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Abstract— Renewable energy harvesting through solar
photovoltaic with solar smart dome at rural area can help
local farmers drying agricultural product such as coffee,
spices, and dried fruit. To have a more viable and economical
battery for the energy storage system, an accurate prediction
battery State of Charge (SOC) is important to help control the
battery charging and discharging, to extend the battery
lifespan. This study explore correlation between SOC
prediction with battery observable parameter such as voltage,
current and temperature. Using Transformer Neural Network
with comparison of Long-Short Term Memory (LSTM) and
Gated Recurrent Unit (GRU), prediction model constructed
utilizing two different datasets of laboratory lithium battery
LiFePO4 and actual lead acid battery OPzS to measure model
accuracy and its training time with extreme condition. Result
show that voltage having strong positive correlation with SOC
prediction for both battery type, while temperature having
strong positive correlation only on lead acid battery. Current
didn’t have direct correlation to SOC but have strong positive
correlation with voltage for both battery dataset. Best
prediction result gained from GRU at 45 epochs with MAE
0.642%, RMSE 0.885 %, R? 99.88% and training time of
10.74s. Transformer Neural Network accuracy placed third
after LSTM with MAE 1.175%, RMSE 1.634%, R? 99.69%
but it has faster training time at 7.13 second. Generalization
capability of neural network in SOC prediction to produce
great accuracy is proven in this study on GRU model with
highest MAE of 1.19% given its challenge of limited data
quantity, quality, and different battery type.

Keywords— Battery State Prediction, Transformer Neural
Network, State of Charge, Machine Learning, Smart Solar
Dryer

I. INTRODUCTION

Development of renewable energy especially solar
photovoltaic (PV) at rural area with no national power grid
can help local farmers of its energy needs and support
agricultural finishing drying process for product such as
coffee, spices, and dried fruit.

Drying is one of the techniques currently used in food
processing to remove moisture to prevent mold and
bacteria from ruining the food. Coffee for example require
good drying process to get better scent and taste before
being sold at market [1]. Common practice of drying
process with open space method heavily depend on
daylight which can be solved using closed dome with solar
PV such as Solar Smart Dome 4.0 (SSD) (see figure 1) [2].
Electrical energy that produced by Solar PV at daylight
then stored in battery system to provide enough energy at
night. This battery system is required to power up electrical
devices at dome to enable 24/7 drying process. In its
implementation, this standalone energy system need low
cost battery storage system that have optimal energy
management with good control of energy usage and longer
lifetime[3], [4].

Newer battery technology in last decade have been
vastly improved but it still has high cost to be used at low-
cost project. But for old technology such as lead acid
battery tend to have lower cost and higher capacity with
constraint of shorter lifecycle of 2,000 compared to lithium
battery up to 10,000 cycle[5]. With such battery
characteristic, lead acid battery usage needs to be optimized
to ensure battery having longer lifetime. Optimization can
be done by having accurate battery State Of Charge for
maintain battery capacity and State Of Health as battery
lifespan indicator [6], [7]. State Of Charge (SOC) of battery
is affected by various parameter such as current, voltage,
temperature at certain time[7], [8].

Correlation between lead acid battery cell parameter is
related to each other at both charging and discharging
process. At discharging process, having lower temperature
will make current and voltage more stable and efficient [9].
When charging process, as voltage increased there is
chemical reaction need to be controlled to prevent battery
damage from gassing stage. Current have direct correlation
with battery capacity and directly affected by battery cell
temperature during discharging process [10].
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Each cell battery lifetime would be different in actual
usage depend on energy management efficiency at charging
and discharging process. Unbalance charging power at each
battery cell at solar PV microgrid would reduce available
battery capacity, faster battery degradation even safety
issues [7]. This condition provides research opportunity
to

with different approach
efficiency.

increase  battery usage

Figure 1: SSD 4.0 coffee drying process (Source : Budiman et al
(2021) [2])

Chemical complexity in battery dynamic that constantly
changing its parameter making accurate SOC prediction
more complicated considering battery aging factor and
nonlinear cell battery characteristic [11]. Given its
complexity, SOC prediction can be done through adaptive
approach of machine learning to achieve SOC prediction
efficiently with good accuracy , real time and self-learning
capability throughout the time while accommodate
temperature and other parameter variance [12], [13].

Machine learning SOC prediction utilizing data based
approach become a solution to achieve high accuracy that
can be applied at any condition and battery type with
prediction model using observable time step parameter of
current, voltage and temperature [14] Popular machine
learning approach such as Long Short Term Memory
(LSTM) and Gated Recurrent Unit (GRU) do have its
limitation of high computational requirement, long training
time and vanishing data gradient in the process [11]. Using
deep learning Transformer neural network with self-
supervised learning compared to other popular method can
have high accuracy and small error with 5 epoch using only
20% of training data [15]. Transformer neural network can
utilize all input data simultaneously to gain deeper or more
complete information compared to conventional neural
network method [16].

