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Abstract: The existing battery state-of-charge estimation methods for mobile devices use both the 
voltage and current measured to achieve high estimation accuracy. However, for small mobile 
devices or Internet of Things devices, which require low-complexity hardware and low-power 
resources, high additional cost often does not leave room for current-sensor circuits. The existing 
filtered terminal voltage–based estimation method and the average open-current voltage (OCV) 
difference-based method achieve high estimation accuracy performance with low complexity. On 
the other hand, in the long-term dynamic discharge state of today’s mobile environment, these 
algorithms show low accuracy. In this paper, we propose a new method that adaptively uses short-
term estimation and long-term estimation, according to the variable dynamic discharge states, for 
optimal battery monitoring results. In both static and dynamic discharge environments, the 
proposed method achieves higher accuracy than the existing methods.     
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1. Introduction 

In line with the increasing demands for performance 
from small mobile devices and Internet of Things (IoT) 
devices, interest is also rising in the battery management 
system (BMS) used to secure stability and to guarantee the 
operating time of the batteries, which are the main power 
source for those devices [1, 2]. Notably, a battery 
monitoring technology that accurately estimates the state 
of charge (SOC) at low cost is necessary for efficient 
power management in small-sized mobile or IoT devices 
where hardware resources and the power supply are 
limited.  

Widely used SOC estimation technologies for mobile 
devices are largely divided into the open-circuit voltage 
(OCV)-based estimation method [3, 4] and the Coulomb 
counting–based method [5, 6]. The OCV-based method 
estimates the OCV value by measuring the battery’s 
behavior in the relaxation state when the device is not used 
and the terminal voltage (Vt) becomes close to the OCV 
value. However, for a battery to enter the relaxation state, 
the applications must maintain a very low current-
discharging state for an extended period. Therefore, it is 

difficult to estimate SOC when applications have been 
operating continuously. On the other hand, the Coulomb 
counting–based method obtains the charge amount by 
accumulating the discharge current for a specific period of 
time, and estimates the SOC value. However, the method 
does not clarify the current SOC level when the initial 
SOC value is unknown, and the cumulative error increases 
as the process of Coulomb counting continues because of 
errors in measurement of the current. Technology using 
both OCV-based and Coulomb counting methods in 
combination [7-10] has improved the accuracy of SOC 
estimation. However, estimating SOC by measuring 
voltage and current simultaneously in small mobile or IoT 
devices, which have poor power supply sources, increases 
the cost of the related hardware. 

Lee and Lee [11] suggested a low-cost method that 
estimates SOC by intermittently measuring only the 
terminal voltage. The method has a lower cost, as it 
measures only the voltage by utilizing similarity between 
the voltage difference of terminal voltages at specific 
intervals and the difference in OCV values. The method 
showed the possibility of an approximate SOC estimation 
without the cost of additional circuits related to current 
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measurement. This method has a limitation as well, 
however, as the accuracy of SOC estimation is distorted in 
a dynamic discharge term where discharge current changes 
drastically in an instant. Because of this limitation, the 
method causes a substantial SOC estimation error in the 
latest mobile or IoT devices, where performance is rapidly 
upgraded and where power use patterns are highly 
dynamic.  

The present study proposes a new technology that uses 
a short-term ( Δ mVt)-based SOC estimation method and 
an interim correction method based on long-term (OCV, 
resistance [R]) estimation in combination, to improve the 
accuracy of SOC estimation in a variety of dynamic 
discharge states for low-cost SOC estimation that measures 
only the terminal voltage. The result of the experiment 
conducted in this study shows lower SOC estimation errors 
from the proposed method than with other existing 
methods in a dynamic discharge test.  

Section 2 of this study introduces related works, and 
Section 3 explains the method proposed. Section 4 
demonstrates the dynamic discharge scenarios and the 
result of an experiment performed with a high-accuracy 
simulator. Section 5 presents the conclusion. 

