing knowledge. Such features allow
the data to be used for data-driven thickness prediction and also enable a more insightful examination of
potential differences between process conditions, ultrasonic response, and electrode types.

Table 2: Main specifications of the ultrasonic frequency-domain data used for battery electrode thickness analysis.

Item Anode Dataset Cathode Dataset
Sample range GA_1 to GA_30 NMC622_1 to NMC622_18

Number of samples 30 18

States per sample Before calendering, After
calendering

Before calendering, After
calendaring

Total records 60 36

File format JSON JSON

Signal representation Frequency-domain ultrasonic
data Frequency-domain ultrasonic data

Main signal fields fft_frequency, fft_magnitude fft_frequency, fft_magnitude

Main metadata fields

Sample_ID,
Calendering_Speed, Roll_Gap,

Thickness, Density,
Calendering_State

Sample_ID, Web_speed, Roll_Gap,
Coat_Weight, Thickness, Density,

Calendering_State

FFT length 36 frequency points 29 frequency points

Primary target used in this
study Thickness Thickness

Fig. 1 presents a visual overview of the dataset structure, contents, and role in the present study. As
shown, the dataset is composed of separate anode and cathode subsets, comprising 60 and 36 records,
respectively, for a total of 96 usable records. Each sample state is stored in JSON format and contains three
main components: metadata, fft_frequency, and fft_magnitude. The figure also highlights the main process-
related and physical variables associated with the electrode manufacturing stages, including roll gap, speed
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or web speed, coat weight, thickness, and density. In addition, it summarizes how the dataset was used
in this study, where frequency-domain features were processed through the DNN-SGD framework and
subsequently interpreted using SHAP-based analysis for thickness prediction.

Figure 1: Overview of the ultrasonic frequency-domain dataset for lithium-ion battery electrodes.

3 Methodology
Section 3 presents the methodology adopted for the artificial intelligence stage of this work. It describes

the preprocessing of the ultrasonic frequency-domain dataset, the feature preparation strategy, the devel-
opment of the DNN-SGD model for thickness prediction, the validation procedure used for the anode and
cathode subsets, and the SHAP-based interpretation approach applied to explain the contribution of the most
influential input features.

3.1 Deep Neural Network (DNN)
Artificial intelligence has become widely used across diverse applications, including healthcare, finance,

autonomous systems, manufacturing, image analysis, and predictive decision support, because of its ability
to learn complex relationships from data and improve analytical performance [21–24]. Machine learning
is part of this AI methodology in various fields of interest [25,26]. In materials-related fields, AI has been
increasingly applied for property prediction, process optimization, defect detection, microstructure analysis,
and intelligent quality monitoring [27–30]. DNNs can capture nonlinear high-dimensional patterns; their
general forward propagation form is:

a(l) = f (l) (W(l)a(l−1) + b(l)) , l = 1, 2, . . . , L (1)

with



6 Comput Mater Contin. 2026;89(2):18

ŷ = a(L) (2)

where:

• a(l−1) is the input to layer l
• W(l) is the weight matrix
• b(l) is the bias vector
• f (l) (⋅) is the activation function
• L is the number of layers
• ŷ is the predicted output

This is the main structural equation for the DNN.

3.2 Stochastic Gradient Descent (SGD)
The standard SGD weight-update rule is [31]:

θt+1 = θt − η∇θL (θt ; xi , yi) (3)

where

• θt is the parameter vector at iteration? t
• η is the learning rate
• ∇θL (θt ; xi , yi) is the gradient of the loss for one sample or a mini-batch
• xi and yi are the input and target
• θt+1 is the updated parameter vector

This is the main optimization equation for SGD.

3.3 Proposed DNN-SGD
For a DNN trained by SGD for regression, the combined loss-minimization form can be written as:

min
θ

J (θ) = 1
N

N
∑
i=1
(yi − fθ (xi))2 (4)

and the parameters are updated by:

θt+1 = θt − η∇θ [
1
m

m
∑
i=1
(yi − fθ (xi))2] (5)

where:

• fθ (xi) is the DNN prediction for sample i
• yi is the true target value
• N is the total number of samples
• m is the mini-batch size
• θ represents all weights and biases in the DNN
• η is the learning rate

Algorithm 1 summarizes the overall training and evaluation procedure of the proposed DNN-SGD
framework for thickness prediction. As shown, the process was conducted separately for the anode and
cathode datasets and involved cross-validation-based training, iterative weight updating through stochastic
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gradient descent, early stopping based on validation behavior, performance assessment using MAE, RMSE,
and R2, and a final SHAP-based interpretation stage to determine the most influential input features.

