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Abstract
Hybrid supercapacitor (HSC) delivers high power and energy densities for energy storage
applications,  but  its  pronounced temperature dependence and fluctuating capacity fade
severely impede accurate state of health (SOH) estimation. Current algorithms focus solely
on SOH and do not provide mechanistic  understanding of  degradation,  which limits the
effectiveness  of  hybrid  supercapacitor  health  management.  This  study  proposes  a
P2D-convolutional  neural  network  (CNN)  framework  for  online  SOH  monitoring  and
degradation  mechanism  analysis  of  HSC.  A  P2D  model  modified  with  the  double-layer
equation was employed to generate datasets via Latin hypercube sampling. This model was
then  coupled  with  a  CNN  to  extract  degradation-related  features  from  incremental
capacity  curves  through  physics-data  fusion,  enabling  reliable  SOH  prediction  and
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quantitative  assessment  of  electrochemical  parameter  degradation.  Experimental  results  demonstrate  that  the
proposed framework accurately captures the degradation mechanisms of HSC under fluctuating conditions, with the
SOH prediction achieving an R2 of 0.9387 and a mean absolute percentage error (MAPE) of 1.57% across 13,898
cycles. These findings provide useful guidance for the design and health monitoring of HSC.

INTRODUCTION
With the rapid development of renewable energy and clean transportation, the demand for energy storage

devices that combine high energy density with high power density is growing rapidly
[ 1 - 3 ]

. Hybrid

supercapacitors (HSC) have been widely studied, as they utilize dual capacitive-faradaic mechanisms to

achieve high power and energy density
[4]

. Unlike conventional lithium batteries, HSC operate under

high-rate charge/discharge conditions
[5]

, and their capacity fade is highly sensitive to temperature with

pronounced fluctuations, making state of health (SOH) prediction challenging
[6,7]

.

The existing SOH prediction methods reported in the literature for energy storage devices can be grouped

into three categories: equivalent circuit model (ECM)
[8]

, data-driven approach
[9]

, and mechanistic model
[10]

.

ECM establishes mathematical descriptions to characterize the dynamic response and degradation of energy

storage devices. Extensive studies have been conducted based on ECM frameworks for battery state-of-health

estimation
[11]

, internal resistance identification
[12]

, and the evaluation of differently structured ECM in

practical battery systems
[13]

. However, the ECM approach simplifies electrochemical processes and provides

only limited degradation information. Under variable degradation modes, the prediction accuracy may

decline.

Data-driven approaches, which build mathematical models solely from historical monitoring data, are

flexible and adaptable for predicting degradation trends
[14]

. Data-driven SOH prediction typically involves

learning the mapping relationships between aging-sensitive features and SOH through machine learning

models, based on preprocessing and feature engineering of battery monitoring data. Aging-sensitive features

are commonly derived from incremental capacity (IC) curves
[15]

, voltage-time profiles
[16]

, and temperature

dynamics
[17]

. With the development of machine learning (ML) and artificial intelligence (AI), data-driven

methods such as artificial neural networks (ANN)
[18]

, support vector machines (SVM)
[19,20]

, Gaussian process

regression (GPR)
[21]

, and long short-term memory (LSTM)
[22]

 have attracted considerable attention. However,

these approaches lack clear physical significance, and adequate data are required to ensure precision, making

it difficult to interpret the underlying degradation mechanisms of HSC.

Mechanistic models, by contrast, employ reaction kinetics and porous electrode theory to capture

physical-chemical processes
[23]

. For instance, electrochemistry-thermal coupled models have been employed

to characterize long-term storage degradation behavior across varying temperatures
[24]

, while simplified P2D

models have also been developed to reduce the computational complexity of SOH prediction
[25]

. However,

electrochemical model simulations involve intricate equation coupling and substantial computational

overhead, making them unsuitable for lightweight system applications.

