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Abstract: The state of charge (SOC) estimation plays important role in the battery energy storage system (BESS).
Nowadays many semiconductor companies are paying more and more attention and investment to support many researchers to
implement the state of charge for the batteries storage. the key to optimize the batteries storage is determine SOC value based
on accuracy methods. a number of brief methods for SOC determination have been studied and compared with traditional
methods the adaptive methods shown precise result because didn’t consider the dynamic effect of the batteries. In this paper,
we use combination methods to estimate the SOC for lead-acid battery storage under two charge techniques namely Maximum
Power Point Tracking — Plus Width Module (MPPT- PWM) when considering the effect of voltage drops on the estimation of
SOC. The model uses the coulomb counting as an algorithm to determine the SOC and set it as a target in the backpropagation
function in artificial neural network in MATLAB program (R2016a 64-bit (win64)). The simulation results show that the

model is very precise to estimate the SOC in realistic operation.
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1. Introduction

Solar electric technology is growing very quickly and its
worldwide use is increasing rapidly as well prices of other
electric energy sources rise. Solar energy becomes very hot
topic for researchers with significant rise of diesel price and
subsequent environmental pollution concerns [1]. Solar
energy systems have serval advantages that make them very
desirable such as lower cost, environmental friendly (less
emission of greenhouse gas (GHG) abundance source
(obtained from sunlight).

Close to 1.3 billion people around the world do not have
access to electricity and most of them live in rural areas in
South Asia, Southeast Asia, and Sub-Saharan Africa [2].
There remains 18% of the world's population without access
to electricity according to International Energy Agency [3].
The obvious way to reduce the cost and increase the
availability of electricity is through economy scale provided
by some forms of grid supply for a substantial proportion of
the population. However, conventional grid connection is not
a practical or economic solution [4]. Solar energy systems

have two forms, namely, off-grid (island) and grid-connected.
Both types of solar PV system are different in component and
design. Both of the systems have backup but in the off-grid
(stand-alone), the backup is required to connect with batteries
to store the energy and use it during night or cloudy day.
Meanwhile, the grid-connected connects directly with the
grid. that can offer two options such as sell or buy from the
utility.

The advantage of using the off-grid system can be suitable
for several purposes in island, mountains and remote arecas
such as households. Small industries and institutions,
Telecommunications and Health Centre vaccine refrigeration
and lighting are typical examples.

Many studies have been carried out for the implementation
of off-grid (stand-alone) PV electrification systems. The off-
grid system has more economic benefits and high profits
when compared with grid-connected. The efficacy is proved
based on the effectiveness, levelized energy cost, net present
worth (NPW), and annualized life-cycle cost [5-8] Besides,
off-grid system becomes a promising option to be adopted
for rural communities in order to improve electricity supply
and economic development [9, 8, 10].
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Using off-grid system in rural areas is more effective than
using the combination system (hybrid system), that is related
to the limited income in communities and high cost of diesel
suppling [11, 12, 13]. The battery storage is preserved by
using the controller to prevent the battery from overcharge
and over discharge [14]. Besides that, the emission benefit of
off-grid is optimally mitigated compared with a convenient
resource for domestic household reported in rural Rwanda
[15].

However, off grid system is more sensitive to factors such
as shading, design on shorter day in the year, activities during
the day and the future demand. These factors can increase the
size of the component and directly influence the capital cost
of the system as demonstrated [16, 17, 18].

The rest of the paper is organized as follows: Section 2
presents review of state of charge (SOC) and implements the
models while section 3 shows the design of the off-grid
system. Section 4 shows the methodology and experiment
setup, and Section 5 exemplifies the model of the state of the
charge and simulation result and finally concludes and
presents the future work. The results are obtained based on
the combination methods namely coulomb counting (AH)
and artificial neural network backpropagation function (BP).

2. Review on the State-of-the Art of SOC

Various researches have been conducted to estimate the
state of the charge (SOC) for the batteries during the charge
and discharge and many of leading semiconductor companies
are paying more and more attention to precise state of charge
(SOC) indication.