Algorithm 1: Training procedure of the proposed DNN-SGD model for thickness prediction
1: for each dataset D ∈ {Anode, Cathode} do
2: for each cross-validation fold k = 1, 2, . . . , K do
3: for each epoch e = 1, 2, . . . , E do
4: for each mini-batch B ⊂ D(k)

train do
5: perform forward propagation through the DNN to compute ŷ
6: compute the loss using mean squared error
7: perform backpropagation to obtain gradients of weights and biases
8: update network parameters using SGD
9 : if validation loss does not improve for predefined iterations then
10: stop training early
11: end if
12: end for
13: end for
14: evaluate the trained model on D(k)

test using MAE, RMSE, and R2

15: end for
16: aggregate the predictions from all folds and determine overall performance
17: apply SHAP analysis to identify the most influential input features
18: end for

With a relatively small dataset of only about one hundred instances, due to the high-dimensional and
nonlinear nature of the ultrasonic frequency-domain features, regularization, early stopping, cross validation
and comparisons with baseline (Other models) were used to minimize risk of overfitting and to objectively
assess the value of the proposed model. The dataset specific preprocessing related to the dataset, the validation
settings, the network architecture, the training-control parameters, and the optimizer configuration used in
the proposed DNN-SGD framework are summarized in Table 3.

Table 3: Training and DNN-SGD hyperparameters used for thickness prediction in the anode/cathode datasets.

Category Parameter Anode Dataset Cathode Dataset

Data/Target

Prediction target Thickness Thickness

Dataset type Anode ultrasonic
frequency-domain data

Cathode ultrasonic
frequency-domain data

Input variables Full FFT magnitudes +
Density + Roll Gap

Full FFT magnitudes +
Density + Roll Gap +

Coat Weight

Validation

Cross-validation type K-Fold cross-validation K-Fold cross-validation

Number of folds 5 3

Shuffle Yes Yes

Random state 42 42

(Continued)
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Table 3 (continued)

Category Parameter Anode Dataset Cathode Dataset

Preprocessing Missing-value handling Median imputation Median imputation

Input scaling StandardScaler StandardScaler

Model Architecture Model type DNN-SGD DNN-SGD

Hidden-layer structure (32, 16) (8)

Optimizer Setting
Activation function ReLU ReLU

Solver/optimizer SGD SGD

Learning-rate scheme Adaptive Adaptive

Training Control

Initial learning rate 0.0005 0.0005

Momentum 0.80 0.70

L2 regularization
(alpha) 0.001 0.010

Early stopping Yes Yes

Validation fraction 0.20 0.20

n_iter_no_change 35 35

Maximum iterations 5000 5000

Tolerance 1e−5 1e−5

Random state 42 42

3.4 SHAP (Shapley Additive Explanations)
SHAP (Shapley Additive Explanations) has become a widely adopted explainable artificial intelligence

technique for interpreting complex machine-learning models by quantifying the contribution of each input
feature to the final prediction outcome. The SHAP explanation model is:

g (z′) = ϕ0 +
M
∑
j=1

ϕ jz′j (6)

and the Shapley value for feature j is:

ϕ j = ∑
S⊆F/{ j}

∣S∣! (M − ∣S∣ − 1)!
M!

[ fS∪{ j} (xS∪{ j}) − fS (xS)] (7)

where:

• g (z′) is the additive explanation model
• ϕ0 is the base value
• ϕ j is the contribution of feature j
• M is the total number of features
• S is a subset of features excluding feature j
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• F is the full feature set
• fS∪{ j} (xS∪{ j}) is the model output when feature j is included
• fS (xS) is the model output without feature? j

The flow chart of the methodology used in this work for attribute interpretation of the battery electrode
thickness is shown in Fig. 2. This workflow involves inputting the anode and cathode datasets, followed by
the JSON data engine for data parsing, metadata, fft_frequency, and fft_magnitude extraction. The data are
then separated, parsed, preprocessed, and used to train the DNN-SGD model. The network models are then
assessed using MAE, RMSE, and R2, followed by model interpretation using SHAP to determine the most
significant features for the battery thickness prediction.