2. Related Work 

2.1 The Existing FTV-based Method 
Chun et al. [12] proposed a method for estimating SOC 

in portable devices using only the terminal voltage without 
a current sensor. The method estimates SOC by modeling 
a battery in a first-order RC circuit, categorizing the 
characteristics of the capacitor voltage change and the 
resistor voltage change toward terminal voltage in a 
discharge state, estimating the current based on a low-pass 
filter (LPF) and performing Coulomb counting. The 
method enables SOC estimation in a simpler process for 
calculations than with other methods, but it could not 
estimate the initial SOC, and the level of SOC estimation 
accuracy is low in a dynamic discharge state when the 
discharge current changes fast. 

2.2 The Existing Lees’ Method 
Recently, Lee and Lee [11] proposed an SOC 

estimation method measuring only the terminal voltage in 
an environment of intermittent monitoring. The method is 
divided into a process of estimating the initial value and a 
process of estimating SOC after the initial value. For the 
initial value, the terminal voltage value (Vt) is assumed to 
be OCV, and the SOC and R values are determined by 
referring to OCV-SOC and SOC-R tables.  

Next, the voltage drop is calculated by assuming the 
daily average discharge current amount and adding it to the 
terminal voltage (Vt) to calculate OCV and to estimate 
SOC and R in the initial stage. After estimating the initial 
values, the difference in SOC during the corresponding 
term is obtained approximately by making use of the 
similarity between the difference between OCV values at 
regular intervals and the difference between Vt values. The 

average discharge current amount is estimated by using the 
inverse Coulomb-counting technique. The value of 
discharge current is estimated after going through a 
moving average filter and 1-A clipping process to remove 
unnecessary influences, such as power noise, from the 
terminal voltage. The voltage drop is calculated using the 
obtained discharge current and internal resistance, and 
OCV is estimated by adding them to the terminal voltage. 
The current SOC is estimated from the OCV that already 
went through the clipping process, and then the internal 
resistance is updated. 

The proposed method showed the possibility of a low-
cost SOC estimation method, estimating the approximate 
SOC in a static discharge current term by measuring only 
terminal voltage intermittently. However, it also has a 
limitation from decline in the accuracy of SOC estimation 
when the discharge current changes dynamically and 
suddenly. The objective of this study is to propose a 
method for accurate SOC estimation, even in a dynamic 
discharge state, which frequently takes place in mobile and 
IoT devices, by expanding existing methods in a low-cost 
environment that intermittently measures only the terminal 
voltage. For this purpose, estimating the discharge state is 
improved compared to the existing methods of classifying 
the state of batteries. 

3. The Proposed Method 

This paper proposes a long-term energy (LTE) 
estimation algorithm, a short-term energy (STE) estimation 
algorithm, and interim correction between LTE and STE 
for improved accuracy of an SOC estimation method based 
on terminal voltage measurement, considering the 
characteristics of SOC estimation parameter changes as a 
function of time. That is, the amount of change in the SOC 
is estimated based on similarity in the difference between 
average terminal voltages and the difference between OCV 
values in an LTE estimation algorithm. Based on the 
estimation, the SOC is updated after inverse Coulomb 
counting.  

In the STE estimation algorithm, discharge currents in 
short instances are estimated through a process of 
assuming the current parameter values to be previous 
values by using the feature whereby OCV and R values 
change slowly as a function of time in the short-term. SOC 
is then estimated using the Coulomb-counting process.  

Finally, the interim correction method is proposed for 
interim correction of errors that may accumulate in the 
continuous process of the previous value’s fixing in the 
STE estimation method applied over a long time.  

3.1 LTE Estimation 
The SOC estimation method proposed in this study 

includes the application of a low-pass filter in pre-
processing for the removal of various power noises, and 
the issue of measurement error, which can arise in an 
environment of intermittent terminal voltage measurement. 
Fig. 1 is the flow chart of the LTE estimation process, 
which is modified from the existing SOC estimation 
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method proposed by Lee and Lee [11]. The existing 
method [11] estimates the SOC value by using similarity 
of the difference between the terminal voltage (Vt) values 
and the difference between OCV values in the short-term.  