Given the limitations of single methods, hybrid approaches that integrate ML algorithms with

electrochemical models have emerged as effective approach for SOH prediction. Various hybrid data-driven

and fusion methods have been developed to improve the SOH prediction accuracy for lithium-ion

batteries
[26,27]

. However, such studies mostly adopt capacity fade or internal resistance rise as degradation

validation metrics rather than degradation modes within electrochemical frameworks
[28]

. In parallel, related

research has verified the effectiveness of degradation-related indicators and proposed mechanism-based

degradation models that highlight the critical role of degradation modes in SOH prediction
[29,30]

.
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Although the aforementioned hybrid approaches have offered innovative insights for SOH prediction of

energy storage devices and have mitigated the limitations of single methods, they are mostly limited to

evaluating SOH itself and lack mechanistic understanding of HSC degradation. It should be noted that SOH

can only quantify the difference between the HSC’s remaining capacity and its initial capacity, but cannot

reflect the intrinsic causes of degradation. HSC degradation is often induced by multiple factors, including

electrode material loss
[29]

, electrolyte decomposition
[31]

, and Solid Electrolyte Interface (SEI) film

thickening
[32]

. Accurately identifying these degradation mechanisms is crucial for optimizing battery energy

management strategies and improving HSC safety management.

However, conventional approaches to obtaining degradation information exhibit clear limitations, as they

rely on cumbersome offline experimental procedures, such as electrochemical impedance spectroscopy (EIS)

analysis 
[33]

, scanning electron microscopy (SEM)
[34]

, and compositional analysis
[35]

. Offline experimental

procedures are incompatible with real-time online prediction scenarios. Therefore, acquiring detailed

electrochemical information of HSC through non-destructive online methods to enable simultaneous SOH

prediction and degradation mechanism analysis has become a key issue in the field of HSC state monitoring.

The evolution of electrochemical parameters (e.g., active surface area, diffusion coefficient, and

conductivity
[36]

) directly alters the characteristics of the IC curve. This implies that IC curves contain

abundant electrochemical information related to parameter degradation, and it is theoretically feasible to

invert and predict HSC degradation parameters from IC curves.

In summary, to meet the demand for rapid degradation evaluation of HSC, this work develops a hybrid

P2D-convolutional neural network (CNN) framework that enables online identification of SOH and critical

electrochemical parameters from real-time measured IC curves, without requiring time-consuming offline

experimental procedures. The P2D model, modified with double-layer equations to capture the HSC’s

capacitive properties, was first validated using experimental charging curves, then employed to generate IC

curve datasets via Latin hypercube sampling of sensitive electrochemical parameters. Subsequently, the CNN

was employed to automatically extract features from IC curves to establish mappings with SOH and

electrochemical parameters, enabling the prediction of SOH and electrochemical parameters from IC curves.

Finally, through cyclic experiments and HSC disassembly characterization, the accuracy of the SOH

prediction and the effectiveness of electrochemical parameter evaluation were verified.

EXPERIMENTAL
Framework overview

A P2D‑CNN framework was developed to achieve online SOH prediction and electrochemical parameter

degradation characterization for hybrid supercapacitors, as shown in Figure 1. Initially, HSC cycling

experiments were performed, and the obtained charging curves were utilized to verify the P2D model. Latin

hypercube sampling was subsequently implemented on sensitive electrochemical parameters based on the

validated P2D model, and a dataset was generated to establish the correlations between IC curves and key

parameters, including SOH as well as the aforementioned electrochemically sensitive parameters. The

constructed dataset was then used to train a CNN model. The CNN architecture consisted of multiple

convolutional layers (Conv1 to Conv4) for hierarchical feature extraction from IC curves, ReLU activation

layers to introduce nonlinear transformations, a max-pooling layer for spatial dimensionality reduction, and

a global average pooling (GAP) layer followed by dense layers to learn the mapping relationships between

extracted features and key target outputs (i.e., electrochemical parameters and SOH). Detailed configurations

of the CNN are provided in Supplementary Figure 1. Upon completion of model training, the CNN was

employed to analyze IC curves obtained from additional HSC cycling processes. Accordingly, the model

enables both the prediction of HSC SOH and the extraction of electrochemical degradation characteristics.