This research study relation between battery parameter
such as voltage, current, temperature and other recorded
parameter into SOC prediction.

Furthermore, this study provides SOC prediction
modelling using transformer neural network to support
SSD implementation with lead acid battery type (OPzV).
Prediction model using transformer neural network
constructed using dataset from laboratory lithium-ion
battery dataset contains multiple time-series to achieve its
best accuracy and fastest training time. Prediction model
challenged further through transfer learning into actual
limited dataset of lead acid battery that similar with SDD
battery type to ensure its performance. In summary, the
contributions of this study are:

« To analyze relation between battery parameter into
SOC prediction

» Design prediction model architecture using
transformer neural network using 2 time-series
datasets under extreme condition such as limited data
quantity and quality, different battery type (lithium
ion and lead acid) and different condition
(laboratories and actual)

« To measure transformer neural network best
prediction model result in term of accuracy and
training time compared to LSTM and GRU

This paper is organized as follows: (I) In the first
section, the background of this study is elaborated; (1) in
the second section, we outline related theory; (I11) in the
third section, we detail our research methodology; (1V) in
the fourth section, the result of this study is reported; (V)
finally, in the last section, we conclude our study

Il. LITERATURE REVIEW

To extend battery lifetime and improve its performance,
battery state of charge and state of health estimation is
important because battery is one of the most expensive part
of energy storage system [14]. Several technique to extend
battery lifetime in recent studies are : limiting SOC charge
level to 50% can increased battery lifetime expectancy by
44-130% [17], smart Al integration feature on battery [18],
cloud battery management system with online SOC and
SOH [19], optimize battery charging method [20], equalize
charge current distribution [21], remaining useful lifetime
(RUL) prediction[22], [23]. All these studies shows that
accurate SOC is needed in battery management system for
cell balancing to prevents batteries from over discharge and
overcharge which can degrade batteries lifetime.

SOC estimation methods can be classified into four
group: direct measurement, bookkeeping estimation,
adaptive systems, hybrid methods.



AR

" F

=T A

EXPLORING RESEARCH AND INMOVATIONS

International Journal of Emerging Technology and Advanced Engineering
Website: www.ijetae.com (E-ISSN 2250-2459, Scopus Indexed, 1SO 9001:2008 Certified Journal, Volume 12, Issue 10, October 2022)

Aside from adaptive systems, all other methods require
complex mathematical models and deep understanding
over battery type which highly time variant, non-linear and
affected by many batteries chemical factors. Adaptive
system with machine learning approach recently become
more popular to achieve great SOC estimation accuracy,
robustness, and effectiveness despite different battery type
without increasing models complexity and estimation
procedures [12].

A. Lead Acid Battery & Machine Learning

Lead acid has been known since 1859 and used at many
fields like automotive, industrial, telecommunication and
standalone power generator. Despite major advancement in
lithium battery, until 2015 lead acid battery still hold 70%
secondary battery in world [24]. Despite its mature
technology and lower cost, lead acid battery has shorter
lifespan and require better control of its capacity charge
and discharge process to ensure its safety application and
extend lifetime.

On lead acid battery, self-discharge happen because of
internal chemical reaction which its speed effected by
temperature, chemical composition, electrolyte formulation
and cell layer composition[24]. This discharge process
needs to be controlled to maintain depth of discharge level
does not fall below 50% and damaging battery
permanently. Charging process of lead acid battery is
consists of 3 phases: (1) efficient charging until battery
reaches 70%-80% SOC, (2) mixed, SOC is between 75-
100% and (3) gassing evolution, is happen when SOC
already at 100% but still being charged.

Few causes of lead acid battery broke down are (a)
positive cell plate degradation , (b) unperfect charging
process, (c) sulfation on negative plate due to overcharging,
(d) unbalance SOC between cell [25]. It shows how
important SOC in battery optimization to extend its
lifespan and more economical usage. In SOC prediction,
model based approach can produce very high accuracy but
it requires deep understanding of chemical reaction of
battery , component, long time and complex mathematical
model in its calculation [26]. On the other hand, data-based
approach of machine learning utilizing observable
parameter from battery cell without prior knowledge of
battery requirement, as it was black box model concept to
produce SOC prediction.

B. Transformer Neural Network

Machine learning is part of Artificial Intelligence (Al) to
construct mathematical model based on sample data to
produce prediction or decision [27]. Sample data then split
into training data and test data both labelled or non labelled
data with more data meaning higher accuracy prediction
result. Machine learning approach using big scale of data
require high computational power and long time to train
[11], [13]. Breakthrough in machine learning arrived when
transformer neural network was introduced back in 2017 by
Vaswani [28] that promising faster algorithm and overcome
limitation on popular Recurrent Neural Network (RNN) of
LSTM and GRU model.

