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Abstract

Microgrids make it easier to integrate Renewable Energy Sources (RESs) and Energy-Storage
Systems (ESSs) at the consumer level, with the intent of enhancing power quality, reliability, and
efficiency. This microgrid concept at the nano grid level is championed by a low voltage DC (LVDC)
grid, facilitating the direct integration of several distributed generators, storage and loads that are almost
DC source/load. Since the State of Charge (SOC) of the battery is an essential parameter for building
energy management systems, careful monitoring of SOC is essential. The SOC of a battery directly
reflects its performance; thus, straightforward, reasonably accurate, and timely estimation of SOC
protects against overcharging or discharging issues, with fewer processor requirements and computations.
A novel SOC estimation method is proposed based on the literature assessment of different existing SOC
estimation methods. In regions with a tropical climate, the temperature range over the year is small, and
the sunshine is relatively intense and fairly even throughout the year. Also, for all practical purposes, it is
a fact that the model that takes inputs at the point of use gives accurate results. Considering the 2 facts
mentioned above, the current model uses a less complicated algorithm, within acceptable accuracy for the
purpose and relatively user-friendly.

Keywords: State of Charge (SOC), Battery thevenin model, Battery internal characteristics, Battery
Energy Storage System (BESS), Lead acid battery, Home Energy Management System (HEMS)

Introduction

The current energy sector, which relies immensely on fossil fuels, is heading towards an
unsustainable model due to various factors like demand-supply gaps, high carbon footprint, and
exponential depletion. Hence great attention is being drawn towards green and renewable energy sources
like solar, wind, fuel cell, biomass as an alternative [1]. As these natural energy sources have an
unpredictable nature, to use them consistently and reliably, the energy generation from these sources
should be coupled with an adequate storage system [2,3]. Today, almost all the existing renewable energy
sources like solar photovoltaic, wind generators and fuel cells generate output power as DC or are
converted to DC before integrating into the AC grid system. The end-use equipment, especially in a
typical residential or commercial building, almost all the connected loads like LED lamps, BLDC fans,
mobile and laptop chargers, and inverter setups have internal DC consumption. DC nanogrid should be
used to link these DC loads directly to the source to prevent numerous AC-DC and DC-AC conversions.
DC has been the most used source of stored energy with the recent developments in battery technology.
Together with a dramatic decline in the cost of DC equipment, this extraordinary integration of advances
in technology is occurring [4]. When dealing with DC systems, the design of the battery bank, for storage
requires major attention. Lead batteries outperform other types of batteries in terms of sustainability.
There is a well-established recycling system in place that functions profitably while adhering to all
environmental standards [5]. The widespread use of lead-acid batteries is due to their low cost, minimal
self-discharge, high rate discharge, deep cycling, reliability, and ease of manufacture [5,6]

Among the various performance parameters of the battery system, the State of Charge (SOC) of the
battery gives details about the residual capacity of the battery. Various other mentionable parameters
under consideration are current, voltage, impedance and Depth of Discharge (DOD) and State of Health
(SOH). SOC is the ratio of the cell’s available capacity to its maximum possible ability or the proportion
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of the battery’s total capacity still available for further discharge [7-9]. In Eq. (1), O(?) indicates the
remaining capacity, and O, indicates the battery’s nominal capacity specified by the manufacturers.
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The most mentionable SOC estimation methods followed in the industry are direct measurement,
adaptive systems, and hybrid methods [8,10,11]. Direct measurement involves directly measuring the
physical properties of a battery such as current, voltage, impedance. Direct approaches for estimating
SOC may be divided into 3 categories: Coulomb counting, Open Circuit Voltage (OCV), and
Electrochemical Impedance Spectroscopy (EIS) [12]. The coulomb counting technique, commonly
known as the Ah technique, is based on integrating the battery’s current over time to compute the
battery’s remaining capacity. Because of its ease of implementation, the Ah method is the most often
used methodology for estimating the SOC of a battery. The calculated SOC has significant errors related
to the accumulated inaccuracies in current measurement caused by noises and the inaccurate initial value
of the battery’s SOC [13,14]. However, it can be successful in applications where the battery can be fully
discharged for the recalibration of capacity [12]. A modified coulomb counting method is used to
increase the accuracy of coulomb counting by determining a corrected current [15]. Both of the above
strategies are also referred to as the bookkeeping approach [13].

