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Abstract: To address the issues of low estimation accuracy and insufficient capture of time series
features in the existing battery state of health (SOH) estimation, a Gramian angle field-
convolutional neural network-temporal convolution network (GAF-CNN-TCN) hybrid model is
proposed. The model converts incremental capacity (IC) curves of varying lengths into image

data using the GAF algorithm and extracts features from them through a convolutional neural
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network. Additionally, a feature fusion network is introduced to integrate the image features
extracted from the image by a two-dimensional convolutional neural network with the temporal
features extracted from the IC sequence by a one-dimensional convolutional neural network. The
integrated features are fed into the temporal convolutional network model for training, leading to
precise SOH estimation. Validation of the model is conducted using lithium-ion battery data sets
from NASA and University of Oxford. The results show that in comparison to the long short-
term memory (LSTM) model, the GAF-CNN-TCN hybrid model reduces the mean absolute error
(MAE), mean absolute percentage error (MAPE), and root mean square error (RMSE) between
the estimated SOH and the true SOH by 85. 65% , 86.12% , and 84. 0%, respectively. Similarly,
compared to the CNN-LSTM model, the reductions in MAE, MAPE, and RMSE are 83. 24%,
83.75%, and 82.27% , respectively. Furthermore, compared to the TCN model, the reductions
in MAE, MAPE, and RMSE are 76.92%, 77.19%, and 76. 01 %, respectively.
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Fig. 1 Actual SOH of the experimental battery
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Fig. 8 SOH prediction results for two types of batteries
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Table 2 SOH prediction errors for IC curves with different

lengths

i ICHZ&KE  Ruws Ruare Ruyse
256 0.008 7 0.0109 0.009 2
324 0.005 8 0.007 3 0.006 8

Cell 3
400 0.002 4 0.0029 0.002 6
484 0.0109 0.0135 0.0121
64 0.006 2 0.009 3 0.009 2
81 0.008 4 0.012 5 0.009 8

B0006
100 0.002 4 0.0037 0.003 4
144 0.008 8 0.0136 0.0111
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Fig. 9 SOH prediction results of Cell 7 battery at

different prediction starting points
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Table 3 SOH prediction errors at different prediction starting
points
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UEEDE S
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Cell 7
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Cell 8
6 000 0.001 4 0.0018 0.0017

3.4 AEEBPTNLE R 3T

T B AR SC 7 Uk A SO GAF-CNN-
TCN A Y 500 2R 5 TCN R LSTM & A |
CNN-LSTM AU A7 %5 B A A1 . S T 58 2 00 i o)
Ll A5 BT (1 M e A TR Y A A B SRS 4y 1C 2k D
GAESMBEM B R 11, B 11 N AR B
ARIXE Cell 1 A A9 S0 45 5, 7T LA . GAF-CNN-
TCN B SOH 0 il £ 3 3l d5e /N, B35 F 3
SAH s TCNLLSTM,CNN-LSTM #i#1 i) SOH 5 il
RORHBE 22, HL & 6 FR R BUW 38 m e #25 SOH B 52
{14 2 38 R A 5 TR 11 (b)) i 7% A A ] 8 (1 5
MBS 52 SOH B 228 JHAF S Voo 8 1] LU
F il GAF-CNN-TCN #& B (1 1% 25 % 3l &% /), 1M
LSTM #ER1F1 CNN-LSTM A 5 it F ] 458 22 34 K T
TCN #EIF GAF-CNN-TCN #% %, 3 H K % 75 3
YR 380 AS B 3 R, X 2 O GAF-CNN-
TCN R 3@ iof 4% 1C J7 51 8006 % 1k o BR L 45 &
CNN [ F-AE S URE 7 A1 TCN BRI 24 > BE /1. fig
fi T 4 YT b AR R B T B RR R AR S, DA S
P AERG A9 SOH FLm




TR 235 38 5 A R ) 8 0 7 L vt REBR ZA TF 35

%114 B, 55 R IS RS Af 3736 TR 48 W 45 - P
1.05 -
— S }
1.00 —— GAF-CNN-TCN# 5
- TCNAE R
0.95 | - -~ LSTM##i Y

CNN-LSTMA 4!

= 090 |
2
Q085
0.80 | S
075 I
070 1 1 1 1 1 1 1 1 ]
0 1000 2000 3 000 4 000 5000 6000 7 000 8 000 9 000
[E237¢s
(a) T 45
0.08 -
—— GAF-CNN-TCN#&%
006F o TCNAH Y
-+ LSTMELR! o
CNN-LSTM#5 R
- 0.04 LY g 5
5 el oa®™"
2 o™ o o
0.02 oL e a0 999
a S
e v’..o—d *%g
ol v .
X*NMW

02 1 1 1 1 J
4000 5000 6000 7000 8000 9000
{EERV €'

(D FWAE 5 ESLH 1225
B 11 RFEAERXE Cell 1 HMAY SOH Fii 45 5
Fig. 11 SOH prediction results of different models for Cell 1

battery
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Table 4 SOH prediction errors of different models
Eg; m ]’iﬁ \;JI\IJ /Fﬁ E‘L*J RMAE RMAPE RMSE
LSTM 0.0253 0.0323 0.0271

CNN-LSTM  0.0238 0.0304 0.025 6

Cell 1
TCN 0.018 5 0.023 8 0.020 8
GAF-CNN-TCN 0. 003 1 0.003 8 0.003 6
LSTM 0.016 4 0.0238 0.0179
CNN-LSTM  0.0120 0.0176 0.014 9

B0005

TCN 0.007 4 0.0104 0.0091

GAF-CNN-TCN 0.002 8 0.004 0 0.003 6
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MR 2T LRI, 5 LSTM #5814 L, A SC 8 37 9
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84.0% ; 5 CNN-LSTM #ERIAH Lt , 42 3¢ GAF-CNN-
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Ruse 73 A BEAR T 83. 24%.83. 75%.82.27%; 5
TCN BEHUF [, A S GAF-CNN-TCN R & #5 %1 fiy
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Table 5 SOH prediction results of different methods
HL Tt G 5 T8 WL LG Ruse
RFR-MLR-SVR-GPR™" 0.007 0
Bi-LSTM!?% 70% 0.004 7
Cell 1
IFDA-LSTM"" 0.003 9
GAF-CNN-TCN 50% 0.003 6
EEMD-GWO-SVR™! 50% 0.009 6
TCNE 50% 0.009 5
GRU-Attention""] 50% 0.008 8
PSO-LSTM"! 50 % 0.007 8
ISSA-GPR 50% 0.006 7
B0005
IQPSO-LSTM 50% 0.006 5
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Ecorder-TCN 50 % 0.006 0
IGPR"* 50 % 0.004 8
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