Transformer neural network utilizing encoder-decoder
and unique “attention” mechanism on its architecture to do
Natural Language Processing (NLP) at first. Few of latest
usage on SOC prediction is done by Hannan et al in 2021
[15] with result of having high accuracy with MAE 0.44%
on constant ambient temperature and MAE 0.7 on varying
ambient temperature. Transformer neural network capable
of produce high accuracy of SOC prediction with
innovative immersion and invariance to achieve higher
accuracy than popular baseline other machine learning
model [16]. All data input in transformer mapped by
positional encoding using this equation:

PE(pos,21) = .‘»“iH(pf).‘»'fl(][]ﬂﬂ?if‘d"“ﬂ)
PE(0: 2i41) = cos(pos/ 100002/ raniet |

With pos and i stand for position and dimension that
feed into single head attention mechanism with SoftMax
function to produce weighted sum of value using this

equation:
%) v
Vi

Transformer neural network capable of having multi
head attention mechanism enable its model to read all data
simultaneously regarding its sequence. In order to do better
prediction on time-series data according to literature study
[15], [16], transformer in this study only using encoder
without decoder with shortest epoch as possible depicted in
figure 2.

Attention(Q, K, V) = saflmax(
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Figure 2: Transformer with encoder only

C. Relation between voltage, current and temperature to
SOC Prediction

Discharging process on battery happen when there is
flow of current out that measured with capacity in ampere
hour. Battery voltage in time step will progressively have
lower value and increasing battery cell temperature as
current flow [24]. As temperature rise, it shows that
battery capacity being drained that measured by high
current output until battery voltage reach its basic
specification of 1.7V for lead acid battery.

On charging process, voltage increased as charging
current flow into battery and effecting temperature too due
to internal battery chemical reaction. Relation between
current and voltage when charging process define various
charging method such as constant current, constant voltage,
taper, pulse, trickle, float and rapid charging , which each
method directly impact to battery lifespan [24].

Based on charging and discharging process , it show that
voltage, current and temperature definitely have correlation
that need to be proven through Pearson correlation analysis
[29]. From literature study, SOC prediction mostly use
voltage, current and temperature as its input as shown in
Table 1.

Table 1.
Summary of Input and Output Parameters for Battery State
Prediction
Input Parameter SOC
Voltage [30]-[42]
Current [30]-[42]
Temperature [30], [31], [34]-[41], [43]

I1l. METHODOLOGY

A. Dataset

In this study, we use two datasets from different battery
type both lithium ion and lead acid. First dataset of lithium
ion LiFePO4 battery by Sandia National Laboratories [44]
with constant charging of 0.5C ranging from 0 to 100%
SOC at various controlled room temperature 15°C, 25°C
and 35°C. LiFePO4 battery was chosen due to its common
implementation in similar standalone energy storage
system such as SDD. Various temperature of first dataset is
selected to represent as close as possible with actual
temperature at SDD various site. This first dataset consists
of 3 years data with 1,320,946 rows with 11 attributes.

Second dataset using OPzS lead acid battery data from
one solar power plant owned by Indonesia National Power
Plant (PLN). This dataset selected because it has same
battery type used by some SDD site in Indonesia aside
from OPzV type. This dataset has limited 3 days data of
only 806 rows with 15 attributes to further challenge
constructed prediction model with extreme condition of
limited quality and quantity data.

A. Models

All tested models in this study were developed with
similar architectures that receive the time series variables
and output of State of Charge (SOC) at the next time step.
In total, we tested four deep learning models: Transformer
with optimizer ADAM [45] (TF ADAM), Transformer
with optimizer SGD [46] (TF SGD), LSTM and GRU. The
architecture of these models is depicted in Figure 3.

Projection N Transformer
o 47—,

I Temp)

LLJ

“ Positional Optimizer |
Temoy Encoding (ADAM/SGD)
Time series data
L Te mm
Optimizer
_(ADAM)
Time series data
Temp) GRU
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Tﬂm |

Time series data

Optimizer
(ADAM)

Figure 3: Architecture of developed model
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Baseline transformer models first constructed using SNL
dataset with 80% training data and 20% testing data, until
prediction error reach below 2% before transferred to next
phase. Error measurement in this study using Mean
Absolute Error (MAE), Root Mean Square Error (RMSE)
and R-squared (R? to evaluate prediction result. When
transformer model achieves MAE <2%, same
hyperparameter setting transferred to LSTM and GRU
model to compare its prediction result and training time.
All models further challenged by transfer learning to
second dataset and repeating same step depicted in figure 4.
SOC prediction with transfer learning into different battery
type can be applied efficiently to get great prediction result
[47] even with limited data constraint [15]. Finally,
summary of all models results for both datasets will be
presented to be analyzed of its performance both accuracy
and its training time.
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Figure 4: Develop model flow diagram

B. Hyperparameter Settings

Hyperparameter settings in this study being set at same
value to have fair comparison on all models (see table 2).
No regularization was applied to all models. Optimizer
ADAM turned out to be best optimizer, therefore it applied
on LSTM and GRU for both datasets.

