ClXE 28 = &5l =2 K|
=i Journal of Digital Contents Society
Vol. 27, No. 4, pp. 1079-1092, Apr. 2026

&*
o
e

Km Check for updates

ki

ICA 7t &2

0|'

a2 Z-AAE 8-S et BEIZE 2|&0|2 HiE{2]| SOH o=

e E
=

o] & &!.ur A 2!. Muhammad Ihza Febriyan Pagri’ - A/ & &%
HEE D SEEAIAR B ED} AAY

PHEY SIS EAIAR BT} BALDL

Z=rstn 8RB e 20e

Multimodal SOH Prediction for Lithium-lon Batteries Using

ICA-Based Correlation Graph and Time-Series Fusion

Dongho Lee' - Gyeonguk Park' - Muhammad IThza Febriyan Pagri’ - Dongjun Suh®

"Master's Course, Department of Convergence and Fusion System Engineering, Kyungpook National University,
Daegu 41566, Korea

2Ph.D. Course, Department of Convergence and Fusion System Engineering, Kyungpook National University, Daegu
41566, Korea

Associate Professor, Department of Convergence and Fusion System Engineering, Kyungpook National University,
Daegu 41566, Korea

[2 of]

2 A= gEel= uEE Y 17 AEE S5k s, AlolE Tl AIAIE R T £ BAH 5 FE 7Rk 4R
£ Agst HE|RY 2y YA E AeksIth BILSTM 1269} GAT Q13 & &-8-35f0] W 17ke] A7 2 #A1 4 G35} o
Y& Jdmdsta, A% dd-S 71Hke. 2 SOHE 34 | *4 Oi Fstth d3l dolgAl Ad Ay Aok mdle v w
< SOH oS 24 ojv] A& we} Ak SHollA 53 5 o, dE| Y A3t avE st
[Abstract]

This study proposes a multimodal model to predict the state of health (SOH) of lithium-ion batteries by combining cycle level
discharge time series signals with a correlation graph built from Pearson correlations among Incremental Capacity Analysis
(ICA)-derived summary features. ICA-derived descriptors capture cycle-to-cycle electrochemical changes, and their pairwise
correlations are encoded into a graph representing inter-cycle similarity. A BiLSTM encoder models temporal degradation
dynamics, and a GAT encoder learns relational dependencies across cycles by attending to informative neighbors. The two
embeddings are fused and fed into a regression module to predict the SOH for the subsequent cycle. Experiments on public
degradation datasets showed that the BILSTM + GAT combination achieved the best accuracy and bias among the compared

models; however, multimodal integration was not consistently superior.
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Table 1. Summary of battery degradation datasets and test conditions
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Fig. 1. Discharge voltage, current, and temperature profiles
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3-3 NASA Li-ion Battery Aging Dataset
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Multi-Modal SoH Prediction
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Fig. 3. Architecture of the proposed multimodal SOH prediction framework
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Table 2. Description of graph node features
Node Description 5-2 Al-ﬂﬁ ﬁ’g
. Cycle index within a given cell, used to encode
: progression over time.
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IC, ak Maximum value of the IC curve. AAE LES T dol2 AEHIALE 2] (12)= A &
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Ic Integral of the IC curve over [V, , .V, .1, © 949 Aoy, & ATt E 719 4EE 7t
area summarizing cumulative response.
IC,..iroia | Voltage centroid of the IC curve
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Table 4. Performance comparison of single-modality graph models for SOH prediction
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Fig. 4. Predicted vs. true SOH for single-modality graph models
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Table 5. Performance comparison of single-modality
time-series models for SOH prediction

Metrics e LSTM BILSTM
RMSE (%) 0.0554 + 0.0010 | 0.0549 + 0.0011
MAPE (%) 4.5099 + 0.1823 | 4.4644 + 0.0964
MBE (%) 0.0080 % 0.0038 | 0.0099 + 0.0035
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Table 6. Performance comparison of LSTM-based multimodal models for SOH prediction
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RMSE (%) MAPE (%) MBE (%) RMSE (%) MAPE (%) MBE (%) RMSE (%) MAPE (%) MBE (%)
0.3 0.0269 + 2.4246 £ —0.0099 = 0.0188 = 1.6742 £ —0.0040 £ 0.0272 £ 2.5310 = -0.0028 =
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Table 7. Performance comparison of BiLSTM-based multimodal models for SOH prediction
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Fig. 6. Predicted vs. true SOH for multimodal models
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