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faults, batteries have low power consumption and exhibit a 
low depth of discharge (DoD). Lithium polymer batteries 
have a short history of usage in railway vehicles; therefore, 
there exists a lack of research on their replacement timing 
and remaining life prediction considering the load charac-
teristics of the vehicle. In addition, for lithium batteries, 
research has primarily been conducted on the cell-level state 
of charge (SoC) and state of health (SoH) estimation [2–6], 
and little research has been conducted on the actual applied 
module or pack level.

Chao Lyu’s [7] research utilizes a time domain Electro-
chemical Impedance Spectroscopy (EIS) measurement tech-
nique and equivalent circuit model interpretation to estimate 
the State of Health of Lithium-ion Batteries (LIBs). This 
study introduces a Fast-EIS measurement method, which 
includes a frequency-mixing measurement algorithm based 
on Fast Fourier Transform (FFT). This method enhances the 
speed of EIS measurements and improves the accuracy of 
SOH estimation.

for LIBs. However, it is difficult to apply the proposed 
method because the battery of the railway vehicle is not eas-
ily detachable, and the application is challenging due to the 
varying usage environment depending on the season and 

1 Introduction

In a railway vehicle, the battery serves as a fundamental 
power source that sustains the vehicle. It is utilized for ini-
tial operation, control power, and emergency power. Lead-
acid, nickel-cadmium, and lithium batteries are widely used 
in railway vehicles, and lithium polymer batteries have 
recently been applied owing to their efficiency and safety 
[1]. Railway vehicle batteries are used in situations in which 
power cannot be supplied using overhead lines or during ini-
tial startup. Therefore, unless under special circumstances 
that involve prolonged power supply interruptions owing to 
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time. Ji’ang Zhang’s research in [8] presents the LSSVM-
ECM method for estimating the State of Health (SOH) 
of lithium-ion batteries. The LSSVM-ECM combines an 
empirical degradation model (EDM) with a data-driven 
approach to address both overall and local battery degra-
dation trends. Validation with Oxford and NASA datasets 
confirms its high accuracy and robustness. YongZhi Zhang’s 
research in [9] applies deep learning, specifically the Long 
Short-Term Memory (LSTM) recurrent neural network, to 
predict the Remaining Useful Life (RUL) of lithium-ion 
batteries. The LSTM RNN model is adaptively optimized 
using the resilient mean square back-propagation method, 
successfully capturing long-term dependencies among 
degraded battery capacities, resulting in more accurate RUL 
predictions. Nevertheless, the aforementioned studies were 
conducted at the battery cell level and did not account for 
real-world environmental factors, such as temperature vari-
ations and actual load usage profiles that batteries encounter 
in practical applications.

In this study, a lithium-polymer battery pack (Pack) used 
in urban railway vehicles was configured along with a bat-
tery management system (BMS) and charging method.

Additionally, the experimental conditions were applied 
after analyzing the battery usage time and types of loads 
powered by the battery, which are influenced by the opera-
tional characteristics of railway vehicles.

Furthermore, considering that the actual battery is 
located underneath the vehicle, where it is exposed to exter-
nal temperatures, the experiments were conducted at room 
temperature. Temperature data were measured during the 
experiments.

The state estimation factors were derived using the 
experimentally measured battery voltage, current, and tem-
perature data. The long short-term memory (LSTM) model, 
a type of deep learning model, was employed to estimate 
the SoH.

2 Battery System for Railway Vehicles

2.1 Battery Charger

Battery charging methods can be categorized into five types: 
trickle charging, equalizing charging, float charging, normal 
charging, and fast charging. Other purposes include recov-
ery of charging and initial charging.

Trickle Charging is a method where a minimal current is 
applied to the battery in the off state to replenish self-dis-
charge and maintain a continuous charge. Equalizing Charg-
ing is a method used to compensate for cell-level potential 
differences caused by variations in internal resistance. In 
the floating charging method, the charger and battery are 
constantly connected, with the charger supplying power for 
the commercial load and battery charging, while the battery 
supplies high power that would be difficult for the charger 
to supply. Fast Charging is a method that involves charging 
at 2 to 3 times the normal charging current within a short 
period, impacting battery life and characteristics. Recovery 
Charge is a method designed to restore the electrode plates 
of a battery that has been left in a discharged state for an 
extended period. Initial Charge is a charging method used to 
achieve optimal performance when using the battery for the 
first time. The battery charging method for railway vehicles 
is typically implemented using a floating charging method 
[10]. 