Table 2.
Hyperparameter setting for all models
Hyperparameter | Value
Time lag n=32
Input Layer 4
Output Layer 1
Hidden Neuron 128
Batch Size 64
Dropout 0
Epoch 5,15,30, 45
Learning rate 0,001
Weight decay 0
Optimizer ADAM (Transformer,
LSTM, GRU)
SGD (Transformer)

IV. RESULT AND ANALYSIS

A. Correlation analysis of current and

temperature to SOC prediction

Research finding in this study shows that in: (a) Voltage
is main attribute in SOC prediction (b) Battery cell
temperature have very strong correlation with SOC but
only on lead acid battery dataset, (¢) Current didn’t have
direct correlation with SOC, but it does have very strong
correlation with voltage for both datasets. On first dataset
of lithium-ion battery, voltage and charge capacity have
same strong correlation score of 0.59 with SOC while
current only at 0.053. For this study, charge capacity
attribute not selected because it isn’t common observable
parameter in many batteries management system hardware.
Other attribute that can only be recorded by specific battery
hardware tester such as charge energy (Wh), discharge
energy (Wh) is not used in this study. Battery cell
temperature in this dataset have negative correlation value
of -0.039 shown in figure 6 due to controlled condition in
laboratory when measurement being recorded.

voltage,
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Figure 5a show there is linear correlation between
ambient temperature with battery cell temperature. With
constant charging rate of 0,5C and same discharging rate,
this condition creating linear increase between ambient
temperature with battery cell temperature with its mean
temperature difference below 1°C.

On second dataset of PLN, SOC have quite strong
correlation value of 0.20 with voltage while battery cell
temperature and ambient temperature have strongest
correlation with respective value of 0.45 and 0.35. It is
totally opposite of first dataset with figure 5b show there is
major fluctuation with battery cell temperature is not
having linear relation with ambient temperature. Even at
lowest ambient temperature of 23.9 °C, battery cell
temperature is still at 29.3 °C. Ambient temperature having
mean at 32.39°C while battery cell temperature means at
34.02°C. As this dataset come from actual usage of battery,
this finding is having more valid to state that battery cell
temperature plays important part in SOC prediction.

Current on both datasets didn’t have strong direct
correlation with SOC, but it has very strong correlation
with voltage with value of 0.53 and 0.79. Based on battery
principle, current is a flow of energy that affected
temperature and voltage, therefore current is proven to be
important parameter in SOC prediction.
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Figure 6: Pearson Correlation Analysis (a) Dataset SNL (b) Dataset
PLN

B. Models Prediction Result

All models able to achieve R* of 0.99 on all epoch
except on transformer model with SGD optimizer with R?
at 0.96 at 5 epochs. Table 3a show that Transformer
ADAM can achieve MAE of 0.01135 at 5 epochs but
LSTM and GRU have even better result. For best accuracy
result, GRU is best choice at 45 epochs with MAE
0.000939, RMSE 0.001310 and R? 0.999979. LSTM and
GRU widely recognized to have very good prediction result
on sequential data especially on constant room ambient
temperature [15]. But both GRU and LSTM does have
longer training time compared to Transformer model in all
epochs (see table 3b).
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Table 3.
Performance of all models on SOC prediction dataset SNL (a)
Accuracy (b) Training Time

(@

Sx 15x

Model MAE RMSE |[R2 MAE RMSE |R2

TF ADAM |0.011346 |0.014331 |0.997534 |0.009354 |0.012302 |0.998183
TF SGD  |0.036791 |0.051389 |0.969824 [0.025417 |0.034195 |0.985960
LSTM 0.005998 |0.007612 (0.999304 |0.002817 |0.003621 |0.999842

GRU 0.005145 |0.007201 |0.999377 |0.001672 |0.002234 |0.999940
30x 45x
Model MAE RMSE |R2 MAE RMSE |R2

TF ADAM |0.006038 |0.008419 [0.999149 |0.005008 |0.006741 [0.999454
TF SGD  |0.019273 |0.025899 |0.991947 |0.014824 |0.019945 [0.995224
LSTM 0.001335 |0.002173 ]0.999943 |0.001065 |0.001740 |0.999963