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 1. Flowchart of the proposed P2D-CNN method for hybrid supercapacitor SOH and degradation mechanisms estimation. CNN:
Convolutional neural network; SOH: state of health; IC: incremental capacity.

Electrochemical model

Unlike ordinary lithium batteries, hybrid supercapacitors incorporate activated carbon in the positive

electrode, enabling them to exhibit capacitive properties. The energy storage mechanism of the hybrid

supercapacitor is shown in Figure 2. The energy storage mechanism of hard carbon and Nickel Cobalt

Manganese (NCM) involves lithium-ion insertion into their interiors, whereas the energy storage

mechanism of activated carbon relies on the electric double layer. During charging, lithium ions are released

through detachment from the activated carbon surface and dissociation from within the NCM, then pass

through the separator and insert into the hard carbon interior. During discharge, lithium ions dissociate

from the hard carbon, some of which are inserted into the NCM structure, while the rest form a double layer

on the surface of the activated carbon. Therefore, when establishing the hybrid supercapacitors model, the

double-layer equation was incorporated into the positive electrode of the P2D model, enabling it to couple

with the diffusion equation within the active particles. The P2D model equation is shown in Table 1.

Model verification

The P2D model was validated by applying a Bayesian optimization algorithm to fit the experimental charging

curve and identify the electrochemical parameters. A comparison between the experimental data and

simulated results is presented in Figure 3. Specifically, the selected charging curve was from the first cycle of
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Figure 2. The energy storage mechanism of hybrid supercapacitors. HC: Hard carbon; NCM: nickel cobalt manganese; AC: activated
carbon.

the HSC aging experiment. The simulated charging curve closely matched the experimental data in the early

stage [Figure 3A], while minor deviations were observed in the later stage. From the IC curve [Figure 3B],

the key characteristics were largely consistent. The agreement between simulation and experiment is

sufficient to support the analysis of electrochemical mechanisms within the HSC. The identification results

of the electrochemical parameters are provided in Supplementary Table 1.

Table 1. The P2D model of hybrid supercapacitors[36]

Solid-phase (1)

Electrolyte transport (2)

Conservation equation for electric charge

Solid state potential (3)

Electrolyte potential (4)

Interfacial reaction kinetics

Butler-Volmer equation (5)

Exchange current density (6)

Double layer current (7)

𝜕𝑐𝑠

𝜕𝑡
= 𝐷𝑠

(
𝜕2𝑐𝑠

𝜕𝑟2
+ 2

𝑟

𝜕𝑐𝑠

𝜕𝑟

)Li diffusion

𝜕 (𝜀𝑒𝑐𝑒)
𝜕𝑡

= ∇ ·
(
𝜀𝑒𝐷𝑒∇𝑐𝑒 −

𝑡+0𝐹𝑐𝑒

𝑅𝑇
𝜀𝑒𝐷𝑒∇𝜙𝑒

)
+ 𝑎

(
1 − 𝑡+0

)
𝑗𝑟

∇ ·
(
𝜎𝑒 𝑓 𝑓∇𝜙𝑠

)
= −𝑎 𝑗𝑟

∇ ·
(
𝜅𝑒 𝑓 𝑓∇𝜙𝑒

)
= 𝐹𝑎 𝑗𝑟 + ∇ ·

(
2𝑅𝑇𝜅𝑒 𝑓 𝑓

𝐹
∇ ln 𝑐𝑒

)

𝑗𝑟 = 𝑖𝑜

[
exp

(𝛼
𝑎𝐹𝜂

𝑅𝑇

)
− exp

(
−
𝛼
𝑐𝐹𝜂

𝑅𝑇

)]
𝑖0 = 𝐹𝑎𝑘

√
𝑐𝑒

(
𝑐𝑠,max − 𝑐𝑠, surf

)𝛼𝑐 𝑐
𝛼𝑎

𝑠, surf

𝑖dl =

(
𝜕
(
𝜑𝑠 − 𝜑𝑙 − Δ𝜑𝑠,flim

)
𝜕𝑡

)
𝐶𝑑𝑙

Sensitivity analysis

To predict electrochemical parameters from IC curves, it is necessary to determine the sensitivity of these

curves to electrochemical parameters. Thirteen parameters that characterize electrochemical performance

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 3. Comparison of simulated and experimental charging curves (A) and IC curves (B). IC: Incremental capacity.