In this study, a battery charging device for a railway 
vehicle was supplied with three-phase alternating current 
power through a static inverter (SIV) and controlled by an 
DC/AC-AC/DC converter using insulated-gate bipolar tran-
sistor (IGBT) devices. Through control, the battery charg-
ing device outputs a DC voltage of 100 V, which charges 
the battery at a constant voltage (CV) (Fig. 1). The battery 
charging units were connected in parallel to supply power 
for the battery charging and DC loads. It comprises three 
chargers and three battery packs, following a standard of a 
10-car train configuration.

Fig. 1 Battery Charger configuration 
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2.2 Battery Module

The battery used in the experiment was composed of a bat-
tery pack and a battery management system (BMS) applied 
to the Seoul subway Line 4 (Republic of Korea); the specifi-
cations of the battery pack are listed in Table 1.

Figure 2 illustrates the protective circuit within the bat-
tery pack used for charging and discharging. Diodes are 
used to prevent a reverse current flow during charging or 
discharging. The contactor (CK) physically disconnects the 
connection between the external load and the charger dur-
ing overcharging, over-discharging, or high temperatures to 
protect the battery. The high-power resistor limits the cur-
rent to prevent damage caused by overcharging and inrush 
currents during discharge. During discharging, Pre_DCK 
prevents the initial inrush current; subsequently, the current 
is sent directly to the load through DCK.

2.3 Battery Management System, BMS

The BMS was equipped with one Slave BMS for each of 
the master BMS and three battery modules. The master and 
slave BMS are connected for slave BMS operation with 
+ 12 V power and CAN communication. The slave BMS 
transmitted the voltage and module temperature of each 
battery cell to the Master BMS via CAN communication. 
The Master BMS acquires the battery voltage, current, and 
temperature information and controls the contactor to pro-
tect the battery. Figure 3 illustrates the block diagram and 
internal system structure of the master and slave BMS. The 
battery module comprises three modules, each of which 
obtains the cell voltage through the slave BMS and per-
forms cell balancing based on the acquired data.

The master BMS measured the temperature, input volt-
age, and input/output currents of the battery module. The 
voltage of the battery pack was calculated using the data 
obtained from the slave BMS. Moreover, it executes battery 
protection operations based on the conditions of the BMS, 
as listed in Table 2. Furthermore, the BMS implemented in 
railway vehicles stores data such as voltage, current, tem-
perature, and SoC. However, estimating battery aging based 

Table 1 Railway vehicles battery specifications
Item Specification
Battery Type Lithium Polymer
Configuration Cell Parallel,

Module Series
Module 1: Cell 2 
P 9 S
Module 2: Cell 2 
P9 S
Module 3: Cell 2 
P 7 S

Nominal Voltage DC 91.25 V DC 3.65 V X 25Cells
Rated Capacity 106Ah 53Ah * 2P
Operating Voltage DC 75∼103.75 V
Charging Method Constant 

Voltage(CV)
Maximum Charging 
Current

115 A Protection Standard

Maximum Charging 
Voltage

DC 103.75 V DC 4.15 V X 25Cells

Charging Terminal 
Voltage

DC 103.75 V

Discharge Method Constant 
Current(CC)

Maximum Discharge 230 A Protection Standard

Fig. 3 BMS Block Diagram and Internal Structure

 

Fig. 2 Battery charge/discharge circuit 
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examined the types and capacities of battery loads under 
normal operating conditions using a 10-car train for urban 
railway vehicles for battery aging experiments. The types of 
direct current loads for Seoul Line 4 urban railway vehicles 
are listed in Table 3. There were approximately 67 types 
of electric device controllers, broadcasting indicators, regis-
ters, and other DC loads [10, 11, 12, 13]..

Under normal vehicle conditions, the battery load was 
applied at a load rate of 13,413 W, as listed in Table 1. Loads 
were distributed among the three battery packs; therefore, 
each battery pack supplies 4,471 W of load power. There-
fore, if the rated voltage of one battery pack is calculated as 
91.25 V, the current capacity output from one battery pack 
is approximately 50 A.

3.2 Battery Usage Time Analysis for One Day

In urban railway vehicles, the battery serves as the power 
source for all DC loads within the vehicle during the ini-
tial maneuvers when there is no power supply through the 
pantograph. The controller’s “ON” signal activates the DC 
load, and the auxiliary air compressor starts, creating pres-
sure in the auxiliary air supply and pantograph air supply 
through the auxiliary air duct. The air pressure from the 
auxiliary reservoir raises the pantograph, which is the cur-
rent collector, and makes contact with the overhead lines to 
receive power.