GRU 0.001281 |0.001839 10.999959 |0.000939 |0.001310 [0.999979
(b)
Training Time (s)
Model 5x 15x 30x 45x
TF ADAM 1.43 3.95 7.12 11.80
TF SGD 1.41 3.52 6.79 10.04
LSTM 245 6.17 12.18 17.80
GRU 2.25 5.99 11.75 17.60

With training time consideration, Transformer ADAM in
this dataset can be considered as best option at 5 epochs
with R? achieving 0.9975 and fast training time of 1.43
second. Figure 7 show that Transformer ADAM model able
to do prediction very well with its projected value over
actual SOC value

GRU 5x LSTM 15x

Transformer (ADAM) 5x Transformer (SGD) 5x

Figure 7: Prediction and actual SOC value graph dataset SNL

C. Transfer Learning Prediction Result

Result show that all models did not suffer overfitting or
under fitting based on plots in figure 8. Therefore,
generalization capability of all models is assured.

Out of all remaining models, Transformer SGD is the
only model that having hard time on achieving stable
convergence point. It is resulting that this model having
lowest accuracy in this dataset with best R? achieve only
0.9662 at 45 epochs compared to other models.

TF SGD 5% TFSGD 15% TESGD 30% TF SGD 45

TF ADAM 5x TF ADAM 15x TF ADAM 30x TF ADAM 45x

LsTh 5% LSTM 15% LSTM 30x LSTM a5

GRU Sx GRU 15¢ GRU 30x GRU 45x

Figure 8: Train and validation loss plot of all models on dataset SNL

Table 4 show that all models did not achieve intended
MAE at 5 epochs. GRU able to achieve R? at 0.99 level at
15 epochs while Transformer ADAM and LSTM at 30
epochs. For best accuracy result, GRU once more is best
choice at 45 epochs with MAE 0.011981, RMSE 0.025941
and R? 0.997761. With training time consideration, GRU
was still best model for this dataset at 30 epochs, followed
by LSTM at 45 epoch and Transformer ADAM at 45
epochs. Due to transformer neural network nature of
reading all data non sequential, this prediction model needs
much more data which this dataset can’t provide therefore
it explained its inferior result to other models. On the other
hand, GRU & LSTM processed prediction by sequential
time-series data where temperature variance on limited
dataset still able to produce high accuracy prediction [48].
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Table 4.

Performance of all models on SOC prediction dataset PLN (a)
Accuracy (b) Training Time

(a)
Sx 15x
Model MAE RMSE |[R2 MAE RMSE |[R2
TF ADAM [0.061836 [0.078739 [0.948812 |0.029410 |0.039220 |0.987300
TF SGD  |0.081859 [0.105404 [0.908273 |0.062486 |0.077688 |0.950169
LSTM 0.061199 |0.075064 |0.953481 |0.026278 (0.033068 |0.990971
GRU 0.048273 |0.064216 |0.965953 |0.019315 |0.024398 |0.994865
30x 45x
Model MAE RMSE |R2 MAE RMSE |R2
TF ADAM (0.020343 [0.026499 [0.994202 |0.018509 |0.025941 |0.994443
TF SGD  [0.052102 [0.064506 [0.965645 |0.052815 |0.063919 |0.966267
LSTM 0.015559 |0.019358 |0.996908 |0.012987 (0.017724 |0.997406
GRU 0.014168 |0.018572 |0.997152 |0.011980 [0.016467 |0.997761
(b)
Training Time (s)
Model S5x 15x 30x 45x
TF ADAM 0.49 1.07 1.65 2.46
TF SGD 0.43 0.88 1.27 2.02
LSTM 0.61 1.31 2.44 3.61
GRU 0.76 1.57 2.71 3.88

A level-2 heading Figure 9 show that GRU model have
best prediction with its projected value over actual SOC
value. On the other hand, Transformer SGD struggled with
inconsistent  prediction result. Transformer ADAM
performed quite good but it still inconsistent in some point,
not as good as LSTM.

GRU 45x LSTM 45x

Transformer (ADAM) 45x Transformer (SGD) 45x

Figure 9: Prediction and actual SOC value graph dataset PLN

BTF ADAM ®TFSGD ®LSTM =GRU
e
(a) 30X 45X
MAE mTF ADAM mTFSGD =LSTM =GRU
(b) 30X
R2 mTF ADAM
(C) 5X 15X 30X 45X

Figure 10: Summary Result (a) Average training time, (b) Average
MAE, (c) Average R?