Figure 4. Sensitivity analysis of electrochemical parameters in P2D model. (A) Normalized differences of the charging curves in the
voltage range under the variation of electrochemical parameters; (B) Sobol sensitivity analysis of the influence of electrochemical
parameters on the charging curve.

were selected as sensitive parameters; other parameters (e.g., thickness and electrode area), which are

inherent properties, were not included. Sensitivity analysis was performed by fluctuating each parameter by

20%, followed by calculating the differences between the resulting voltage curves and the original voltage

curve. The normalized differences of charging curves within the voltage range are presented in Figure 4A.

Note that parameters on the vertical axis are sorted by sensitivity, with the bottom parameters being the most

sensitive. Except for D
pos

, D
neg

, σ
pos

, and σ
neg

, fluctuations in other parameters cause notable differences in the

charging curves within the 3.6-4.2V range. These pronounced fluctuations indicate that charging curves

contain abundant electrochemical information, which facilitates the identification of electrochemical

parameters from such curves.

For a quantitative assessment of parameter sensitivity, Sobol sensitivity analysis was carried out, as shown in

Figure 4B. The first-order index reflects the direct influence of a single parameter on the charging curve,
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Table 2. The selected sensitive electrochemical parameters and their Sobol indices

Parameter Physical significance First-order Total

Avpos Positive electrode active surface area 0.1659 0.2479

Avneg Negative electrode active surface area 0.0777 0.1039

Cdl Activated carbon capacitance 0.0572 0.2396

Dele Electrolyte diffusion coefficient 0.1226 0.1823

σele Electrolyte conductivity 0.0098 0.3064

Csneg, max Maximum lithium concentration in the negative electrode 0.0549 0.1492

Cspos, max Maximum lithium concentration in the positive electrode 0.1561 0.8330

j0,neg Negative electrode exchange current density 0.0848 0.0990

j0,pos Positive electrode exchange current density 0.1998 0.2199

while the total index reflects the combined influence of individual parameters and their interactions. The

first-order Sobol indices of D
pos

, D
neg

, σ
pos

 and σ
neg

 are extremely small, suggesting these parameters may not be

identifiable from charging curves. Conversely, the total Sobol index of Cs
pos, max

 is considerably high,

indicating its identification accuracy from charging curves may be reduced due to interactions with other

parameters. In other words, identical charging curves may result from various parameter combinations,

which increases the difficulty of parameter identification. Thus, only nine parameters with higher first-order

indices (listed in Table 2) were selected for subsequent model training. To verify the uniqueness of the

mapping of the IC curve to the electrochemical state, an inverse model verification was carried out, with

detailed description and validation provided in the Supplementary Materials [Supplementary Figures 2 and

3].

Surrogate model

To establish the surrogate model of the P2D, 10,000 data combinations of the selected 9 parameters

normalized to the range 0.5-1 were sampled using Latin hypercube sampling, and the corresponding

charging IC curves were generated by solving the P2D model via the finite element method. Then, 80% of the

data was used for neural network training, and the remaining 20% was set as the test set. Here, a CNN was

employed to automatically extract features from the IC curve and correlate the SOH with other

electrochemical parameters. This approach avoids manual extraction of curve fluctuation features, which

reduces information loss and minimizes negative impacts on recognition accuracy.

The model training results are presented in Figure 5. The IC curve enables accurate prediction of SOH, with

a coefficient of determination (R
2
) of 0.92 and a maximum mean absolute percentage error (MAPE) of only

0.98%. Thus, the IC curve contains sufficient characteristic information to establish correlations with SOH.

