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Battery State of Health Prediction Method Considering Capacity
Regeneration Phenomenon Using Multi-encoder Transformer

Saehoon Kwon - Byunghoon Kim
Department of Industrial and Management Engineering, Hanyang University

This paper proposes a Multi-encoder Transformer based battery SOH (State of Health) prediction method
considering the CRP (Capacity Regeneration Phenomenon). CRP is a nonlinear effect in which battery capacity
temporarily increases after an inactive state. Legacy battery SOH prediction models do not account for CRP,
resulting in less accurate SOH predictions. To address this issue, we propose to decompose the battery capacity
signal into its high-frequency and low-frequency components using CEEMDAN (Complete Ensemble Empirical
Mode Decomposition with Adaptive Noise). In the proposed method, the Multi-encoder Transformer is
employed such that each Transformer encoder, deployed in parallel, predicts value of each IMF (Intrinsic Mode
Function). The predicted IMFs are concatenated and then passed to the Transformer decoder for SOH prediction.
Moreover, the dual attention mechanism is used to evaluate the relative importance of time series sensor data for
SOH prediction. Experimental results on the NASA and CALCE Li-ion battery dataset show that the proposed
method achieved better accuracy across several evaluation metrics and provided interpretable attention weights.
This study is expected to contribute to more effective battery condition monitoring, improved predictive
maintenance, and overall improvement in energy management efficiency.

Keywords: Battery, Remaining Useful Life, Capacity Regeneration Phenomenon, Prediction, Deep Learning,
Mode Decomposition
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Table 1. Comparison of Model-based and Data-driven Methods

Method Advantages

Disadvantages

Example Models

- Leverages physical and chemical
understanding of battery degradation

Model-based |- High interpretability

- Suitable for extrapolation and scenario
analysis

- Requires detailed knowledge
of battery chemistry

- Complex models can be
computationally intensive

- Equivalent Circuit Models
- Electrochemical models
(e.g., P2D models)
- Kalman Filter-based estimation

- Learns complex nonlinear relationships
directly from data

Data-driven |- Adaptable to various battery types

and operating conditions

- Often faster for real-time applications

- Highly dependent on the
quality and quantity of data

- Limited physical interpretability

- Risk of overfitting

- Linear Regression

- Artificial Neural Networks
- Support Vector Machines
- LSTM
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Figure 1. Framework of Proposed Method
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Figure 2. Structure of CEEMDAN-Multi-encoder Transformer
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Ccot &% HolEHE A AA dHolH a\{c} 2 g
o]% &2 go|E] Col CEEMDANS &30 i7j9] IMFZ
w3t} o] & a\{ C} & A Aste] HF 9 vlolE DE
43}, ©] 3 Multi-encoder TransformerE ©]&3}4 o =&
T3t
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HA ZIMFAREZ I ITEHE R TEA7IT dFEE
A dioJH xo i) Positional Encodmg* A 8-8la1
Multi-Head Attentions 43¢t ¥ Attention Value%
Feed-Forward Network S %3 Feature Vector 77 & &9
o}, 18 o3 & 92 concatenate 31 3}1}-2] Feature Vector
IMFs,, = /33t0 o] A E AFA 02 AT & A3t
gide AIZg fA WASE 5238 Positional

Saehoon Kwon -

Byunghoon Kim

EncodingS #-8% % Masked Multi-Head Attention?}
Feed-Forward Networkg AA HE o 27ke vats g2y
= 499 Fs,,, 5 7190 2 vl 2] 9] Global Target$] &%
CE &3, OIUH &4 3+4== MSE(Mean Squared Error) £ 4
A5} 09} 09 2ol & H 4B EE Shro] WAL S 7}
AolleHan E4E& 74 dAH s JAvsto getrH o5
JulolEdta HFH o2 =1 MEE §3 ¢ & BT