The air reservoir and conduits of the auxiliary air sys-
tem were pressurized by pneumatic filling. The auxiliary air 
compressor motor operated at 100 V DC power until the 
air pressure required to raise the pantograph was reached. 
When powered by the battery, the air pressure of the auxil-
iary air system reaches 7.5 kg/cm², at which point the aux-
iliary air compressor motor is stopped. The use of battery 
power to fill the auxiliary air compressor requires approxi-
mately 8 min and occurs once per day on average. Further-
more, during urban railway vehicle operation in insulated 

on the results of an open-circuit voltage (OCV) experiment 
conducted on an early designed cell is difficult. Therefore, 
this paper proposes a technique for estimating the SoH 
using data that can be acquired with a BMS.

3 Analysis of Railway Vehicle Operation 
Environment

3.1 Load Characteristic Analysis

The batteries of urban railway vehicles are primarily used 
for DC loads ranging from 75 to 100 V, serving as power 
sources for the initial operating and control units. Most 
loads used for batteries in urban railway vehicles encom-
pass DC loads, which are organized in parallel and con-
nected to a battery charger. Battery charging was performed 
consistently using a floating charging method. During urban 
railway vehicle operation, the power from the charger is 
used as the power source for DC loads. In this study, we 

Table 2 BMS protection operation
Item Protection circuit 

cutoff
Return 
condition

Over-charging cell voltage cutoff Over 4.25 V for 5s Below 
4.0 V

Over-charging pack voltage cutoff Over 106.25 V for 5s Below 
100 V

Over-discharge cell voltage cutoff Below 2.9 V for 5s Over 
3.2 V

Over-discharge pack voltage 
cutoff

Below 72.5 V for 5s Over 
80 V

Charge overcurrent 
cutoff

Over 
3.5 V

Over 115 A for 5s Over 5 A 
discharge

Below 
3.5 V

Over 150 A for 5s

Discharge overcurrent cutoff Over 230 A for 5s Below 
100 A
Over 5 A 
charge

Over 350 A

Table 3 Battery load capacity of railway vehicles
NO. Device Name Quantity

(1 unit)
unit
Power Consumption [W]

Operating Rate Load Power [W]

1 SIV Controller 3 900 0.70 630
2 Lights Initial 236 6,372 0.05 319
3 continuity 80 2,160 0.95 2,052
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
33 Auxiliary Compression Motor 3 1,200 0.25 300
⋮ ⋮ ⋮ ⋮ ⋮ ⋮
63 CBM

(Condition Based Maintenance)
Data server 2 300 0.70 210

64 CBM IO module 10 1,000 0.70 700
65 Truck IO module 20 300 0.70 210
66 Relay 2 156 1.00 156
67 Indicator Lamp 2 100 1.00 100
Battery load capacity 13,413
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battery aging experiment, considering the operational con-
ditions of railway vehicles, we selected 12 min by combin-
ing the ACM activation time and insulated section time with 
a 10% margin applied for 10.9 min.

4 Battery Experiment

4.1 Battery Capacity Measurement

Figure 5 illustrates the experimental setup utilized for battery 
charging and discharge experiments. The setup comprises a 
computer responsible for experiment control and data col-
lection from each battery cell. Additionally, it includes a 
bidirectional power supply unit tasked with managing the 
charging and discharging processes of the battery. Table 5 
provides the specifications of the bidirectional power supply 
unit. The charging and discharging of the battery involved 
connecting the anode of the battery pack to a bidirectional 

sections, where power from overhead lines is not supplied, 
the DC load receives power solely from the battery [10].