However, a small probability of substantial prediction errors exists for parameters Av
pos

, σ
ele

, and j
0,neg

, with the

minimum R
2
 reaching 0.80 and the maximum MAPE reaching 6.2%. This level of recognition accuracy is

sufficient for tracking the evolution of their electrochemical performance over multiple cycles.

To evaluate the performance of the P2D-CNN model, prediction tests were conducted on three types of SOH

degradation datasets, including those related to the positive electrode, the negative electrode, and the

electrolyte.

These degradation data sets were generated by performing Latin hypercube sampling on relevant

electrochemical parameters (normalized to the range of 0.5-1) and conducting finite element method

calculations to obtain IC curves. For example, a positive electrode degradation dataset was created by

separately sampling electrochemical parameters associated with the positive electrode and acquiring

                                                                                       

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 5. Identification results of the CNN model for sensitive electrochemical parameters and SOH. (A) Comparison of true values with
predicted values; (B) error analysis of the predicted results. CNN: Convolutional neural network; SOH: state of health; MAPE: mean
absolute percentage error; MSE: mean squared error; RMSE: root mean squared error.

corresponding IC curve data. The sampled electrochemical parameters include both trained and untrained

parameters, in order to closely simulate actual degradation conditions.

The parameter combinations that cause the degradation and the sampling range are shown in Table 3. When

a specific degradation mode is set, the parameters of the other modes are fixed at 1. It is worth noting that,

when generating the degradation model dataset, untrained electrochemical parameters were also

incorporated to verify the model’s robustness. Moreover, the predicted internal resistance was highly

consistent with the experimental data, as shown in Supplementary Figure 4, demonstrating that the predicted

electrochemical parameters possess clear physical constraints.

Figure 6 shows the prediction results of the P2D-CNN model for SOH under different degradation types.

Except for the SOH prediction under the positive electrode degradation mode, which yields an R
2
 below 0.9,

the coefficients of determination for the other degradation modes all exceed 0.95.

The predicted results of the electrochemical parameters are shown in Figure 7. Except for the relatively poor

prediction of the positive electrode parameters (Av
pos

, C
dl

, j
0,pos

), the prediction accuracy for all other

parameters is high, with R
2
 exceeding 0.9 and MAPE below 5%.

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 6. SOH and electrochemical parameter prediction under different degradation modes. SOH: State of health; MAPE: mean absolute
percentage error; MSE: mean squared error; RMSE: root mean squared error.

Table 3. The parameter combination of the degradation mode

Degradation mode Parameter Sampling range Classify

Positive electrode

Avpos 0.5-1 Untrained

Cspos, max 0.6-1 Trained

j0,pos 0.5-1 Trained

σpos 0.5-1 Untrained

Dpos 0.5-1 Untrained

Cdl 0.5-1 Trained

Negative electrode

Avneg 0.5-1 Trained

Csneg, max 0.6-1 Trained

j0,neg 0.5-1 Trained

σneg 0.5-1 Untrained

Dneg 0.5-1 Untrained

Electrolyte
σele 0.5-1 Trained

Dele 0.5-1 Trained

The prediction accuracy for positive electrode degradation is somewhat limited. This can be attributed to the

excessively high total Sobol indices of the positive electrode parameters, as shown in Figure 4B. The high

total Sobol indices of the electrochemical parameters related to the positive electrode indicate that these

parameters exert a strong coupled influence on the IC curve, making it difficult to accurately identify

individual parameters from IC curves. Overall, the accuracy of P2D-CNN is sufficient for identifying SOH

and the degradation trends of electrochemical performance parameters.