V. CONCLUSION

Best prediction result gained by GRU model at 45
epochs with average of MAE 0.645%, RMSE 0.885%, R®
99.88% and training time of 10.74 second. Transformer
SGD have lowest accuracy compared to other models, but
it has fastest training time on all epochs. Transformer
ADAM have faster training time compared to LSTM and
GRU with good accuracy. Considering best training time
and accuracy, GRU at 15 epoch is best prediction model
with MAE 1.05%, RMSE 1.33%, R? 99.54% and training
time of 3.78 second.
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This study also proves that generalization capability of
neural network to produce high accuracy prediction across
battery type under extreme condition such as limited
quantity and quality data can be done. To further
improve this prediction model, this model can be tested on
actual battery data from SDD once its available, and if
possible, on actual usage data of LiFePOA4.

Acknowledgements

This work is supported by Research and Technology
Transfer Office, Bina Nusantara University as a part of
Bina Nusantara University’s International Research Grant,
entitled: Enabling Low-Cost Renewable Energy Systems
for Localized, Self-Sufficient Power Production-Battery
Charging Optimization using Machine Learning. With
contract number: No.061/VR.RTT/IV/2022 and contract
date: 8 April 2022.

REFERENCES

[1] F. Kulapichitr, C. Borompichaichartkul, I. Suppavorasatit, and K. R.
Cadwallader, “Impact of drying process on chemical composition
and key aroma components of Arabica coffee,” Food Chem., vol.
291, pp. 49-58, 2019, doi: 10.1016/j.foodchem.2019.03.152.

[2] A. S. Budiman, B. Pardamean, and C. Harito, “Design and energy
assessment of a new hybrid solar drying dome — Enabling Low-Cost
, Independent and Smart Solar Dryer for Indonesia Agriculture 4 .
0,” no. November, 2021.

[3] A. H. Fathima and K. Palanisamy, Renewable systems and energy
storages for hybrid systems. Elsevier Ltd, 2018.

[4] J. Moshovel (Struth) et al., “Analysis of the maximal possible grid
relief from PV-peak-power impacts by using storage systems for
increased self-consumption,” Appl. Energy, vol. 137, pp. 567-575,
Jan. 2015, doi: 10.1016/j.apenergy.2014.07.021.

[5] D.W. Gao, Basic Concepts and Control Architecture of Microgrids.
2015.

[6] P. Kiivik, “Methods of SoC determination of lead acid battery,” J.
Energy  Storage, wvol. 15, pp. 191-195, 2018, doi:
10.1016/j.est.2017.11.013.

[71 W. Han, C. Zou, C. Zhou, and L. Zhang, “Estimation of Cell SOC
Evolution and System Performance in Module-based Battery Charge
Equalization Systems,” IEEE Trans. Smart Grid, vol. PP, no. c, p. 1,
2018, doi: 10.1109/TSG.2018.2867017.

[8] M. S. Hossain Lipu et al., “Data-driven state of charge estimation of
lithium-ion  batteries: ~ Algorithms,  implementation  factors,
limitations and future trends,” J. Clean. Prod., vol. 277, 2020, doi:
10.1016/j.jclepro.2020.124110.

[9]1 S. Rajamand, “Analysis of effect of physical parameters on the
performance of lead acid battery as efficient storage unit in power
systems using new finite-element-method-based model,” J. Energy
Storage, p. 103620, 2021, doi:
https://doi.org/10.1016/j.est.2021.103620.

[10] J. Jung, L. Zhang, and J. Zhang, Lead-acid battery technologies:
fundamentals, materials, and applications, vol. 8. Crc Press, 2015.

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

J. P. Rivera-Barrera, N. Mufioz-Galeano, and H. O. Sarmiento-
Maldonado, Soc estimation for lithium-ion batteries: Review and
future challenges, vol. 6, no. 4. 2017.

M. Danko, J. Adamec, M. Taraba, and P. Drgona, “Overview of
batteries State of Charge estimation methods,” Transp. Res.
Procedia, vol. 40, pp. 186-192, 2019, doi:
10.1016/j.trpro.2019.07.029.

W. Zhou, Y. Zheng, Z. Pan, and Q. Lu, “Review on the battery
model and SOC estimation method,” Processes, vol. 9, no. 9, 2021,
doi: 10.3390/pr9091685.

C. Vidal, P. Malysz, P. Kollmeyer, and A. Emadi, “Machine
Learning Applied to Electrified Vehicle Battery State of Charge and
State of Health Estimation: State-of-the-Art,” IEEE Access, vol. 8,
pp. 52796-52814, 2020, doi: 10.1109/ACCESS.2020.2980961.

M. A. Hannan et al., “Deep learning approach towards accurate state
of charge estimation for lithium-ion batteries using self-supervised
transformer model,” Sci. Rep., vol. 11, no. 1, pp. 1-13, 2021, doi:
10.1038/541598-021-98915-8.