Figure 2: Workflow of data processing, thickness prediction, and SHAP-based interpretation.

4 Results and Discussion
This section presents the predictive results and their interpretation by examining the statistical behavior

of the target variable and the performance of the DNN-SGD framework for the anode and cathode datasets.

4.1 Experimental Results Visualization
Fig. 3 illustrates the thickness distributions of both electrode datasets and provides an initial view of the

variability that the prediction model must learn. As shown, the two subsets also have different spread and
concentration patterns, supporting the idea that they are different modeling problems during both training
and evaluation. As seen in Fig. 3a, the thickness of the anodes falls into a relatively wide range, from about
30 to 170, and there is a notable cluster around the middle range of 80–110. Additional observations can be
distinguished in the gaps between 40 and 60, 110 and 130, and 140 and 160, indicating wider variation and a
more spread-out target structure in the anode dataset. This wider spread indicates a more difficult regression
space as the model needs to cover thickness behavior in low, medium, and high ranges as opposed to just
around a central narrow band. Fig. 3b, on the other hand, shows that the thickness of the cathode is restricted
to around 50–100, with the maximum thickness occurring around 88–90. The distribution of cathodes is
narrower than the anode distribution, and there are recognizable values around 60–80, as well as a few at 95–
100. The narrower cathode thickness distribution suggests stronger local prediction sensitivity, while Fig. 4
confirms that calendering reduces thickness in both electrode datasets.
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Figure 3: Thickness distribution of the battery electrode datasets used in this study: (a) anode thickness distribution;
(b) cathode thickness distribution.

Figure 4: Comparison of electrode thickness before and after calendering for the studied datasets: (a) anode thickness
before vs. after calendering; (b) cathode thickness before vs. after calendaring.

Fig. 5 presents representative frequency-domain ultrasonic spectra for the anode and cathode datasets
before and after calendering, thereby illustrating how the spectral response changes with processing state.
Overall, the figure shows that both electrode types exhibit their strongest responses in the lower-frequency
region. At the same time, the post-calendering behavior differs in magnitude and decay pattern depending
on the electrode type. Fig. 5a shows that the representative anode spectra contain multiple peaks and a
broader frequency response than the cathode case. Before calendering, strong peaks can be observed near
approximately 2.5 and 3.2, with normalized magnitudes approaching about 0.88 and 1.00, respectively,
while after calendering the dominant peak remains close to 3.2 with a magnitude of about 1.00 and an
additional elevated response appears around 4.8–5.8, where the magnitude remains between 0.45 and 0.63.
In the higher-frequency range, the pre-calendering signal still preserves noticeable amplitudes around 8–9,
reaching nearly 0.30–0.32, whereas the post-calendering signal decays more gradually after about 6 and
becomes very small beyond approximately 10–11. This behavior suggests that calendering modifies the
dominant peak intensity distribution and the anode’s mid-frequency spectral content.
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Figure 5: Frequency-domain ultrasonic spectra before and after calendering for the studied electrode datasets:
(a) anode FFT spectra before vs. after calendering; (b) cathode FFT spectra before vs. after calendaring.

Fig. 5b shows that the representative cathode spectra are more compact in the low-frequency range.
Both before and after calendering, the peak response is again at around 2.0–2.5, where the normalized
magnitude reaches about 1.00, followed by a sudden decrease after about 3.0–3.5. After almost 4.0, the
magnitude of the response is extremely small and close to 0, and this continues for most of the remaining
frequencies up to around 15. The cathode response is therefore more concentrated and heavily weighted at
the low-frequency end of the spectrum, with very little difference between the before- and after-calendering
curves, compared to the anode response. This suggests that, in the representative cathode case, the spectral
information is mostly contained in the first frequency bins, rather than being spread out over a wide
frequency range. The correlation structure between thickness and the engineered ultrasonic features for the
anode and cathode data sets is shown in Fig. 6, where the magnitude and direction of the correlations are
different for the two electrode types.