RESULTS AND DISCUSSION
Aging test and cell disassembly

The aging experiments involved conducting 10C cycles on hybrid supercapacitor cells at two different

temperatures. Cells cycled at 25 and 45 °C were designated #A and #B, respectively. The aging test was

stopped when the charge and discharge capacity approached 80% of the original capacity. To analyze the

main mechanism of their capacity decline, the hybrid supercapacitor cells were disassembled, and the

electrode materials were characterized through SEM, X-ray Diffraction (XRD), and X-ray Photoelectron

Spectroscopy (XPS) analyses. The experimental procedure is illustrated in Figure 8.
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Figure 7. Electrochemical parameter identification for different degradation patterns. MAPE: Mean absolute percentage error; MSE: mean
squared error; RMSE: root mean squared error.

SEM characterization [Figure 9A] reveals that high-rate cycling markedly increases the surface roughness of

the negative electrode, while the positive electrode material exhibits reduced sphericity with noticeable

fragmentation. This suggests that both the positive and negative electrodes experience varying degrees of

damage after high-rate cycling, and the interfacial side reactions are substantially intensified. In addition, the

negative electrode particles underwent pulverization, and lithium precipitation occurred on the surface, as

indicated by the surface particles in Figure 9A.

After cycling at different temperatures, all the negative electrode sheets exhibited a graphite peak at

approximately 27° (as shown in Figure 9B), indicating that the amorphous structure of the negative electrode

was partially disrupted. However, compared with the standard pattern, the crystal structure of the positive

electrode showed no distinct changes.

From the XPS spectra shown in Figure 9C, characteristic peaks of Li
2
CO

3
 and ROCO

2
Li appear in the C1s

spectrum, indicating that the electrolyte decomposed on the positive electrode surface and formed a cathode

electrolyte interphase (CEI) film. This CEI substantially increases the interfacial charge transfer resistance,

hinders rapid lithium-ion transport between the positive electrode and the electrolyte, which reduces the rate

capability. By comparing the O1s spectra after cycling at 25 °C (#A) and 45 °C (#B), the peaks of
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Figure 8. Flowchart of the experiment. SEM: Scanning electron microscopy; XPS: X-ray photoelectron.

oxygen-containing compounds related to electrolyte decomposition (such as those corresponding to C=O

and C-O) are more intense at 45 °C. This demonstrates that high temperature accelerates the decomposition

of the electrolyte on the positive electrode surface. Moreover, the peak intensities of LiF and Li
x
PFγ in the F1s

spectrum increase markedly, implying that the lithium salt LiPF
6
 in the electrolyte underwent decomposition

during the cycling process. The decomposition of the lithium salt directly depletes the effective conductive

components in the electrolyte, which reduces the overall ionic conductivity of the electrolyte.

SOH estimation and degradation analysis

Based on the experimental data acquired from the HSC aging cycle tests, charging curves were extracted and

converted into IC curves. Subsequently, these IC curve data were input to the trained P2D-CNN model to

obtain the predicted SOH and electrochemical parameters, as shown in Figure 10. By calibrating the charging

curve of #A with early-cycle data, the P2D model could reproduce the electrochemical characteristics of #A;

subsequently, the P2D-CNN model accurately predicted the SOH even under capacity regeneration or sharp

capacity drops, as shown in Figure 10A. Over 13,898 cycles, the maximum absolute error of the predicted

SOH was only 3.53%, the MAPE was 1.57%, and the R
2
 reached 0.9387, as presented in Table 4. Moreover,

robustness tests [Supplementary Figures 5 and 6] show that, even in the presence of missing data, the

prediction accuracy remains stable.

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 9. SEM images (A), XRD (B), and XPS (C) analyses of disassembled positive and negative electrodes from hybrid supercapacitors
after 10C charge-discharge cycling at different temperatures. SEM: Scanning electron microscopy; XRD: X-ray diffraction; XPS: X-ray
photoelectron; NCM: nickel cobalt manganese; AC: activated carbon; HC: hard carbon.

Using the IC curve to correct the P2D model is computationally expensive. Therefore, we employed transfer

learning to complete the data prediction for #B. Fine-tuning is a transfer learning technique in which a

pre-trained model is adjusted using a small amount of new data, enabling it to predict the SOH of new HSC.