Open Circuit Voltage (OCV) requires inputs like 1) OCV test, for analyzing the changes of
electronic energy in electrode materials and SOC is correlated 2) terminal voltage test where the terminal
voltage and Electro-Motive Force (EMF) is correlated with the SOC [16]. The impedance track method
combines both voltage correlation and current integration methods, providing the benefits of both, but
must be compensated for both temperature and discharge current [17]. In the impedance method, battery
impedance is taken as an input and is used for finding out the SOC of the battery. But it varies for
different battery specifications [18]. Impedance spectroscopy is an estimation method in which the
impedance of the battery is taken at different charging and discharging currents. Impedance models are
run with these inputs and SOC is derived using the predetermined impedance values [19]. Impedance
spectroscopy is a precise procedure, but it necessitates specialised equipment, making it a slightly
complicated technique that is difficult to execute in real-world applications [14].

Adaptive systems methods are capable of learning, and they may change the battery model by
decreasing the error, which is the difference between the simulated result and the actual measurement, to
deliver an accurate SOC. Some of these methods are Artificial Neural Network (ANN), Fuzzy Logic,
Support Vector Machine (SVM) [12]. In addition, numerous techniques combining the neural network
and fuzzy logic algorithms have been developed [12]. The ANN-based SOC indicator forecasts the
current SOC based on a battery’s recent history of voltage, current, and temperature conditions. In the
back propagation (BP) neural network, using the recent past of voltage, current and ambient battery
temperature, the SOC value is predicted [20]. The Radial Basis Function (RBF) neural network is a
helpful SOC estimation technique for systems with missing detail. It can be used in a given collection to
evaluate the relationships between 1 important sequence and the other comparative ones [21,22]. The
Fuzzy Logic method can recognise, represent, manipulate, interpret, and utilise data and information that
are vague and lack certainty robust. It improves the accuracy and flexibility of SOC estimate in the
presence of cell inconsistency [23]. It can be done online for SOC estimation, but it needs much memory
in real-world application [24]. SVM is a modern statistical learning theory-based learning machine. It
takes voltage, current, and temperature data as input to the model, gives SOC as output, uses non-linear
mapping for data mapping in some areas, and applies the linear algorithm in the function space [25,26].
Adaptive systems methods are collectively known as Black-box model-based methods [14]. An exact
battery model is not required for SOC estimation using these approaches. The system is modified by
comparing the calculated result to the actual measurement and the feedback from the error. After multiple
continual modifications, a perfect battery model with high precision for SOC estimate may be developed.
The majority of adaptive system approaches for SOC estimation give accurate results and are commonly
employed in electric vehicle applications, demanding precise estimation.

The model-based techniques compute the difference between the simulated and measured voltages
(i.e., the system error) and feed it back into the battery model via the model gain to alter the estimated
system states while also minimising the error. This closed-loop technology strives to be as precise as
possible in calculating the battery’s SOC and depends on the precision of the battery model developed.
Self-correction, online calculation, and dynamic SOC estimation are just a few of the benefits of these
approaches. Some model-based approaches that have been widely investigated for accurately estimating
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the battery’s SOC include the sliding mode observer, Moving Horizon Estimation (MHE), Proportional
Integral Observer (P10), Particle Filter (PF), Kalman filter and Luenberger observer. Kalman estimator is
a state estimator which predicts the next state. Measurement and time updates are the steps involved in
the Kalman filter [13,27]. The EKF is known to be effective in forecasting the dynamic behaviour of the
system from numerical data. One of the primary measures for achieving the battery management systems
applied to the next-gen electric cars is the Extended Kalman Filter (EKF) application to estimate the SOC
[28].