This study lengthens the unit time of measurement to 
correct the SOC estimation error that occurs because of a 
large fluctuation in terminal voltage in the dynamic 
discharge state, which takes places frequently in the latest 
IoT devices. It then calculates the OCV and SOC 
differences based on the difference in terminal voltage in 
order to estimate the average discharge current by applying 
the inverse Coulomb-counting process. Next, the OCV 
value is estimated by calculating the difference between 
the currently measured terminal voltage (Vt[n]) and the 
voltage drop (IR). This method enables an interim 
correction of the problem of cumulative error in the 
existing Coulomb-counting method, as it can estimate the 
initial value after operation for a certain period of time 
without the need to refer to the initial value, and it can 

estimate the average change in SOC in the long term. 

3.2 STE Estimation 
Changes in signals related to the state of the battery 

over time are shown in the SOC-OCV and SOC-R graphs 
in the state of battery discharge presented by Barsukov and 
Qian [2]. When those frequency features are analyzed, the 
OCV and internal resistance parameters change very 
slowly over time when compared to the terminal voltage. 
This implies that the OCV and R values can be 
approximated for previous values in a smaller error range 
during the process of estimating short-term discharge 
current. When the difference between OCV[n-1] values 
and Vt[n] values is divided by the R[n-1] value based on 
such features of change in the battery signal related to 
SOC estimation, the discharge current (I[n]) can be 
estimated within a narrow error range. Eqs. (1) and (2) 
indicate the process of assuming the current OCV and R 
with previous values, and Eq. (3) is an expression that 
estimates I[n] based on this assumption. 

 
 [ ] [ 1]OCV n OCV n≅ −               (1) 
 [ ] [ 1]R n R n≅ −                 (2) 

 [ ] [ ] [ 1] [ ][ ]
[ ] [ 1]

OCV n Vt n OCV n Vt nI n
R n R n

⎛ ⎞ ⎛ ⎞− − −= ≅⎜ ⎟ ⎜ ⎟−⎝ ⎠ ⎝ ⎠
   (3) 

 
Fig. 2 shows a flow chart of the short-term energy 

estimation process, which is proposed based on the above-
mentioned assumption. First, the OCV[n-1] value is 
reconfigured according to the FLAGOCV_RST value. When 
not in FLAGLTE mode, the SOCSTE and RSTE values sent 
from the STE estimation process are stored as previous 
values, and the short-term average discharge current (I[n]) 
is estimated using Eq. (3). The estimated I[n] value is 
sorted through a clipping process by making use of the fact 
that the OCV value is always larger than the terminal 
voltage, so that only positive values are left. Next, the Ic[n] 
value that already went through clipping is processed with 
inverse Coulomb counting to calculate the short-term 
change in SOC ( Δ SOC). Then, the current SOC value is 
estimated by subtracting the changed SOC value ( Δ SOC) 
from the previous SOC value. Finally, the current R and 
OCV values are updated from the SOC-R and the SOC-
OCV tables, respectively.  

This method enables a high level of accuracy in 
estimating SOC in the short term. However, it also has the 
problem of a constant increase in cumulative error caused 
by the process of assuming OCV and R to be previous 
values in cases where a dynamic discharge state of the 
battery continues without a relaxation state. 

3.3 Interim Correction based on LTE and 
STE 

In the proposed method, the LTE and STE processes 
are performed in combination in order to conduct an 
interim correction of the problem of cumulative error in 
the STE estimation process. In long-term discharge, the 
average difference between terminal voltage values is 

Fig. 1. Flow chart of the LTE estimation process. 