Here, to test the transfer capability of the P2D-CNN model, we fine-tuned the trained model of #A using the

initial 10% cycle data of #B. The fine-tuning configuration of the P2D-CNN model can be seen in

Supplementary Figure 7 and Supplementary Table 2.

A comparison of the predicted SOH using the fine-tuned model, the model before fine-tuning, and a pure

CNN trained with only 10% of the data is shown in Figure 10B. The model trained solely with a CNN

exhibits poor prediction accuracy, and after 3,000 cycles, the prediction results become unreliable. The

prediction results of the model before fine-tuning deviated substantially from the actual values overall,

although the degradation trend matched closely. This indicates that the P2D-CNN model can directly

capture the evolution trends of other HSC cells, although recalibration is needed. After initial calibration

with a small amount of data, the prediction accuracy improved substantially. The maximum absolute error of

extreme outliers is only 7.13%, while the MAPE is only 1.64%, and the coefficient of determination reaches

0.9589, as shown in Table 4.

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 10. Results of evaluating the SOH and electrochemical parameters of HSC using the P2D-CNN method. (A) SOH evaluation of #A
under different cycles; (B) The SOH prediction results of #B after transfer learning. CNN: Convolutional neural network; SOH: state of
health; HSC: hybrid supercapacitors.

Table 4. Statistical error of the prediction results

Series T C-Rate Cycle number MSE RMSE MAPE (%) R2

#A 25 °C 10C 13898 0.0063 0.0794 1.57 0.9387

#B 45 °C 10C 6851 0.0051 0.0714 1.64 0.9589

#C 10 °C 10C 8249 0.0028 0.0529 1.31 0.9686

#D 10 °C 20C 4754 0.0013 0.0361 1.24 0.9853

#E 25 °C 20C 9806 0.0039 0.0624 1.45 0.9447

#F 45 °C 20C 5210 0.0031 0.0557 1.41 0.9521

MAPE: Mean absolute percentage error; MSE: mean squared error; RMSE: root mean squared error.

We also added four sets of cycling data at different temperatures and charging rates to verify the

generalization performance of the transfer learning algorithm, as shown in Table 4. The SOH prediction

results and the nine-parameter prediction results are shown in Supplementary Figures 8 and 9. The SOH

prediction accuracy remains high, with MAPE below 2% and R
2
 exceeding 0.9.

https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
https://file.oaecenter.com/published/pdf/8cc66d1af3cdb05f657c1e96983b65e4/1781062659/em6022-SupplementaryMaterials.pdf
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Figure 11. The evolution process of electrochemical parameters over the course of the cycle.

Figure 11 shows the results of identifying electrochemical parameters using P2D-CNN. Although there is

some fluctuation in the data points, the trends are evident throughout the cycling process. The degradation

trends of the electrochemical parameters of #A and #B are similar. Based on the coefficients of

determination, the relatively strong correlations include Av
pos

, C
dl
, D

ele
, Cs

pos, max
, Cs

neg, max
, j

0, neg
. Among them,

Av
pos

, C
dl
, D

ele
, and Cs

neg, max
 exhibit downward trends, which are the primary causes of SOH degradation.

From the by-products shown in Figure 9C, it can be inferred that a CEI formed on the positive electrode

surface. This film covers the surface of the activated carbon particles and blocks their pores, reducing the

effective contact area between the activated carbon and the electrolyte. Additionally, during the cycling

process, the activated carbon particles may aggregate due to stress or interface reactions, further reducing the

available specific surface area, which reduces the capacitance contribution. This accounts for the observed

decrease in C
dl
.

The cause of the decrease in Cs
neg, max

 can be clearly identified. As shown in Figure 9A, after aging cycles, the

roughness of the negative electrodes increased and lithium dendrites formed; meanwhile, XRD

characterization [Figure 9B] reveals the formation of graphite. These processes reduce the effective sites for

lithium-ion insertion, consequently decreasing the maximum lithium insertion capacity.
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Similarly, the decrease in j
0, neg

 is also attributed to the decomposition of the electrolyte, the accumulation of

reaction by-products, and the degradation of the surface/phase structure of the negative electrode active

material, such as SEI film coverage on the material surface and increased internal defects. All of these factors

reduce the electrochemical reaction activity on the negative electrode surface, ultimately leading to a

reduction in the exchange current density j
0,neg

.