Figure 6: Correlation heatmaps of thickness and engineered ultrasonic features for: (a) anode; (b) cathode.
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4.2 Machine Learning Results
The main artificial intelligence outcomes of the proposed DNN-SGD model for electrode thickness

prediction are presented in Section 4.2. This section compares the model’s prediction accuracy in the anode
and cathode datasets and analyzes its learning of the relationship between the inputs (ultrasonic frequency
domain) and the thickness. Model performance was quantified using standard metrics such as MAE, RMSE
and R2. As seen in Fig. 7a, there is good agreement between the predicted and measured thickness values
with an MAE of 9.530, an RMSE of 16.649, and an R2 value of 0.824 for the anode model. The model had an
MAE of 9.849, RMSE of 12.280, and R2 of 0.145 for the cathode dataset. The low cathode R2 value is primarily
due to the smaller number of cathodes in the subset and the narrower thickness distribution, since there is
a smaller difference in the target thickness and the R2 value is more sensitive to small error values in the
prediction even if the error values are not high. These results suggest that the DNN-SGD framework is more
effective for the anode dataset, which better represented the dataset with respect to the thickness variations.
The smaller data set in the cathode model, as well as the more compact target distribution, provided lower
error levels, but also reduced explained variance. The normalized errors of both data sets are similar, with
CVRMSE of 17.653% for the anode model and 16.093% for the cathode model. In this context for predicting
the electrode thickness, CVRMSE value of less than around 20% was deemed acceptable for preliminary
non-destructive regression modeling, due to the small size of the dataset and the fact that it was based on
experimentally measured ultrasonic frequency-domain signals. Fig. 7b shows the training and validation loss
curves of the DNN-SGD models over 180 epochs. As seen, the losses of the anode training and validation are
rapidly reduced during the initial epochs, and then the losses stabilize. The convergence of the cathodes is also
under control with only slight deviations. The absence of a strong late-stage separation between the training
and validation losses supports that early stopping, L2 regularization, and the compact network architecture
helped reduce severe overfitting.

Figure 7: Predictive performance and overfitting analysis of the proposed DNN-SGD model: (a) assessment metrics
for the anode and cathode datasets; (b) training and validation loss curves for the anode and cathode models.

Fig. 8 shows the actual-vs.-predicted thickness plot for the optimized DNN-SGD model and offers a
visual comparison of the predictive agreement for the two datasets. Fig. 8a shows that the anode points are
mostly clustered around the 45○ line, which confirms that the measured and predicted thickness values are
in good agreement over a large range of thickness values from almost 20 to 180. The associated performance
metrics of 5-fold CV, MAE = 9.530, RMSE = 16.649, and R2 = 0.824 also support the excellent predictive
performance of the anode model. By contrast, Fig. 8b shows that the cathode points are more dispersed
around the reference line, albeit in a more limited range of about 45 to 110. This weaker agreement is reflected
in the cathode metrics of 3-fold CV, MAE= 9.849, RMSE= 12.280, and R2 = 0.145, which show that the cathode



Comput Mater Contin. 2026;89(2):18 13

model resulted in moderate absolute errors but low explained variance. In conclusion, Fig. 8 demonstrates
that the proposed DNN-SGD model was more suitable for the anode dataset than for the cathode dataset
under the given modeling conditions.

Figure 8: Actual vs. predicted thickness values obtained by the proposed DNN-SGD model for the studied datasets:
(a) anode actual vs. predicted thickness; (b) cathode actual vs. predicted thickness.

Table 4 compares the proposed DNN-SGD model with several baseline regression models for anode
and cathode thickness prediction. As shown, DNN-SGD achieved the best overall performance for both
datasets, giving the lowest errors and highest R2 values compared with Linear Regression, Ridge Regression,
Support Vector Regression, Random Forest Regression, XGBoost, and standard DNN. This confirms that the
optimized SGD-based deep model provided a measurable improvement over simpler regression alternatives.
For reproducibility and fair comparison, all baseline models were trained using the same electrode-specific
FFT and metadata input features, preprocessing steps, target variable, cross-validation procedure, and
evaluation metrics used for the proposed DNN-SGD framework.

Table 4: Comparison between DNN-SGD and conventional regression models for electrode thickness prediction.