Hybrid methods are a combination of 2 SOC estimation techniques used to obtain a more accurate
value of SOC [12]. The approach under this category combines either Coulomb counting and EMF, or
Coulomb counting and Kalman filter combination. In the coulomb counting and EMF combination
method, the battery EMF is measured at equilibrium, and coulomb counting is done further. In the hybrid
method involving Kalman filter and coulomb counting, Kalman filter is used to estimate the initial SOC
of battery and this value is given to coulomb counting technique for the further estimation of SOC. In the
case of a hybrid approach requiring a combination of the per-unit device and the EKF combination
method, a battery model is configured, and the absolute parameter values in the equivalent circuit model
are converted into dimensionless values in addition to the terminal voltage and current relative to the base
value range [16]. Among the different techniques for SOC, the hybrid techniques are found to give a more
accurate value of SOC. The proposed approach is a hybrid approach that combines the ease of calculation
of the terminal voltage approach with the accuracy of the model-based technique. Temperature-dependent
fluctuation of battery parameter is not considered and is evaluated for error since the test set, and point of
application is the same and have a minimum temperature range.

The following is how the paper is structured. Section 2 shows why the suggested SOC estimate is
necessary. The equivalent circuit model of a Lead-Acid battery is detailed. The battery characteristic
study circuit testing platform for the current investigation is described in section 3. The testing platform
contains settling, discontinuous discharge, and discontinuous charge tests for model derivation from
actual trials. SOC estimation methodology with the assistance of an algorithm flow chart is presented in
Section 4. Algorithm verification and outcome analysis was done in Section 5. The succeeding final
section concludes the paper.

Materials and methods

Proposed state of charge estimation

48 V DC and 48 V ELVDC Distribution System-Guidelines, are standardised by BIS IS 16711:
2017, considering various aspects like safety, distribution losses, re-use of existing 230/110 V AC utility
eco-system, local sourcing capability, and its recognition as a primary DC voltage according to IS
12360:1988/ IEC60038 [29]. Demand Response (DR) is described as deviations from typical use habits
by end-use consumers in response to increases in energy price over time or to reward payments intended
to encourage lower electricity use at periods of high price [30]. Demand Side Management (DSM) and
DR for the systems incorporating energy storage requires SOC estimation for decision making [7,31].
Since the battery is always connected to the grid on an LVDC grid, which defines the system’s voltage,
the estimation of open-circuit voltage for the measured terminal voltage and current is needed to estimate
SOC.

The purpose of this technique for SOC estimation is to have a reasonably accurate estimation with
less computation time and skills. SOC estimation must be quick since other energy management
algorithms also need to be integrated with DSM or any Home Energy Management Systems (HEMS).

Tropical regions are relatively warm-humid zones and is characterised by high rainfall and high
humidity. The temperature range is relatively small over the year, and sunshine is quite intense and
reasonably even during the day. In a warm and humid climate such as in Kerala, the variation in
temperature and humidity is not as extreme as in other world regions. Contrary to other battery SOC
estimations conducted, the difference is that the battery is kept open at ambient condition, and studies are
done. Coulomb counting cannot be used since the system is not aware of its initial SOC. Since it is a
stand-alone system and may be shut down in between, it can lose data, which results in estimation error.
Open circuit voltage determination is also impossible since the battery needs to be online always
according to the present LVDC architecture. Here for the SOC estimation, terminal voltage and current
are measured, and the Thevenin model developed in a similar climatic condition is used. The accuracy of
the obtained SOC is compared with the estimated value using coulomb counting. The higher the order of
the battery equivalent model, the better the accuracy of the result. But considering the processor
performance of this particular application, it is acceptable to choose a battery model of lesser order [12].
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Hence, the Thevenin model is selected to analyse parameters for the lead-acid battery equivalent circuit
model shown in Figure 1. In Figure 1 R, is the series internal resistance, R, and C, are the polarisation
resistance and polarisation capacitance, respectively, where V), is the polarisation voltage. The parallel
resistance and capacitance reflect the dynamic battery characteristics, V. is the open-circuit voltage, and
V, is the battery terminal voltage, and /(?) is the charging and discharging current of the battery. The
electrical expression corresponding to this model is described by Egs. (2) and (3);