Algorithm 1. Multi-encoder Transformer for Battery SOH Prediction

D :Experimental Battery Dataset
C : Capacity of Battery

num_laye : Number of Encoder and Decoder Layers
d_model : Model Dimension
num_hea : Number of Attention Heads

d;;  :Feed-Forward Hidden Dimensions

dropout  : Dropout Rate
enc_out : Encoder Output
IMF  : Intrinsic Mode Functions
L :Loss Function
n :Learning Rate
6 :Model Parameters
N :Number of Epochs
X :Feature Vector
FE  :Feature Extraction
PE  :Positional Encoding
MHA  : Multi Head Attention
I Input: D, num_layers, d_model, num_heads, d,, dropout , n
2
3 ford € o:
4 (G a{C}) «d
) M —FRN C}) > Preprocessing
6 IMFs < CEEMDAN(C)
7 d <—CONCAT(\{ C}, IMFs)
8 end for
9
10 for d;,.,;, Eo:
1 | 1todei(d,,,,;,) D> Train
12 end for
13
14 return CI')MeModel(d,WED) D> Test
15 end
16
17 function Model(d):
18 for Nepochs do:
19 parallel for i=1 to len(/MFs) do:
20 |[MFi””’eE’nwde7‘ i(d, num_layers, d_model, num_heads, dff, dropout)
21 end parallel for D Multi-encoder Transformer
22 fori=1 to len(IMFs) do:
23 | iz, —concartmms,.,... i)
24 end for
25 AC'<—Decoder(G [Aﬁ’sp,,(,ds, num_layers, d_model, num_heads, dff, dropout)
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N
26 Lyecoder = Tlvf;(q - @)2
6Ly [> Loss Function & Backpropagation
27 eencodm“,<_ eenmder,_ (59Fynmdmv’
28 end for
29 return G, <— c
30 end function
31
32 function Encoder(d, num_layers, d_model, num_heads, e dropout):
33 X «PHE(d, d_model)
34 for I =1to num_layers do:
35 X «—MHA(X, num_heads, d_model, dropout)
36 Xioature —MHA(XT, num_heads, d_model, dropout) > Dual Multi-Head A ttention
37 X =X OXpopre T X Transformer Encoder
38 X « FeedForward(X, d_model, d/ , dropout)
39 end for
40 return X
41 end function
42
43 function Decoder(d, enc_output, num_layers, d_model, num_heads, d/»/7 dropout):
44 X < PH(d, d_model)
45 for I =1to num_layers do:
46 X < Masked MHA(X, num_heads, d_model, dropout)
X < MHA(X, enc_output, num_heads, d_model, dropout) DTransformer
47 X « FeedForward(X, d_model, df, dropout) Decoder
48 end for
49 return X'
50 end function
51

52 Qutput: Predicted Batteries Capacity

4.4 9
4.1 gloJgAl

B ATl A= e 2] A oSS 918 2 F dlo]HEZ NASA
9} CALCE®)| A Al &3} Li-ion Battery PHM ©l ©] E{ 4ll(Saha and
Goebel, 2007; Pecht, 2013)S &-&3tH o HjEl 2o A
<Table 2>} 2 TH NASA B0 E} Al ThoFet & & 27 o M o] &
A A D YuE s 248 28 A Y A EloE Al
(B0005, B0006, B0007) 2.2 F+A =] o] It} % 16871 2] Cycleol
th &k A =o] <Table 3>3} 20] 87§ &) A H & 3ot §lo] viE

Table 2. Specification of Li-ion Batteries

29 B Ast L EAS NSt Hl RS ARE Aol 7}
53tk CALCE HlolE A= Al 7|9 71 H o] EA(CS2 35,
CS2.36,CS2_37)0.& 744 = o] §loH 7 to| B ' = 882,936,
972719 Cycleol] tigt W EZ FA4 5 0]9] &1 <Table 4>2] 874
o AY S A3 A& RS

B o 1o A= NASASHCALCE Ml E] Hlo]HAl & 7]uko 2
HE 212 SOHE o S3te B & 7353t A& FXZ 33t
2o e gl o] £ o 5 H7HE 918 v E 2l ] SOH7F %k 70%
7} J& A4 0 Z NASAE B0005< B0006-2 1.4Ah, B0007-&
1.5Ah9] £238= A4S, CALCEE 0.77Ah9] E238F= A4 &
Wl 2] o] EOLE A oJste] A 3& 233t

Battery NO. Initigl Constant Charge Discharge Discharge
Capacity Charge Current Cut-off Voltage Current Cut-off Voltage
B0005 1.86 Ah 1.5 A 42V 20 A 27V
B0006 2.04 Ah 1.5 A 42V 20 A 25V
B0007 1.89 Ah 1.5 A 42V 20 A 22V
CS2_35 1.12 Ah 0.55 A 42V 1.1 A 27V
CS2 36 1.13 Ah 0.55 A 42V 1.1 A 27V
CS2 37 1.12 Ah 0.55 A 42V 1.1 A 27V
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Table 3. Description of Variables in the NASA Dataset