Dataset Model MAE RMSE R2

Anode Linear Regression 18.742 29.615 0.520
Anode Ridge Regression 17.936 27.804 0.576
Anode Support Vector Regression 14.628 22.351 0.705
Anode Random Forest Regression 12.486 19.734 0.764
Anode DNN 10.814 17.982 0.801
Anode XGBoost 10.111 17.222 0.821
Anode DNN-SGD 9.530 16.649 0.824

Cathode Linear Regression 15.684 19.932 −0.214
Cathode Ridge Regression 14.925 18.641 −0.062
Cathode Support Vector Regression 12.834 15.908 0.058
Cathode Random Forest Regression 11.276 14.206 0.103
Cathode DNN 10.562 13.418 0.121
Cathode XGBoost 9.999 13.111 0.143
Cathode DNN-SGD 9.849 12.280 0.145
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Table 5 presents the combined SHAP feature-importance results for the proposed DNN-SGD thickness-
prediction framework and provides a quantitative interpretation of the most influential features for both
electrode datasets. For the anode model, the highest contributions were associated with FFT 12.400 MHz
(8.297) and FFT 14.800 MHz (6.906), followed by FFT 12.800 MHz (3.668), FFT_5.600 MHz (3.460), and
FFT_9.600 MHz (3.208). The rest of the important anode features, FFT_4.400 MHz (3.150), FFT 13.600
MHz (3.054), FFT 6.000 MHz (2.890), FFT 7.200 MHz (2.314) and FFT 9.200 MHz (2.076) suggest that the
prediction process was dominated by the ultrasonic spectral content, which is concentrated in the mid- to
high-frequency range. The materials point of view indicates that the response in thickness may be strongly
coupled to the changes in internal structure, compaction state, and/or the density-related acoustic response
of the process, as the high frequency components are more sensitive to the fine-scale variations in the porosity
distribution, coating uniformity, and the arrangement of the solid phase within the electrode layer. The most
critical feature in the cathode model was FFT_1.496 MHz (1.868), followed by FFT 4.489 MHz (1.692), and
Coat_Weight (1.116) which is a process variable. Additional influential features included FFT 10.474 MHz
(1.101), FFT 10.973 MHz (1.073), FFT 6.983 MHz (0.991), FFT 5.486 MHz (0.871), FFT 3.491 MHz (0.814), FFT
6.484 MHz (0.791), and FFT 13.965 MHz (0.785). In contrast to the anode, the cathode feature-importance
pattern shows a more balanced influence of the spectral (acoustic) and direct manufacturing parameters.
This is significant from a materials processing perspective, since cathode thickness is determined not only
by ultrasonic spectral features but is also greatly influenced by coating mass loading and the consequent
distribution of active material within the coated layer. The presence of Coat_Weight among the top features
supports the notion that predicting cathode thickness depends not only on acoustic response but also on the
physical properties of the coating material. In summary, the anode model was more signal-dominated, while
a combination of ultrasonic response and processing material properties dominated the cathode model.

Table 5: Combined SHAP feature-importance results for the DNN-SGD thickness prediction.

Dataset Rank Feature Mean Absolute SHAP Value
Anode 1 FFT_12.400 MHz 8.297
Anode 2 FFT_14.800 MHz 6.906
Anode 3 FFT_12.800 MHz 3.668
Anode 4 FFT_5.600 MHz 3.460
Anode 5 FFT_9.600 MHz 3.208
Anode 6 FFT_4.400 MHz 3.150
Anode 7 FFT_13.600 MHz 3.054
Anode 8 FFT_6.000 MHz 2.890
Anode 9 FFT_7.200 MHz 2.314
Anode 10 FFT_9.200 MHz 2.076

Cathode 1 FFT_1.496 MHz 1.868
Cathode 2 FFT_4.489 MHz 1.692
Cathode 3 Coat_Weight 1.116
Cathode 4 FFT_10.474 MHz 1.101
Cathode 5 FFT_10.973 MHz 1.073
Cathode 6 FFT_6.983 MHz 0.991
Cathode 7 FFT_5.486 MHz 0.871
Cathode 8 FFT_3.491 MHz 0.814
Cathode 9 FFT_6.484 MHz 0.791
Cathode 10 FFT_13.965 MHz 0.785
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Fig. 9 compares the SHAP-based importance structure of the anode and cathode models and reveals a
clear difference in how each model formed its thickness predictions. The anode response is dominated by a
small group of highly influential spectral descriptors, whereas the cathode response is governed by a flatter
and more distributed importance pattern. This contrast suggests that the anode model relied more strongly
on a concentrated set of ultrasonic frequency cues. In contrast, the cathode model drew information from
both spectral and process-related inputs in a more balanced way.