Ve =Voc =V = I()R4 ()]
(Voc_Vt) _ RP
1)~ 4T 14RpCw 3)

Since the battery is connected to a DC grid and steady-state current and voltage is only taken into
consideration for SOC estimation, the relation becomes;

Voc = Ve + 1(t)(Rq + Rp) “

With this calculated V. from the terminal voltage and current, SOC is estimated. Initially, there is
no idea about the present state of charge; hence an average R, R, value was taken to calculate the initial
V,.. From the next step, the estimated SOC from the obtained initial V,. was taken for generating the R,
R, values for the next set of calculation. From the next step onwards, the estimated SOC of the previous
condition helps to find the R,, R, value for computing the present V.

Ry

AW

If1)

Figure 1 1¥-order Thevenin model.

Battery characteristic study circuit

Different tests are performed on fully charged 4 series-connected 12 V, 7 Ah batteries to determine
the battery model parameters. Figure 2 shows the block diagram of the experimental setup for Thevenin
model parameter determination and model verification.

Many tests are done to evaluate the batteries internal impedance value at different SOC states at
different conditions such as charging, discharging and idle. First of all, the 4 batteries are connected in
series to obtain 48 V system with 7 Ah capacity, and a loading rheostat is used as the load so the charging
and discharging currents can be adjusted. Mainly 3 types of tests are done for finding the internal
impedance values of the batteries. They are:

1)  Settling test (To determine settling period)

2) Discontinuous discharge test (To determine battery model parameters at various SOC while
discharging)

3) Discontinuous charge test (To determine battery model parameters at various SOC while
charging)

Settling test

The settling test is carried out to determine the settling time of the battery for the discontinuous
discharge and charge test. Figure 3 shows the graph obtained after performing a discharge-settling test.
From the graph, the settling time of the battery pack is derived as 2 h, which suggests that a time period of
2 h is needed for the battery pack to settle after a discharging cycle.
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All the values for impedance parameters can be computed with the experimental method involving
constant current discontinuous charging and discharging. In compliance with the voltage 0 state or 0
input response principle, the parameters in the circuit model are initialised. Ideally, the battery stays
stagnant 2 h before each discharge in order to achieve the battery’s V,. open-circuit voltage. The DC
discharge signal 1 A with a period of 21 min is then applied (mainly due to calibration efficiency) to
obtain the remaining power at approximately 5 % SOC. Finally, the parameters corresponding to the
remaining power values are inferred at intervals of 5 %. The 10 cycles of 5 % charging or discharging are
done to obtain 50 to 100 % SOC and 100 to 50 % SOC, respectively. The experimental platform's battery
monitoring device logs the shift of the battery terminal voltage along with the charging and discharging
currents. Figure 4 shows a typical discontinuous discharge cycle voltage profile

The reason for the sudden change of voltage after discharge is due to resistance Ry. During the
discharge period it is known as R,;. The voltage rises to 94 % of the final value after 3T time, which is
because of R, and C,, otherwise known as the polarisation resistance and polarisation capacitance,
respectively, denoted as R,; and C,q during discharge condition. Eqgs. (5) - (7) shows the steps to compute
Ria, Rpa, Cyq for each cycle.