AAE -

oy
oF
ot

Variable

Variable Description

Voltage measured

Battery terminal voltage (V)

Current_measured

Battery output current (A)

Temperature_measured

Battery temperature (°C)

Current_charge

Current measured at load (A)

Voltage charge

Voltage measured at load (V)

ambient_temperature

Ambient temperature (°C)

Cycle

Cycle Index

Capacity

Battery capacity (Ah)

Table 4. Description of Variables in CALCE Dataset

Variable Variable Description
Voltage(V) Battery terminal voltage (V)
Current(A) Battery output current (A)

Charge_Energy(Wh)

Accumulated charge energy (Wh)

Discharge Energy(Wh)

Accumulated discharge energy (Wh)

dV/dy(V1s)

Voltage slew rate (V/s)

Internal_Resistance(Ohm)

Internal resistance (£2)

Cycle

Cycle Index

Capacity

Battery capacity (Ah)

B Aol A AHE3hE Wi El E Blol B¢ £ O <Table 5>
g 7ol ZF Cycle & 39 vlo|E ZJAE /j7t T
Padding& AF8-38F4 U (Lee et al., 2023) DownsamplingS % 8}
g+ &, VAE(Variational Autoencoder)®] Latent Vector& A}-8-3}
= YHES 53 djds A7t 245K Modekwe et al.,
2024), old @ HTHELS HolH Y &4 S oplstAY dF
zdd gEEE wolgAlel TE  #HolodA FY
(projection) = $17] W&o Attention Weight®] 3]44 o] JH &=
AZF AT, wekA, onboard & ER ol A Bl o] B E A 2] g
Oe 7S 7o 2 ZF Cycle 2 Hlo]H Y FEHE EA3)
A FozH g 71E3EE HEY] A 4 Cycle B2
Capacity 9} CycleE A2 Um =] 6719 AHE &85l &
AE FEde Pl 51%0}9\114 o] & $all #23(min), 3
o) #k(max), % vF(mean), 3E 3 2k(standard deviation)$} 22
SAAR ARE A4tsled 2 Cycle 82 149 ejo] 54 o)
T i”ﬁ zdo] wiee] YeE Eot
T AAgsAt.

_l\l

] (feature vector)S
aRA R GG

mn%

A
A

Table 5. Length of Battery Cycle

Cycle 1
197

Cycle 168
300

Length

Target 24 ¢ Capacity:= CEEMDAN 2 3 2712 IMF¢} |
M| AAZ Fa g om 1 A <Figure 5>9F 2. 7t H o]
EEE Yo A RE AU Z Y& g o]E IMFI, IMF2, ZH3}o]

™ CRPO| H3t HRE TF3ta & IMFIE HIA A o] &
HHA Trendol] tidt AR E 238t e ke vld g gl
AAE o gest 8tk F4E el = 2 & &<l 7hssith

A2 A AN A dolEAl F 2719 ElolE| Al S train O
oMo E U A 17]9] HoJEAlE test HIOJE|Al O & S5
3= 3-fold cross validation W2]-& 23}k £ 4] (9)9
2ol @A) A ol A9 SOHE 3 wZ ol 9] SOH ol ¥

Fe Aoz gt B w53 dFehe Sotold U=
AR S ke AAegon Cycle SOFE o %
S A

[SOH?,SOHY ... SOHY.., ] )

= M([SOH; | ,...SOH]_,, | SOH_,))

w—1,

7|4 SOHE SOH EloJE], i o & 2d,
ojn, we =59 27|t

NASA o] 29| 5241 H = embedding_dimension=26,
number of heads=13, dropout=0.1, number of feed forward=512
E, CALCE Hlo]8 29| 9}2}1]E| = embedding_dimension =
30, number of heads=10, dropout=0.1, number of feed for-
ward=5122.2 4745} th. NASA ©] o] E] Al 7} CALCE H] o] E] 4l
2 5935 Adam OptimizerE AF&-8Fo] 2 A A <5 v o] ] Al
< learning_rate=0.001, 7 WA F HolEHAL learn-
ing_rate=0.00012 1000 Epochs <53} T},