Kim et al.: Dynamic Voltage-based Battery SOC Estimation for IoT Devices  

 

358

similar to the difference between OCV values, so the SOC 
estimation error accumulated due to the continuous STE 
estimation process is interim-corrected through the LTE 
and STE processes. Because the short-term discharged 
current is better estimated by STE, LTE and STE are 
performed consecutively in the interim correction process. 

The SOCLTE and RLTE values obtained from the LTE 
process are sent to the STE process, and then the STE 
estimation process is performed. In the STE process shown 
in Fig. 2, when LTE and STE interim correction mode is 
on, the SOCLTE and RLTE values sent from the LTE process 

are stored as previous values, and the instantaneous 
discharge current is estimated using the method of 
assuming previous values, which is expressed in Eq. (3). 
Next, the short-term difference in the SOC is obtained by 
using Coulomb counting, and when the FLAG variable 
(FLAGLTE) of the current operation mode is in the LTE 
and STE interim correction state, the RSTE value is updated, 
and then the voltage drop is calculated. The final OCV is 
obtained by adding IR to the current terminal voltage. In 
the final stage, all SOCSTE and RSTE values are updated 
based on the obtained OCV. 

3.4 The Whole Proposed Algorithm 
Fig. 3 shows the whole flow chart of the proposed low-

cost SOC estimation algorithm based on terminal voltage. 
It consists of the initiating process, the LTE estimation 
process, the STE estimation process, and the relaxation 
process. For a system in which the proposed method is 
embedded, the initialization process operates differently, 
according to whether the currently connected battery is 
turned on, is an existing battery, or is a new one. If the 
currently connected battery is an existing battery, the 
system already knows all the information about the state of 
the battery (SOC, OCV, R, etc.), and thus, the proposed 
algorithm process moves to STE to perform the SOC 
estimation for the short term. If a new battery is connected, 
there is no existing information (SOC, OCV, R, etc.) about 
the battery; hence, the initiating process for determination 
of an initial value is entered. In the initiating process, the 
initial terminal voltage is assumed to be the OCV value, 
the initial SOC value is updated using the OCV-SOC table, 
and then, the LTE process begins. In the LTE process, the 
initial SOC value is estimated by repeating the process for 
more than a specific time until the difference, | Δ SOCLTE|, 
becomes larger than SOCTH0.    

The initial values (SOC, R) are estimated in this 
manner, and the related FLAG value (FLAGLTE) is sent to 
the STE process. In the STE estimation process, SOC 
estimation for the short term begins, based on these initial 
values. The first estimation results in the STE process are 
sent back to LTE, to be stored for an interim correction 
process for the long term. Specifically, the LTE method is 
performed continuously every second after a certain period 
of time (400 s) in order to correct the cumulative error 
caused by the continuous STE process by going through 
the LTE and STE process. In the LTE process, at the point 
where the difference | Δ SOCLTE − Δ SOCSTE| becomes 
larger than the threshold (SOCTH1), the SOCLTE, RLTE, and 
FLAGLTE variables estimated by LTE are sent to STE. 

When a low-current discharge state with Imin or a 
smaller discharge current and a voltage stabilization state 
with near-zero change in terminal voltage continue for a 
period of time longer than the threshold time during the 
operation of the LTE and STE processes, the battery enters 
the relaxation state. While the relaxation state is 
maintained, both the terminal voltage and OCV value are 
nearly similar, so the OCVRST value is sent to the LTE and 
STE processes to continuously reset the SOC value with 
high accuracy. In the relaxation state, the discharge current 
(I) is estimated by Eq. (3). The Imin value that determine 

Is FLAGLTE On?
Yes

No

∆ = [ ]×   
Ic[n]

Is FLAGLTE On?