AV,

Raq = Tl ®)
AV,

de = Tz (6)
T

Cpa = Roa (7N

Discontinuous discharge test

Test procedure
This procedure involves charging the battery pack to 100 % SOC and settling for the first 2 h. The circuit
is made ready and set to open circuit condition and run the program on the main controller. Next, the
circuit is completed, and the discharge current is set to 1 A by adjusting the rheostat. This is followed by
calibration of all the sensor calculations using the currently measured reference voltage. The program is
again run on the main controller. The free serial monitor software is opened, and a text file is used for
logging data which is later connected to the Arduino board, and then logging is initiated. After the test
process, the logged data is subjected to excel sheet-based calculations and studies. Dynamic discharge test
graph is plotted using the data logged, and the graph is shown in Figure 5. It shows the terminal voltage
variation with respect to discontinuous current for the discontinuous discharge test. Table 1 shows the
obtained values for Ryy, R,s, C,q with respect to SOC variation between 0.68 - 0.96. An average value
of R;y=1.03 Q, Average of
R,q=1.41 Q, is used initially for finding approximate SOC for further computation. Figure 6 shows the
relation between R, and SOC during discharge condition. To obtain the empirical relation, 2"*-order and
3" order curve fitting were done and is given in Egs. (8) and (9). With the 2™ order curve fitting itself, a
better R’ value was obtained. Hence, Eq. (8) could be used in the algorithm for SOC estimation.

Figure 7 shows the relation between Rp and SOC during discharge condition. The same curve
fitting methods obtain the empirical relation Eqgs. (10) and (11). With the 3™-order curve fitting, a better
R’ value was obtained. Hence Eq. (11) could be used in the algorithm for SOC estimation.
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Figure 2 Discharge circuit for battery model determination and verification.
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Figure 4 Discontinuous discharge cycle voltage profile.
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Figure 5 Discontinuous discharge test voltage and current.
Table 1 Calculated internal values from discontinuous discharge test.
Vt Rdd de de SOC
%) ) (D)) ¥) 0-1)
47.95 0.83 1.22 513.70 0.9555
47.66 0.83 1.22 632.67 0.9104
4743 0.83 1.22 661.80 0.8654
47.14 0.92 1.25 607.96 0.82
46.73 1.02 1.26 681.61 0.7725
46.15 1.22 1.47 699.05 0.7266
44.88 1.54 2.20 313.21 0.6799
16 Discharge Test Rd Vs SOC
1.4 e Rdd
1.2 Second Order Curve Fitting
@ 1 ¢« oo Third Order Curve Fitting
=
%08
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A
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Figure 6 Discontinuous discharge test Ry, Vs SOC.
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Figure 7 Discontinuous discharge test Rpd Vs SOC.

Rgq = 14.6150C* — 26.31 50C + 12.65 R? = 0.9924 ®)
Rgq = —35.9550C3 + 102.8 SOC? — 97.91 SOC + 31.88 R? =0.9985 C)
Rgq = —35.9550C3 + 102.8 SOC? — 97.91 SOC + 31.88 R? =0.9985 (10)
R, = —195.8 S0C3® + 506.6 SOC? — 435.5S0C +125.7 R?* = 0.9839 an

Discontinuous charge test

Figure 8 shows the circuit diagram for the discontinuous charging test. Figure 9 shows the voltage
profile for a single cycle for the discontinuous discharge test. As discussed earlier, the reason of the
sudden change of voltage after discontinuing charging is due to resistance R;. During charging it is
known as R,. Voltage settles to 94 % of its final value after 3T time. This is due to the factors R, and C,,
otherwise known as the polarisation resistance and polarisation capacitance during charging. Figure 10
shows the discontinuous charge test result.

j 5V Supply

SMPS 1 m C—— Current sensor Loading Rheostat

WCS2780

e X ; _q
| v j_l\\\\\\\\m\\\\ml
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7Ah T
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— RTC Module

Figure 8 Charge circuit for battery model determination and verification.
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Figure 9 Discontinuous charge cycle voltage profile.
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Figure 10 Discontinuous charge test voltage and current.
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Table 2 shows the values obtained for SOC variation between 0.62 - 0.93. The values are obtained
similar to discontinuous discharge test, for discontinuous charge test shown in Figure 10. Average values
of Rge =431 Q, and R, = 6.12 Q, which will be used initially for finding approximate SOC for further

computation.