t= A A
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Figure 5. Mode Decomposition Results of The Capacity
4.2 A8 Azl 1 -
MAE:EZ'?J;'_.%" (11)
. _ . - i=1
<Table 6> %} <Figure 6> T8 ¥ 253 F3) A4 =Y )
5 2
o Ad AE HojFr} Hlw 2d F& v 2 Transformer, Yy —v)
= 2_ i=1
LSTM, 1dCNN-& A-8-31% 07 o] el 4l & CEEMDAN & & RP=1-— (12)
- - 2
43+ IMFE concatenate 3+ 5% Al(feature set)¥} CEEMDAN Yy —y)
=1
L AR5} A] o EA M(feature set) S A& Al E L 2] 3]
= *l‘g‘ ]’ ]15\_. =4 }]\(C UCSC)E ]"g“ ]»0:1 éue \_t})] Error of RUL:‘RULT—RULP‘ (13)

Stelth sterElE AP HE A Y8t Adam Optimizers
/\}%’5‘}04 A AA &5 b o] H A2 learning rate=0.001, & W M@ Az 2 Aotw
A 85 dlo]H A2 learning rate=0.0001Z 1000 Epochs 85
é}ait}. B7HA E= Wang et al.(2024)9} Shi et al.(2023)S # o)
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Table 6. Results of SOH Prediction

Data Methods RMSE(Ah) MAE(Ah) R-squared(Ah) Error of RUL
CEEMDAN-Transformer 0.0152 0.0115 0.9870 0
CEEMDAN-LSTM 0.0193 0.0167 0.9789 2
CEEMDAN-1dCNN 0.0309 0.0221 0.9461 0
B0005 Transformer 0.0180 0.0138 0.9817 1
LSTM 0.0256 0.0202 0.9632 1
1dCNN 0.0320 0.0269 0.9421 6
Proposed Method 0.0113 0.0097 0.9928 2
CEEMDAN-Transformer 0.0351 0.0273 0.9392 3
CEEMDAN-LSTM 0.0499 0.0443 0.8772 28
CEEMDAN-1dCNN 0.0682 0.0592 0.7707 8
B0006 Transformer 0.0498 0.0430 0.8777 10
LSTM 0.0414 0.0349 0.9152 10
1dCNN 0.0764 0.0701 0.7118 10
Proposed Method 0.0125 0.0083 0.9923 0
CEEMDAN-Transformer 0.0156 0.0123 0.9778 3
CEEMDAN-LSTM 0.0130 0.0096 0.9847 2
CEEMDAN-1dCNN 0.0331 0.0274 0.9004 11
B0007 Transformer 0.0199 0.0167 0.9637 7
LSTM 0.0158 0.0110 0.9773 0
1dCNN 0.0226 0.0186 0.9534 4
Proposed Method 0.0101 0.0058 0.9907 1
CEEMDAN-Transformer 0.0182 0.0130 0.9922 0
CEEMDAN-LSTM 0.0166 0.0107 0.9935 2
CEEMDAN-1dCNN 0.0246 0.0117 0.9858 3
CS2 35 Transformer 0.0177 0.0122 0.9926 3
LSTM 0.0205 0.0140 0.9901 7
1dCNN 0.0262 0.0198 0.9839 12
Proposed Method 0.0113 0.0063 0.9970 0
CEEMDAN-Transformer 0.0362 0.0302 0.9803 81
CEEMDAN-LSTM 0.0277 0.0243 0.9884 93
CEEMDAN-1dCNN 0.0740 0.0677 0.9176 29
CS2_36 Transformer 0.0378 0.0317 0.9784 85
LSTM 0.0298 0.0258 0.9866 117
1dCNN 0.1039 0.0860 0.8374 32
Proposed Method 0.0122 0.0068 0.9978 2
CEEMDAN-Transformer 0.0254 0.0172 0.9848 2
CEEMDAN-LSTM 0.0164 0.0127 0.9937 41
CEEMDAN-1dCNN 0.0365 0.0280 0.9686 55
CS2 37 Transformer 0.0291 0.0195 0.9800 29
LSTM 0.0209 0.0156 0.9897 39
1dCNN 0.0272 0.0177 0.9826 5
Proposed Method 0.0118 0.0073 0.9967 2
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Figure 6. Comparison of SOH Prediction Curves
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