Figure 9: SHAP feature-importance ranking of the DNN-SGD model for anode and cathode thickness prediction.

For the anode, the features at 12.400 and 14.800 MHz are the top predictors, well separated from the rest.
After these two dominant components, the importance gradually decreases through features such as 12.800,
5.600, 9.600, 4.400, and 13.600 MHz, followed by 6.000, 7.200, and 9.200 MHz. This ranking suggests that the
prediction of anode thickness was particularly sensitive to several mid- and high-frequency features in the
ultrasonic spectrum. From a materials point of view, this can be linked to the sensitivity of the ultrasonic wave
to subtle changes in the anode structure due to calendering, such as changes in compaction, pore structure,
coating continuity, and heterogeneities of the anode layer.

The ranking of the cathode variables is different. The first two ranking frequencies are 1.496 and
4.489 MHz, followed by the appearance of Coat_Weight among the top contributors, and then the rest of the
spectral descriptors resume the ranking, respectively. Other important cathode variables are located around
10.474, 10.973, 6.983, 5.486, 3.491, 6.484, and 13.965 MHz. The cathode model does not seem to be dominated
by a few “strong” frequencies, but rather commands a complex interplay of acoustic response and material
loading associated with the cathode manufacturing process. In particular, the dominance of Coat_Weight is
interesting because the cathode thickness depends on the mass and distribution of the deposited material,
which affect the physical layer structure and, consequently, its acoustic response. The dominance of specific
FFT components indicates that thickness prediction is not governed only by direct process metadata, but also
by ultrasonic spectral responses associated with electrode compaction, coating uniformity, density variation,
and acoustic wave interaction with the porous electrode structure. In summary, Fig. 9 reveals the higher
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dependency of the anode model on the signals, compared to the cathode model, which showed increased
interaction between spectral descriptors and material loading-related variables.

5 Conclusion
In conclusion, this study demonstrated that ultrasonic frequency-domain data can be successfully

integrated with modern computational intelligence to support thickness prediction in lithium-ion battery
electrodes within a materials-manufacturing context. The proposed DNN-SGD framework achieved strong
results for the anode dataset, with an MAE of 9.530, an RMSE of 16.649, and an R2 of 0.824, confirming
that the learned model captured the relationship between spectral input features and electrode thickness
with good predictive capability. From a materials perspective, this is important because electrode thickness
is closely tied to compaction behavior, coating quality, porosity evolution, and internal structural unifor-
mity, all of which directly influence transport properties, electrochemical efficiency, and manufacturing
consistency. From a computational perspective, the study highlights the value of combining signal-domain
representations, deep neural learning, and explainable AI to transform complex manufacturing data into
interpretable predictive knowledge. The SHAP analysis further strengthened this contribution by showing
that the prediction process was not a black-box output only, but a feature-driven response linked to
physically meaningful spectral regions. Overall, the proposed framework demonstrates that frequency-
domain ultrasonic sensing combined with interpretable AI can support non-destructive electrode thickness
prediction. At the same time, further validation on larger experimental datasets remains necessary before
industrial deployment.

More investigations are needed to expand the framework with larger and broader sets of electrodes
that are obtained at various coating and calendering conditions. Further experimental batches will also
need to be validated to ensure generalization of the model. Independent manufacturing batches here are
the electrode data that was collected from different manufacturing runs, calendering/coating machines,
operating periods, or production lines to assess the robustness of trained model beyond the original training
set. Furthermore, feature-selection and dimensionality-reduction techniques like SHAP-guided feature
reduction, PCA and frequency-band selection will be explored to further reduce the number of features,
eliminate redundant features in the input FFT space and increase the robustness of the model for practical
battery-manufacturing applications. To complete the scope of future work, external electrode datasets and
additional manufacturing batches will be utilized to validate the framework proposed in the present work
and evaluate the transferability of the proposed framework to different battery-production conditions.
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