Table 2 Calculated internal values from discontinuous charge test.

Vi Ry R, Cy. SOC

V) () () ) ©0-1)
50.64 0.98 1.61 667.03 0.6172
50.92 1.01 1.85 492.82 0.6791
51.54 1.14 2.17 473.87 0.7358
52.38 1.81 2.715 386.07 0.7844
53.27 2.94 3.54 252.01 0.8245
53.95 441 4.67 239.99 0.8570
54.86 6.59 7.17 135.44 0.8811
54.84 7.24 9.31 82.75 0.8999
55.18 8.22 12.66 56.73 0.9153
55.18 8.73 15.50 50.42 0.9292
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Figure 11 shows the relation between R, and SOC during charge condition. Inorder to obtain
empirical relation 2™ order and 3™-order curve fitting were done and shown in Eqs. (12) and (13). With
2" order curve fitting itself, a better R’ value was obtained. Hence Eq. (12) will be used in the algorithm
for SOC estimation.

Figure 12 shows the relation between R, and SOC during charge condition. Inorder to obtain
empirical relation, 2™ order and 3™-order curve fitting was done and given in Eqgs. (14) and (15), With the
3"_order curve fitting, a good R’ value was obtained. Hence Eq. (15) will be used in the algorithm for
SOC estimation.

Charge Test Rd Vs SOC

El

g ® Rdc

7 Second Order Cuwve Fitting
= PR Third Order Curve Fitting
e}
=2 s
o
2 4
5

3

2

1

0

0.6 0.65 0.7 0.75 soc 0.8 0.85 09 0.95

Figure 11 Discontinuous charge test Ry, Vs SOC.

Charge Test Rp Vs SOC

14 * Rpe

Second Order Curve Fitting
------ Third Order Curve Fitting

Charge Rp(£2)

0.6 0.65 0.7 0.75 soc 0.8 0.85 0.9 0.95

Figure 12 Discontinuous charge test Rpc Vs SOC.

Rg. = 140.1 S0C? — 191.7 SOC + 66.19 R? = 0.9884 (12)
Ry, = 150.2 S0C3 — 209.6 SOC? — 76.73 SOC — 1.758 R? = 0.9897 (13)
Ry = 267.4 $0C?* —37950C + 134.9 R? =0.9285 (14)
R,. = 1637 SOC? — 3543 SOC? + 2546 SOC — 605.5 R? = 0.9907 (15)

Figure 13 shows the relation between SOC and VOC. SOC is obtained by the coulomb counting
method by charging the battery to full value and assuming the initial state as 100 %. The relation
obtained, which is shown in Eq. 16 has an acceptable R’ value. Increasing the order of curve fitting does
not cause improvement in the R’ values. Minor errors may be due to the slight variation in temperature
during various SOC and the coulomb counting method. The accuracy of the developed method and model
for estimating SOC can be checked by testing the battery with known SOC.

SOC =0.1349V0C —5.757 R?*=0.8717 (16)
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Figure 13 SOC Vs VOC.

Proposed SOC estimation algorithm

Terminal voltage and current of the battery is measured for SOC estimation. The direction of current
measured determines the battery’s charging or discharging condition. Accordingly, the internal resistance
characteristics necessary to assess the open-circuit voltage are chosen and generated. The SOC is calculated
using Eq. (16) and open-circuit voltage. An initial approximate SOC and present current direction is
required to calculate the internal resistance parameter for estimating the SOC. Initially, the control circuit is
unaware of the present SOC. Hence with the help of the average of internal resistance parameters, the initial
SOC of the algorithm is estimated. Figure 14 depicts the proposed SOC estimation method algorithm as a
flow chart.