RSTE[n] = SOC_TBL(SOCSTE[n])
OCV[n] = Vt[n] + Ic[n] × RSTE[n]

SOCSTE[n] = SOC_TBL(OCV[n])
RSTE[n] = R_TBL(SOCSTE[n])

Yes

No

SOCSTE[n]

OCV[n]

SOC[n-1] 
R[n-1]

Start

SOCSTE[n-1] = SOCLTE[n]
RSTE[n-1] = RLTE[n]

SOCSTE[n-1] = SOCSTE[n]
RSTE[n-1] = RSTE[n]

Is FLAGOCV_RST On?

OCV[n-1] = OCVRST

Yes

No

OCV[n-1] = OCV[n]

[ ] =  [ − ] − [ ][ − ]
Ic[n] = Max(I[n], 0)

SOCSTE[n] = SOCSTE[n-1] -△SOC

 

Fig. 2. Flow chart of the STE estimation process. 
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the relaxation state was determined experimentally. 

4. Performance Evaluation 

The proposed SOC estimation algorithm was 
implemented on a desktop computer using the C 
programming language. The experimental environment for 
the battery discharge simulation consisted of a Keithley 
2281s battery simulator, a Keithley SM2602A 
SourceMeter for the input of discharge current, and a 
Keithley DMM7510 Multimeter for the measurement of 
terminal voltage. This allowed experimental testing of the 
proposed method in a high-accuracy simulation 
environment that is as similar as possible to the actual 
battery discharge state. The initial modeling process in the 
2281s was performed using a BL-54SG 2610 mAh 
lithium-ion battery for LG G2 smartphones. In order to 
create various discharge current profile scenarios in the 
environment of the latest small mobile devices and IoT 
devices, a discharge current input waveform signal was 
created using Matlab (developed by MathWorks), and was 
applied to the 2281s at a sampling speed of 20 Hz using 
the SM2602A. In addition, in order to obtain terminal 
voltage values measured intermittently in the actual 
dynamic discharge state, the DMM7510 was connected to 
the 2281s to measure terminal voltage values at a 1 Hz 
sampling speed, and they were used as the input in the 

SOC estimation algorithm in the desktop environment.  
For experimental evaluation of the accuracy of SOC 

estimation, two experiments were carried out. First, the 
range of the error in the initial SOC estimation based on 
the proposed LTE method in static and dynamic discharge 
scenarios was evaluated. Secondly, in the continuous 
static/dynamic discharge scenarios without a relaxation 
state, the SOC estimation accuracy of the proposed method 
and the existing algorithm were compared by the absolute 
value of the SOC errors. 

4.1 Result of Initialization Estimation 
In the first experiment, the accuracy of initial SOC 

estimation value by the proposed LTE algorithm was 
evaluated. As the experimental condition for the initial 
value, the initial SOC of a new battery was assumed to be 
95%. The discharge current scenarios for the experiment 
were divided into a static discharge state and a dynamic 
discharge state. The Δ SOCTH0 value that determines the 
timing of the initial value estimation in the LTE algorithm 
was experimentally determined according to the type of 
discharge scenario.  

Fig. 4(a) shows the input situation of static discharge 
current (staircase wave), and Fig. 4(b) shows the result of 
the LTE estimation method operating continuously for a 
certain period of time to gradually approach the 
simulator’s SOC. At 649 s, when the | Δ SOCLTE| value of 

OCVRST

＂Power On＂
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No

|I|<Imin
&& Vt stable?

Timer?
(T > 400s)|△SOCLTE-△SOCSTE| > 
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Yes

Yes

No

No
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No

|I|<Imin
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(OCV Reset)
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 FLAGLTE -> Off 
 FLAGOCV_RST -> On

Fig. 3. Flow chart of the whole proposed algorithm. 
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the LTE algorithm becomes larger than TH1 (7%), the 
initial value is estimated. At that moment, the SOC value 
of the simulator was 89.2%, and the value of the SOC 
estimated by the LTE method approached 93.9%, so the 
accuracy level of the estimation of the initial value shows a 
4.7% error range.  