H. Shen, X. Zhou, Z. Wang, and J. Wang, “State of charge
estimation for lithium-ion battery using Transformer with immersion
and invariance adaptive observer,” J. Energy Storage, vol. 45, p.
103768, 2022, doi: https://doi.org/10.1016/j.est.2021.103768.

E. Wikner and T. Thiringer, “Extending battery lifetime by avoiding
high SOC,” Appl. Sci.,, vol. 8, no. 10, 2018, doi:
10.3390/app8101825.

K. Liu, Z. Wei, C. Zhang, Y. Shang, R. Teodorescu, and Q.-L. Han,
“Towards Long Lifetime Battery: Al-Based Manufacturing and
Management,” IEEE/CAA J. Autom. Sin., vol. 9, no. 7, pp. 1139-
1165, 2022, doi: 10.1109/JAS.2022.105599.

W. Li, M. Rentemeister, J. Badeda, D. Jost, D. Schulte, and D. U.
Sauer, “Digital twin for battery systems: Cloud battery management
system with online state-of-charge and state-of-health estimation,” J.
Energy Storage, vol. 30, no. May, p. 101557, 2020, doi:
10.1016/j.est.2020.101557.

Q. Lin, J. Wang, R. Xiong, W. Shen, and H. He, “Towards a smarter
battery management system: A critical review on optimal charging
methods of lithium ion batteries,” Energy, vol. 183, pp. 220-234,
2019, doi: https://doi.org/10.1016/j.energy.2019.06.128.

X. Liu, W. Ai, M. Naylor Marlow, Y. Patel, and B. Wu, “The effect
of cell-to-cell variations and thermal gradients on the performance
and degradation of lithium-ion battery packs,” Appl. Energy, vol.
248, pp- 489-499, 2019, doi:
https://doi.org/10.1016/j.apenergy.2019.04.108.

J. Jia, J. Liang, Y. Shi, J. Wen, X. Pang, and J. Zeng, “SOH and
RUL Prediction of Lithium-Ion Batteries,” Energies, vol. 13, no. 2,
p. 375, 2020, [Online]. Auvailable:
https://doi.org/10.3390/en13020375.

S. D. Nagarale, B. P. Patil, and A. Professor, “A Review on Al based
Predictive Battery Management System for E-Mobility,” no. May,
2020, [Online]. Available:
https://www.researchgate.net/publication/341778248.

J. Z. Joey Jung, Lei Zhang, Lead-Acid Battery Technologies. Taylor
& Francis, 2015.

D. A. J. Rand and P. T. Moseley, Lead-acid battery fundamentals.
2017.



[26]

[27]
[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

=T A

EXPLORING RESEARCH AND INMOVATIONS

International Journal of Emerging Technology and Advanced Engineering
Website: www.ijetae.com (E-ISSN 2250-2459, Scopus Indexed, 1SO 9001:2008 Certified Journal, Volume 12, Issue 10, October 2022)

P. Shrivastava, T. K. Soon, M. Y. I. Bin Idris, and S. Mekhilef,
“Overview of model-based online state-of-charge estimation using
Kalman filter family for lithium-ion batteries,” Renew. Sustain.
Energy Rev.,, vol. 113, p. 109233, 2019, doi:
https://doi.org/10.1016/j.rser.2019.06.040.

X.-D. Zhang, Chapter 6 Machine Learning, vol. 45, no. 13. 2017.

A. Vaswani, “Attention Is All You Need Ashish,” 31st Conf. Neural
Inf. Process. Syst. (NIPS 2017), vol. 8, no. 1, pp. 8-15, 2017, doi:
10.1109/2943.974352.

J. Hauke and T. Kossowski, “Comparison of values of pearson’s and
spearman’s correlation coefficients on the same sets of data,”
Quaest. Geogr., vol. 30, no. 2, pp. 87-93, 2011, doi:
10.2478/v10117-011-0021-1.

J. Hong, Z. Wang, W. Chen, L. Y. Wang, and C. Qu, “Online joint-
prediction of multi-forward-step battery SOC using LSTM neural
networks and multiple linear regression for real-world electric
vehicles,” J. Energy Storage, vol. 30, pp. 1-21, 2020, doi:
10.1016/j.est.2020.101459.

F. Xiao, C. Li, Y. Fan, G. Yang, and X. Tang, “State of charge
estimation for lithium-ion battery based on Gaussian process
regression with deep recurrent kernel,” Int. J. Electr. Power Energy
Syst., vol. 124, no. January 2020, p. 106369, 2021, doi:
10.1016/j.ijepes.2020.106369.

Y. Xu et al., “State of charge estimation for lithium-ion batteries
based on adaptive dual Kalman filter,” Appl. Math. Model., vol. 77,
pp. 1255-1272, 2020, doi: 10.1016/j.apm.2019.09.011.