Readland V;

Check 1=>0

L 4
Estimate initial SOC from VOC
with average Ra. and Ry

Estimate initial SOC Estimate initial SOC from VOC
from VOC =V} with average Rgg and Ryy

Yes

4
Estimate SOC from VOC obtained with Ry. and
Rpeat SOCq.y, Viand I

h 4 Estimate SOC from VOC obtained with
Estimate SOC by Rdd and Rpd at SOC;.1y, Viand I
taking VOC =V,

‘ ! |

Figure 14 Proposed method flow chart.
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Proposed SOC estimation method test result and discussions

The test setup was arranged at the exact location where the battery characterisation circuit was
performed but at a different time. Temperature and humidity changes are minimal in Kerala, where these
experiments were performed, due to its tropical climate. Compared to other battery SOC estimation
method tests, the difference here is that the battery was kept open at room temperature while the trials
were carried out. The proposed technique was tested and confirmed practically as the study is location-
specific. To determine the accuracy of the devised approach, the SOC obtained was compared to the SOC
obtained by coulomb counting. Based on the claim that the location’s temperature change is insignificant,
SOC estimation based on a temperature independent battery model was proposed. It should be verified at
ambient conditions. Since coulomb counting SOC estimation is unaffected by temperature errors,
comparing the proposed method to coulomb counting with an initial errorless value could reveal the
percentage of error of the proposed method. The battery was initially fully charged to guarantee the
accuracy of coulomb counting, and the initial SOC was set at 100 %.

Figure 15 shows the percentage error of the proposed method and a coulomb counting method set
with a wrong initial value of 98 %; both compared with accurate SOC value using coulomb counting. It is
observed that the percentage error in SOC estimation always falls under 2.5 %. The average error of SOC
estimated using the proposed method is 0.71 %. This error may be attributed to error in the measurements
of current or voltage and slight temperature variation. But for this specific application, which decides the
conditions of operation based on a range of SOC values, this error is acceptable. When computed using
coulomb counting, the average percentage error was 2.155 %, which again increases depending on the
error in the initial state of charge and noise in current measurements. Processor requirements and time for
estimation are lesser since the 1*-order battery model is used and no adaptive methods are involved in
SOC estimation, which was proved in previous literature.

Test Result: Percentage Error
T T

= T T T

5 d | ‘ —Coloumb Counting % error i
a - I — Proposed method % error
= 1
£15 e
L+
&
k=]
g 1 T
5
b1
5
o

0.5 5
0 I L 1 1
0 500 1000 1500 2000 2500 3000 3500

Time(s)
Figure 15 Test result error percentage.

Conclusions

Here a 48 V DC distribution with on-site solar power generation and a battery bank was considered.
The principal purpose of the proposed project was to compile information that can guide and help
overcome barriers to SOC estimation for DC power systems in buildings. An accurate method for the
estimation of SOC for batteries makes the system more stable and also helps to reduce the battery sizing
and improves battery life. Since LVDC architecture is a self-contained renewable energy system, any
power interruption may cause data loss, leading to inaccurate coulomb counting estimates. Open circuit
voltage determination is also impossible since the battery needs to be online always. Because the current
is changing and terminal voltage relies on current values, SOC estimation using terminal voltage
measurement never gives reliable results. In the proposed SOC method, the open-circuit voltage is
estimated by measuring the terminal voltage, current and 1%-order model of the battery developed under
similar climatic condition. It is proved that with the proposed system, a reasonably accurate SOC
estimation of battery with lesser processor requirements can be achieved, especially for the tropical
regions, where the temperature variations are negligible. Additionally, the proposed method brings the
added advantage of being user friendly and closer to real-life situations as the measurements and
modelling was done at the point of use. In future, the proposed method and coulomb counting can be
implemented in the same system to observe the error for a whole year.
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