Fig. 5(a) shows the input state of dynamic discharge 
current (3.25 Hz wave), and Fig. 5(b) shows the result of 
the LTE initial value estimation. In the battery’s state of 
dynamic discharge, the LTE method operates repeatedly 
for a longer time than in the battery’s state of static 
discharge in order to estimate the initial value; at 1144 s, 
when the | Δ SOCLTE| value becomes larger than TH2 
(15%) in the LTE method, the initial value is estimated. At 
that moment, the SOC value of the simulator was 79.9%, 
and the SOC estimated by the LTE method approached 
77.3%, showing an accuracy level for initial value 
estimation with a 2.6% error range.  

Consequently, the existing initial value estimation 
methods had can estimate the initial value only when the 
relaxation state is entered, in cases where the battery is 
replaced in the middle. On the other hand, the result of the 
experiment on initial value estimation indicates that the 
proposed LTE method can estimate SOC approximately by 
performing the estimation process for a certain period of 
time. 

4.2 Results of Comparative Experiment 
on the Accuracy of SOC Estimation in 
a State of Continuous Discharge 

In the second experiment, SOC was estimated in a 
scenario of continuous discharge without a relaxation 
period for a long time, which frequently takes place in 
today’s small mobile and IoT devices. To evaluate various 
discharge states, both the static discharge state and 
dynamic discharge state scenarios were applied in the 
experiment. In addition, the accuracy of SOC estimation 
by the existing FTV, STE, and the proposed methods were 
compared based on the absolute value of the SOC error. 

First, Fig. 6 shows the result of an experiment with a 
scenario of static discharge current for 2036 s. Fig. 6(a) 
shows the input scenario of staircase waveform discharge 
current, and Fig. 6(b) indicates the terminal voltage value 
that was measured at a sampling rate of 1 Hz filtered by a 
50-tap moving average filter (MV50). Fig. 6(c) shows the 
result of SOC estimation by each algorithm, and Fig. 6(d) 
shows the absolute value of the cumulative error of each 
algorithm’s SOC estimation.  

In Fig. 6(d), and in the experimental results shown in 
Table 1, the SOC estimation error of the proposed method 
is the same as the estimation error of the STE method, and 
smaller by 0.035%, compared to the error of the FTV 

  
(a) (b) 

Fig. 4. Initial SOC estimation in a static discharge state (a) staircase input waveform discharge current, (b) result of 
initial SOC estimation based on the LTE process. 

 

  
(a) (b) 

Fig. 5. Initial SOC estimation in a dynamic discharge state (a) 3.25 Hz input waveform discharge current, (b) result of 
initial SOC estimation based on the LTE process. 
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method at 700 s, as it was before the performance of the 
interim correction of LTE. Then, at 1167  s, the SOC 
estimation error of the proposed method was smaller by 
0.052% of the STE method, and by 0.068% of the FTV 
method because of the application of the interim correction 
process through the LTE process. At 2036   s, the 
estimation error of the FTV method was smaller by 
0.042% of the STE method, but the SOC estimation error 
of the proposed method was smaller by 0.001% of the FTV 
method. In conclusion, the estimation accuracy of the 
proposed method was the highest for all discharge periods. 

Fig. 7 and Table 2 show the SOC estimation error for a 
dynamic input waveform (3.25 Hz). Generally, both the 
FTV and STE methods show a continuous increase in the 
cumulative error because of the continued estimation 
process. On the other hand, the SOC estimation error of 
the proposed method decreases because of the interim 
correction process. At 2530 s, the estimation error of the 
proposed method was smaller by 0.283% compared to the 
STE method, and by 0.171% compared to the FTV method. 
At 3698 s after a long period of discharge, the estimation 
error of the proposed method was smaller by 0.539% 

compared to the STE method, and by 0.362% compared to 
the FTV method.  

