’m Check for updates

Transactions of KSAE, Vol. 32, No. 8, pp.681-688 (August, 2024) Copyright © 2024 KSAE /225-08
PISSN 1225-6382 / eISSN 2234-0149
DOI http://dx.doi.org/10.7467/KSAE.2024.32.8.681

2|50l 24HE{2|et FHFHIHAEIE Sto|=H2|E5tH ofL2| WS 9f3
LSTM 7|tk SOC 0% &3
o Ao o 47

—

=23

_|O||

D AR - ATECHED AR |3

— = AT

LSTM-Based SOC Estimation for Hybrid Energy Pack Combining Li-ion Battery and
Supercapacitor

Jinseok Park" - Wansu Lim™

USchool of Electronic Engineering, Kumoh National Institute of Technology, Gyeongbuk 39177, Korea
ISchool of Electronic and Electrical Engineering Sungkyunkwan University, Gyeonggi 16419, Korea
(Received 31 January 2024 / Revised 12 June 2024 / Accepted 15 June 2024)

Abstract : A hybrid energy pack combines lithium-ion batteries and supercapacitors to meet high-energy and high-power
demands simultaneously, providing various benefits such as improved energy efficiency and extended battery life, which is
crucial in the field of energy storage and management. This study proposed a Long Short-Term Memory(LSTM)-based
algorithm for State of Charge(SOC) estimation in hybrid energy packs. Data generated from FTP72, FTP75, UDDS, WLTP
Class 1, WLTP Class 2, and WLTP Class 3 drive cycles, each discharged 100 times, were used to train and test the model.
Compared to a GRU-based model that uses the Root Mean Square Error(RMSE) metric, our proposed model demonstrated a
50 % improvement in performance, showing superior SOC estimation accuracy.
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Table 1 Specifications for Lithium-ion batteries and

supercapacitors
Item Specification
Battery nominal voltage 340V
Battery capacity 176.47 Ah

Capacitor cell voltage 27V
Capacitor cell capacitance 3000 F
Capacitor voltage 5994V
Capacitor capacitance 13.51F
Capacitor capacity 2.25 Ah
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Fig. 2 Hybrid energy pack model: (a) Lithium-ion battery, (b)

Supercapacitor
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Fig. 3 LSTM model used for SOC estimation

Train model

Input : voltage, current, SOC of five drive cycle
Output : LSTM_model

Load data

1 Load the preprocessed data for training and testing
Configure model architecture

2 Configure the model layers

3 Define suitable input and output dimensions
Set training parameter

4 Choose an optimizer for training the model

5 Set batch size and epochs

Train model

6 Split the loaded data into training and test data
7 Train the model with the training data

8 Use early stopping based on test data loss

Evaluate performance

9 Evaluate the trained model on the test data
10 Calculate evaluation metrics

11 Save the LSTM model

Fig. 4 Pseudocode of model training
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Table 2 Proposed LSTM parameters

Optimizer Adam Learning rate 0.001
Batch size 128 Epoch 350
LSTM units 128 Dropout 0.2
Activation
SELU numNueronsFCL1 128
(Recurrent layer)
Activation .
Linear | numNueronsFCL2 64
(Output layer)
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Fig. 5 Voltage of Lithium-ion batteries
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Fig. 6 Current of Lithium-ion batteries
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Fig. 7 Voltage of supercapacitors
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Fig. 9 SOC of hybrid energy pack
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Fig. 11 LSTM model based SOC estimation results
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Fig. 12 GRU model based SOC estimation results

Table 3 Performance comparison between LSTM and GRU

Table 4 RMSE comparison between LSTM and GRU over

different epochs
Epoch LSTM GRU
250 0.014 0.066
300 0.018 0.024
350 0.013 0.026
400 0.032 0.045

Table 5 RMSE comparison between LSTM and GRU over
different layers

RMSE MAE PCC
LST™M 0.013 0.009 0.999
GRU 0.026 0.024 0.998

Nu;’;::rr of LSTM GRU
64 0.017 0.023
128 0.013 0.024
256 0.019 0.046
512 0.032 0.050
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2Hlo] 300, 3502 | ¥4 44 v =5 GRU ZdH T}
wk& RMSE 5222 714 7] Wl i-ol] LSTM E 21 2] A 50]
] 538 HojErk

Table 5= LSTM3} GRU X.2!°] RMSE 4% & LSTM
dlojo] =l we} vjw gk Aol LSTM EEoA =
ol =7} 128< w] RMSEZ} & 4¢1 0.013¢]3L GRU
R4l golo] 7} Skt wel RMSE7F F71eh=
s Hol=d 64 #olol & 7 | 7 W

RMSE %<1 0.0230]t}. LSTM RMSE 2|7} 71 wbe
glo]o] 4221 128 w2} GRU RMSE 5] 7} 717 &
#lo]o] 4= 64 W) XF LSTM RMSE 2] 7} wHe-S 1.
oo 72X LSTM 249 A5o] GRU 2R} ¥
& ¢ Ak

L2 E

2 =2 LSTM B EE o] 8-8to] glHo]=wliE 2] <}
YA EE o] B =3 o] Fe] sOC <&
S AFETh LSTMS AIAIE dHlolEl 9] 7]
sh5olal Haek dES gy o= et
Atk wEbA LSTM S o]-ggo =M nijefe] S}
e 225l A 3 Ws 5 ok 891S 9
2 a7 3te] AlFA =S SOCE =) ol & &
3&t7] 918 GRU 28 Mix|vla 2 o]-§35}o] RMSE,
MAE, PCC 5 37}A] dt2ju|g 2 vl u gt} o 3.9}
go]o] o] ApHSLE ol AlEH ol el o A&
do]d Ay} o x5 th2 7] ¢S w LSTMS] RMSE
= GRU2| RMSEX T} 717} 78.79 %, 25 %, 50 %, 28.89
% I gk glo]o] & th2 A PS o LSTME]
RMSE+ GRU<2| RMSEX.T} 26.09 %, 45.83 %, 58.7
%, 36 % FFHTE A AIE ol X 2l LSTM
o] Aol ERlFlorns 3FST RNNS ¥ g BiRNN
(Bi-directional RNN), VRNN(Variational RNN), DeepAR
(Deep Autoregressive) &3-S 2-8-31o] o] H | = of
A He] SOC oS ATE P& oA o|r}.
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o] Yok 479 Ao ARATATE] AAL W
o} =3 AF-A (A Z: 2021R111A3056900, RS-2024-
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