The urban railway vehicle investigated in this study is 
operated in a power system that combines AC and DC sec-
tions. The track section was supplied with single-phase AC 
at 25 kV 60 Hz and a direct current of 1,500 V. Hence, there 
were insulated sections between the track connection seg-
ments with different power systems. Figure 4 illustrates 
the railway vehicle insulation section operation chart for 
the target vehicle, and Table 4 presents the corresponding 
battery usage times for various railway vehicle operating 
environments.
(

13,485− 13,270
40?km/h

+
13,448− 13,179

40?km/h

)
× 4 = 174.24 [sec] (1)

Equation (1) represents the calculated duration of the insu-
lated section passage based on the assumption of four daily 
operations. To determine the discharge time for the lithium 

Table 4 Average railway vehicle battery usage time/day
Item Average time/day
Auxiliary Compression Motor operation 8 min
Insulation section 2.9 min (174.24 s)
Average speed of passage 40 km/h

Table 5 Bidirectional power supply specifications
Item Specification
Voltage range 0 ~ 200 V
Current range 0 ~ 140 A
Max power 10 kw
Load type Electronic-Load

Fig. 5 Battery experiment diagram 

Fig. 4 Railway vehicle insulation section opera-
tion chart
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of each cell became evident. This is because the cell balanc-
ing applied to the railway vehicle BMS is passive, result-
ing in a rapid increase in the voltage imbalance compared 
to the cell balancing speed. Table 6 presents the results of 
the initial capacity test for the experimental battery with an 
average capacity of 110.59 Ah.

4.2 Battery Aging Experiment and data Analysis

The experiment was conducted based on a 10-car train con-
figuration of railway vehicles, considering battery load, 
average daily battery usage time, and charging conditions. 
Therefore, an experiment was conducted by applying the 
analyzed railway vehicle operating environment, as pre-
sented in Table 7.

The State of Health (SoH) is typically calculated using 
the initial and current capacities obtained through full 
charge/discharge experiments, as shown in Eq. (3). For the 

power supply unit, and controlling the bidirectional power 
supply unit through a computer. Key information such as 
voltage, current, and temperature data for each battery cell 
was collected at 1-second intervals through a communica-
tion interface with the BMS.

Furthermore, the initial capacity of the battery was deter-
mined by confirming the actual initial capacity through 
charge and discharge experiments, not by using the nomi-
nal capacity from the design. The initial capacity estimation 
method applies the current integration method represented 
in Eq. (2).

C =
1

3600

∫ t

0

ibatt (t) dt [Ah] (2)

where C = Battery capacity, ibatt = battery discharge current.
The full charge and full discharge conditions of the bat-

tery were set to the cell protection criteria implemented 
by the BMS, with the upper and lower voltage limits set 
at 4.25 V and 2.9 V, respectively. Additionally, the experi-
ments were conducted with a load current of CC-DC 50 A 
for a single battery pack, and adequate rest time was pro-
vided to ensure battery stability.

Figure 6 shows the full discharge of the battery. When the 
cell voltage dropped below DC 2.9 V, the load was discon-
nected 5 s later to prevent current flow. Furthermore, while 
the cell voltages initially exhibited similar patterns, as the 
complete discharge approached, variations in the voltages 

Table 6 Battery initial capacity measurement results
Test Discharge capacity [Ah] / average temp [℃]
1 110.23 / 28.7
2 110.71 / 32.8
3 110.62 / 27.2
4 110.54 / 33.4
5 110.97 / 36.4
6 110.24 / 27.7
7 110.82 / 33.4
Initial capacity 110.59 / 31.37

Fig. 6 Capacity Measurement experimental waveform
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R [Ω] =
∆V

I
 (4)

Dischargeslope =
∆dischargecurrent

∆t
 (5)

IC [Ah/V ] =
∆Q

∆V
=

I

∆V/∆t
 (6)

Figure 8 shows the battery condition estimation factor 
data. The battery aging experiment consisted of 500 cycles. 
Although changes in the values can be observed as the 
experiment progresses, in certain cases, the values do not 
consistently decrease or increase in a particular direction 
as the experiment advances. This is the result of conduct-
ing experiments at room temperature, similar to batteries 
installed in actual vehicles, and it reflects the influence 
of external temperature changes. Temperature variations 
has a prominent effect than changes in battery capacity in 
potentially reducing the accuracy of the estimation model. 
Accordingly, the correlation between the temperature and 
condition estimation factors was analyzed. Pearson correla-
tion coefficient analysis was performed to confirm the lin-
ear relationship between the data, as shown in Eq. (7). The 
Pearson correlation coefficient was between 1 and − 1. The 
closer it is to 0, the less correlation there is, and it has a posi-
tive or negative linear relationship depending on whether 
the coefficient is close to 1 or − 1.

estimation of SoH, the capacity of the battery was measured 
at every 100-cycle interval during the battery aging experi-
ment. This minimized the impact of battery aging caused by 
the full charge/discharge required for capacity measurement.