The electrochemical parameters related to the positive electrode, Av
pos

 and Cs
pos, max

, exhibit opposite trends.

Referring to Figure 9, during the cycling process of the positive electrode material, CEI film formation and

particle evolution reduce the active specific surface area. However, the activation of the bulk structure, the

generation of defects, and the promotion of lithium ion transport by the CEI film all contribute to an

increase in the overall lithium insertion sites and efficiency, ultimately resulting in an increase in Cs
pos,max

.

This interplay between surface loss and bulk-interfacial gain accounts for the contrasting trends of these two

parameters. Under high-rate operation, HSC performance is governed by interfacial charge transfer and ion

transport, so the rate-limiting effect from reduced active surface area far outweighs the lithium-storage gain

from bulk activation, leaving newly formed lithium insertion sites underutilized and resulting in overall

capacity fade despite the increase in Cs
pos,max

.

The primary difference in the electrochemical degradation trend between #A and #B lies in the electrolyte

performance. This is evident from the changing trends of D
ele

 and σ
ele

 parameters in Figure 11. Clearly, the

electrolyte performance of #B deteriorates more rapidly, indicating that the elevated temperature accelerates

the rate of side reactions. This is supported by Figure 9A, which shows a greater number of lithium dendrite

crystallization sites on the negative electrode of #B. The formation of dendrites substantially consumes the

lithium concentration in the electrolyte, which degrades the electrochemical performance of the electrolyte.

Overall, the P2D-CNN model demonstrates strong transfer learning capability and can accurately predict

SOH and electrochemical parameters with only a relatively small amount of data. The refined model does

not produce uniform degradation pattern evaluations despite using a shared dataset; it can still distinguish

differences in degradation patterns across different scenarios.

CONCLUSIONS
A hybrid framework combining a physical P2D model and a convolutional neural network was developed in

this study to enable online SOH prediction and real-time electrochemical degradation evaluation of hybrid

supercapacitors using IC curves as the input. The main contributions and discoveries are as follows.

(1) Only a small portion of early charging profiles is required to train the P2D-CNN model, enabling

full-cycle SOH prediction for hybrid supercapacitors. Fine-tuning the pre-trained model with limited

transferred data achieves effective transfer learning with high accuracy, mitigating data scarcity for unseen

datasets.

(2) The P2D-CNN model achieved strong prediction accuracy: for #A, SOH prediction yielded an R
2
 of

0.9387 and a MAPE of 1.57% across 13,898 cycles; for fine-tuned #B, R
2
 reached 0.9589 and the MAPE was

1.64%, enabling accurate tracking of electrochemical parameter degradation trends.

(3) High temperatures accelerate the degradation of HSC. Under 10C cycling, Cell #B cycled at 45 °C

exhibited faster electrolyte degradation than Cell #A cycled at 25 °C. Characterizations verify excessive

lithium dendrite formation on the negative electrode and aggravated accumulation of electrolyte

decomposition byproducts in Cell #B.
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(4) To uncover the intrinsic degradation pathways, disassembled HSC samples were analyzed through SEM,

XRD, and XPS measurements. The results reveal three critical failure modes: CEI layer buildup on the

cathode elevates interfacial impedance, lithium dendrite proliferation on the anode reduces effective Li
+

intercalation sites, and chemical decomposition of LiPF
6
 within the electrolyte degrades ionic conduction

performance.

The P2D-CNN framework achieves non-destructive, accurate online SOH prediction and mechanistic

degradation analysis for hybrid supercapacitors. It provides a practical tool for HSC design optimization,

health monitoring, and maintenance strategy development. Future research could integrate

Physics-Informed Neural Networks (PINN) into the existing framework to further improve prediction

accuracy.
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