Y. Zhao, J. Xu, X. Wang, and X. Mei, “The Adaptive Fading
Extended Kalman Filter SOC Estimation Method for Lithium-ion
Batteries,” Energy Procedia, vol. 145, pp. 357-362, 2018, doi:
10.1016/j.egypro.2018.04.064.

C. Chen, R. Xiong, R. Yang, W. Shen, and F. Sun, “State-of-charge
estimation of lithium-ion battery using an improved neural network
model and extended Kalman filter,” J. Clean. Prod., vol. 234, no. 5,
pp. 1153-1164, 2019, doi: 10.1016/j.jclepro.2019.06.273.

Z. Huang, F. Yang, F. Xu, X. Song, and K. L. Tsui, “Convolutional
Gated Recurrent Unit-Recurrent Neural Network for State-of-Charge
Estimation of Lithium-lon Batteries,” IEEE Access, vol. 7, pp.
93139-93149, 2019, doi: 10.1109/ACCESS.2019.2928037.

D. N. T. How, M. A. Hannan, M. S. H. Lipu, K. S. M. Sahari, P. J.
Ker, and K. M. Muttaqi, “State-of-Charge Estimation of Li-lon
Battery in Electric Vehicles: A Deep Neural Network Approach,”
IEEE Trans. Ind. Appl., vol. 56, no. 5, pp. 5565-5574, 2020, doi:
10.1109/T1A.2020.3004294.

B. Xia et al., “State of charge estimation of lithium-ion batteries
using optimized Levenberg-Marquardt wavelet neural network,”
Energy, vol. 153, pp. 694705, 2018, doi:
10.1016/j.energy.2018.04.085.

10

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

M. A. Hannan, M. S. H. Lipu, A. Hussain, M. H. Saad, and A. Ayob,
“Neural network approach for estimating state of charge of lithium-
ion battery using backtracking search algorithm,” IEEE Access, vol.
6, pp. 10069-10079, 2018, doi: 10.1109/ACCESS.2018.2797976.

G. C. S. Almeida, A. C. Z. de Souza, and P. F. Ribeiro, “A Neural
Network Application for a Lithium-lon Battery Pack State-of-
Charge Estimator with Enhanced Accuracy,” Proceedings, vol. 58,
no. 1, p. 33, 2020, doi: 10.3390/wef-06915.

X. Feng, J. Chen, Z. Zhang, S. Miao, and Q. Zhu, “State-of-charge
estimation of lithium-ion battery based on clockwork recurrent
neural network,” Energy, vol. 236, p. 121360, 2021, doi:
10.1016/j.energy.2021.121360.

F. Yang, W. Li, C. Li, and Q. Miao, “State-of-charge estimation of
lithium-ion batteries based on gated recurrent neural network,”
Energy, vol. 175, pp. 6675, 2019, doi:
10.1016/j.energy.2019.03.059.

M. Talha, F. Asghar, and S. H. Kim, “A Neural Network-Based
Robust Online SOC and SOH Estimation for Sealed Lead—Acid
Batteries in Renewable Systems,” Arab. J. Sci. Eng., vol. 44, no. 3,
pp. 1869-1881, 2019, doi: 10.1007/s13369-018-3200-8.

X. Tan, D. Zhan, P. Lyu, J. Rao, and Y. Fan, “Online state-of-health
estimation of lithium-ion battery based on dynamic parameter
identification at multi timescale and support vector regression,” J.
Power Sources, vol. 484, no. October, p. 229233, 2021, doi:
10.1016/j.jpowsour.2020.229233.

S. N. L. Barkholtz et al. J, “SNL Battery Dataset,” J. Electrochem.
Soc., vol. 164, pp. A2697-A2706, 2017, [Online]. Available:
https://iwww.batteryarchive.org/snl_study.html.

D. P. Kingma and J. L. Ba, “Adam: A method for stochastic
optimization,” 3rd Int. Conf. Learn. Represent. ICLR 2015 - Conf.
Track Proc., pp. 1-15, 2015.

L. Bottou, “Large-Scale Machine Learning with Stochastic Gradient
Descent BT - Proceedings of COMPSTAT’2010,” 2010, pp. 177—
186.

A. Bhattacharjee, A. Verma, S. Mishra, and T. K. Saha, “Estimating
State of Charge for XEV Batteries Using 1D Convolutional Neural
Networks and Transfer Learning,” IEEE Trans. Veh. Technol., vol.
70, no. 4, pp. 3123-3135, 2021, doi: 10.1109/TVT.2021.3064287.

C. Li, F. Xiao, and Y. Fan, “An approach to state of charge
estimation of lithium-ion batteries based on recurrent neural
networks with gated recurrent unit,” Energies, vol. 12, no. 9, 2019,
doi: 10.3390/en12091592.