SoH [%] =
Capacitycurrent
Capacityinitial

× 100 (3)

Figure 7 depicts the voltage and current waveforms for the 
battery aging experiment. The experiment was divided into 
three distinct segments: discharging, charging, and rest-
ing. At the initial stage of discharge, a rapid voltage drop 
occurs, caused by the internal serial resistance, as described 
in Eq. (4). Subsequently, owing to the polarization effect, 
it discharges nonlinearly and then discharges based on the 
load. The slope of the discharge was derived using Eq. (5). 
Furthermore, an incremental capacity analysis (ICA), an 
SoH estimation method, was applied to derive Eq. (6) from 
the voltage and current data while the battery was being 
charged. Additionally, temperature data were collected dur-
ing the battery experiments conducted at room temperature.

Table 7 Battery Aging Experimental Procedure
Step Mode Condition Cut-off Condition
0 Rest - 60 min
1 CC discharge 50 A 12 min
2 CV Charge 100 V Cut-off current < 2 A
3 Rest - 120 min

Fig. 7 Battery aging experiment 
wave
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can hinder the accurate estimation of the SoH because it is 
difficult to track changes due to aging.

Figure 10 shows a graph that illustrates the relationship 
between the discharge slope and resistance with respect to 
temperature. Accordingly, a temperature correction model 
was designed by analyzing the relationship between the 
temperature and the estimation factor. Additionally, a cor-
relation coefficient analysis was conducted for the estima-
tion factor, considering battery capacity and temperature 
correction. Figure 11 presents the results of the correla-
tion coefficient analysis between the battery capacity and 
the estimation factors. It indicates that battery capacity is 
positively correlated with the incremental capacity (IC) 
and discharge slope, whereas it has a negative correlation 
with resistance. Furthermore, we selected the resistance and 
incremental capacity (IC), which are highly correlated with 
the battery capacity, and applied them to the SoH estimation 
model.

4.3 SoH Prediction with LSTM

In this study, the LSTM model was selected as the deep 
learning technique for estimating the SoH of batteries in 
railway vehicles. Long Short Term Memory (LSTM), a 
recurrent neural network model, exhibits excellent perfor-
mance in processing sequential data, such as time-series 
data. The structure of an LSTM typically consists of three 
gates: an input gate that processes new information, a for-
get gate that decides which information to discard from 
the existing information, and an output gate that decides 
whether to output an output value. Additionally, as shown 
in Fig. 12, LSTM is a memory model in which four layers 
remember necessary information through interaction and is 
a deep learning technique that compensates for the problem 
of learning not taking place at some point when the proce-
dure becomes long [14, 15].

Figure 13 shows a diagram of the proposed LSTM model 
for battery SoH estimation, which comprises three main 
parts: data preprocessing, training, and testing. In data pre-
processing, condition estimation factors are derived from 
the battery data collected by the BMS, and a temperature 
correction model was applied. Furthermore, the data were 
normalized, and time-series cross-validation was con-
ducted, which is an effective technique for evaluating the 
model’s generalization performance while maintaining the 
order of the time-series data. The data are divided into con-
secutive ‘windows,’ with each window serving as a test set, 
and the remaining windows used as a training set to train 
and evaluate the model. The process helps prevent overfit-
ting and assess the performance of the model. During the 
testing phase, the designed LSTM model is used to estimate 
the SoH of the battery. Table 8 presents the hyperparameters 

r =

∑
(X−

−
X )(Y−

−
Y )√

∑
(X −

−
X)

2∑(
Y−

−
Y

)2
(7)

where r = correlation coefficient, X, Y  = values of the two 
variables, −

X,
−
Y = average values of the two variables.

Fig. 9 presents the results of the correlation coefficient 
analysis for the condition estimation factor based on the 
temperature. The discharge slope and resistance exhibited a 
strong correlation coefficient of 0.9 or higher. Additionally, 
the resistance demonstrated a negative linear relationship 
with temperature, which is consistent with the characteristic 
of decreasing resistance components with increasing tem-
perature. Factors that are sensitive to temperature changes 

Fig. 8 Battery condition estimation factor
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data and the model estimation results, which are zoomed in 
(b). (c) represents the Root Mean Square (RMSE), which is 
the error between the original data and the estimated data. 
Figure 14 shows the training results of the LSTM model 
with a window size set to 25%. Training was conducted 
with varying values of Epochs. As the number of Epochs 
increased, the performance of the model tended to improve. 
In addition, unlike the relatively linear original data, the 
estimated data are nonlinear, which is the result of learning 
from the battery capacity measured every 100 cycles, rather 
than learning the data by measuring the battery capacity for 
each experiment.