Fig. 8 and Table 3 show the SOC estimation error in 
the 6.25 Hz input waveform scenario, which is at a higher 
frequency. Generally, the cumulative error increases by 
larger margins than in previous experiments, and the SOC 
estimation error of the proposed method is the smallest. At 
the end of 4800   s, the SOC estimation error of the 
proposed method is smaller by 0.968%, compared to the 
STE method, and by 0.798% compared to the FTV method. 

5. Conclusion  

In this study, a method was proposed for improving the 
problem of increasing cumulative error in existing methods 
that estimate SOC using only the terminal voltage in a 
state of continuous dynamic discharge, which frequently 
occurs in small mobile and IoT devices. For such a 
purpose, the characteristics of the change in parameters 
related to the state of the battery as a function of time were 
analyzed, and an interim correction method that uses both  

 
 

(a) (b) 

  
(c) (d) 

Fig. 6. Results of SOC estimation in a static discharge scenario (a) staircase waveform discharge current, (b) result 
of terminal voltage measurement and LPF processing, (c) result of SOC estimation, (d) comparison between 
absolute values of SOC cumulative errors. 

 
Table 1. Comparison between each algorithm’s SOC estimation error in a static discharge scenario.  

Time 
(sec) 2281s_SOC FTV_eSOC |FTV_ 

eSOC_Err| STE_eSOC |STE_ 
eSOC_Err| 

Proposed_ 
eSOC 

| Proposed_
eSOC_Err| 

700 93.754 93.636 0.118 93.670 0.083 93.670 0.083 
1167  89.592 89.517 0.074 89.534 0.058 89.586 0.006 
2036  81.858 81.841 0.017 81.799 0.059 81.875 0.016 
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the STE and LTE estimation algorithms in combination 
was proposed as a solution. In addition, the method 
proposed in this study showed that the approximate initial 
SOC value can be more accurately estimated through an 
LTE-based algorithm by upgrading existing estimation 
methods that only wait for the relaxation state for 
determination of initial values. When the accuracy of the 
proposed method was evaluated by applying it to 
continuous static discharge and dynamic discharge 

scenarios for a long time, the SOC estimation error of the 
proposed method was found to be smaller than the other 
methods.  

However, the proposed method also has a limitation in 
that a perfectly accurate estimation of initial values is still 
difficult, and multi-cells were not considered properly. A 
method that can estimate initial values with more accuracy, 
as well as the SOC of multi-cell batteries and cell-
balancing, is a topic for future study.  

  
(a) (b) 

  
(c) (d) 

Fig. 7. Results of SOC estimation in a dynamic discharge scenario (a) discharge current of 3.25 Hz input waveform, 
(b) result of terminal voltage measurement and LPF processing, (c) result of SOC estimation, (d) comparison 
between absolute values of SOC cumulative error. 

 
 

Table 2. Comparison between each algorithm’s SOC estimation error in a dynamic discharge scenario (3.25 Hz 
input waveform). 

Time 
(sec) 2281s_SOC FTV eSOC |FTV_ 

eSOC_Err| STE_eSOC |STE_ 
eSOC_Err| 

Proposed 
_eSOC 

| Proposed 
_eSOC_Err|

1232 83.799 83.053 0.746 83.034 0.765 83.113 0.686 
2530 66.761 65.612 1.149 65.499 1.261 65.783 0.978 
3698 51.424 49.857 1.567 49.680 1.744 50.219 1.205 

 
 

Table 3. Comparison between each algorithm’s SOC estimation error in a dynamic discharge scenario (6.25 Hz 
input waveform). 

Time 
(sec) 2281s_SOC FTV_eSOC |FTV_ 

eSOC_Err| STE_eSOC |STE_ 
eSOC_Err| 

Proposed_ 
eSOC 

| Proposed_
eSOC_Err| 

1600 77.385 76.508 0.877 76.470 0.915 76.597 0.788 
3200 54.758 53.349 1.409 53.229 1.530 53.731 1.027 
4800 32.141 30.087 2.054 29.916 2.224 30.885 1.256 
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