Figure 15 shows the training results of the LSTM model, 
which was configured with a window size of 10% to 
increase the range and frequency of learning. Training was 
conducted with varying values of Epochs. Similar to the 
model with a window size of 25%, as the number of Epochs 
increased, the performance of the model tended to improve. 
The RMSE results of each model’s training are presented 
in Table 9.

As a result, it was observed that the SoH estimation 
performance increased when the Window Size decreased, 
expanding the learning range, or when the number of Epochs 
increased, increasing the number of learning iterations. Fur-
thermore, the validity of the SoH estimation model for the 
battery was verified through the designed LSTM model.

Generally, the maintenance of railway vehicle batteries 
involves complete replacement when a problem occurs or 
when the usage period has elapsed. However, since the bat-
tery of a railway vehicle is used only under specific con-
ditions and in emergencies, it is difficult to determine the 
aging of the battery. Therefore, state diagnosis techniques 
using battery data are essential for a systematic and efficient 
maintenance system. Lithium batteries are recommended 

of the LSTM model for SoH estimation. To optimize the 
estimation model, training was conducted with varying val-
ues of Epochs and window size.

Fig. 14 depicts the results of the battery SoH estima-
tion model based on LSTM. The model was trained using 
experimental aging data and battery capacity measurements 
taken every 100 cycles as references. (a) shows the original 

Fig. 10 Temperature- condition estimation factor graph

 

Fig. 9 Temperature-condition 
estimation factor correlation 
results
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for replacement when the capacity decreases by 20% com-
pared to the initial capacity, as swelling can occur, and this 
can lead to a decrease in capacity.

5 Conclusion

In this study, the operating environment and battery loads 
were analyzed for domestic 10-car train urban railway 
vehicles using lithium batteries. During the operation of 
urban railway vehicles, batteries for railway vehicles sup-
ply power to loads using charging devices, except in spe-
cific sections. The battery discharge time is based on the 
initial operation and insulated sections. The battery supplies 
approximately 50 A of current to the load during discharge, 
and it was determined that the battery was used for an aver-
age of approximately 12 min/day, including a margin for 
railway vehicle operation.

A lithium battery module and BMS, which are used in 
urban railway vehicles, were assembled and tested using 
a bidirectional charging device. The BMS software was 
designed to enable real-time acquisition of battery voltage, 
current, and temperature data at 1-second intervals. More-
over, the initial capacity and the capacity measured every 
100 cycles were determined via full charge and discharge 
experiments. Subsequently, battery aging experiments were 

Table 8 Hyperparameters for SoH estimation model(LSTM)
Hyperparameter Value
Learning rate 0.005
Hidden layer 50
Dropout 0.5
Epochs 50, 100, 150, 200
Rolling window size 10%, 25%

Fig. 13 SoH estimation algorithm diagram

 

Fig. 12 LSTM Model Configuration

 

Fig. 11 Capacity-condition esti-
mation factor correlation results
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conducted considering the railway vehicle operating condi-
tions. The condition estimation factors that could be used to 
estimate the condition of the battery were derived from the 
aging experiment data. Temperature correction was applied 
based on correlation analysis with temperature. Subse-
quently, the condition factors for the SoH estimation model 
were derived, and the SoH of the battery was estimated 
using the LSTM model, which is a deep learning technique. 
The results showed that the most superior model had an 
RSME of 0.0607, validating the effectiveness of the SoH 
estimation battery state diagnosis designed based on data. 

Table 9 Estimation results(RMSE) of LSTM
Epochs Window Size

25% 10%
50 0.2543 0.1971
100 0.2096 0.1046
150 0.1055 0.0910
200 0.0801 0.0607

Fig. 15 State of Health (SoH) Estimation Results with LSTM. (Win-
dow Size 10%)

 

Fig. 14 State of Health (SoH) Estimation Results with LSTM. (Win-
dow Size 25%)
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Furthermore, systematic maintenance is essential for rail-
way vehicles, as significant damage can occur in the event 
of an accident, and the timing of battery replacement is very 
important. The lifespan of a railway vehicle’s battery var-
ies depending on the season and load conditions. Therefore, 
while the battery recommendations from the manufacturer 
should be considered, it is necessary to determine the timing 
and tightness of battery replacement considering the charac-
teristics of the railway vehicle and the time available in case 
of an emergency.
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