Different methods have been established and available
online to indicate the remaining energy inside the battery.
This helps preventing the battery from overcharge and over
discharge during required power supply. Precise models
depend on complexity or simplicity of the model's parameter.
For the first measurement to indicate the battery capacity has
been established by Heyer in 1938. Heyer introduced a signal
-meter on which the value of a storage battery capacity is
indicated [19]. There are several available methods for SOC
indication such as mathematical, electrical, electrochemical
and adaptive methods.

A mathematical model uses different furcation and
formulation to determine the accurate state of the charge for
the lead acid batteries such as symbolic dynamic filtering
(SDF), k-nearest-neighbor (kNN) regression algorithm. Other
examples are probabilistic SOC estimation and considering
probability distribution function of coefficients and third
order model [20, 21, 22].

Electrical model is more accurate for data collection and
depends on the electric measurement such as current, voltage
and capacity. Despite this model’s accuracy to predicate
SOC, the model is very complex and sensitive for the
environment operation. The model eventually exhibits
difficulties in electrical engineering during implementation.
For the drawbacks of this method, the error accrued during
the measurement of data and the estimate of the initial state

of charge are very difficult to obtain in real time for
application [23, 24, 25].

Electrochemical models are very precise and complex in
SOC estimation based on the internal resistance or on the
specific gravity of electrolyte. The chemical interaction
inside the battery is more affected by the temperature. When
in high temperature, the material of electrolyte is very active
in opposite when temperature is very low. The better
prediction of SOC is observed when we consider the solid
/electrolyte phase and the current. Others types of modeling
are one-dimension model (ID) [26-27], pseudo -two
dimensional (P2D) [28] model and single particle model [29,
30, 31] which is more popular for predict the state of the
charge prediction. Hence, the electrochemical model is very
complex and complicated to improve that limits its
application especially for electrical engineering and solving
differential Equation is time consuming.

The main problem in designing an accurate SOC
induction system is the unpredictability of both battery
behavior and user behavior. Using the adaptive methods for
SOC estimation is more accurate because internal parameters
such as capacity and the resistance are not considered. Many
of the adaptive models were already existing to indicate the
state of charge for both offline and online. Those models are
namely artificial neural network (ANN), extend Kalman filter
(EKF), unscented Kalman filter (UKF), Neurofuzzy model, a
support vector machine (SVM) [32-40], Those models are
very accurate for SOC estimation as they depend on the
training data collected during the experiment. For more
accurate result between the actual state of charge and predict
value should have a large data to simulate. The reason for
this model high accuracy is that it does not take the physical
or chemical behavior of the battery and is suitable for all
types of battery.

A number of brief methods for SOC determination have
been presented in the previous section. From the previous,
we can note that the adaptive models are the best choice to
predict SOC. Adaptive models input measured battery
variables are current, voltage, impedance and temperature.
The variables are used in order to accurately predict SOC and
remaining time of use for application.

3. System Configuration

This paper concentrates on the optimum storage of the lead
acid battery with the load 25W (LED) lighting for the
system. The battery was supplied by two different
technologies of charging namely MPPT and PWM. The
battery storage optimization is accomplished by using data
collection to calculate the efficiency of the charge and
discharge related to SOC. This analysis helps us to estimate
the lifetime of the battery and consider the effect of the
method of charge (MPPT-PWM). This paper compares result
of the real-time operation and simulation results to ensure the
accuracy of the model by using MATLAB program. The
important parameters to predict the SOC are the battery
voltage, current discharge and remaining run time.
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Figure 1. Off-grid component and PV module in roof of the Hohai lab.
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Figure 2. Block diagram of the off-grid system.

The amount of energy that a battery can store is called its
capacity and measured in amp-hours. The battery can only
deliver a fixed amount of energy and cannot supply more
than the energy input. For the battery capacity of 40 AH, 24
volts for any system with two batteries (MMPT-PWM) are
connected in series.

The experiment has been carried out in china Jiangsu
Changzhou at the lab of Hohai University at the normal
condition for the room temperature. The battery was charged
and discharged for 20 steps each and the time is 5 minutes
between each step. The battery was charged up to the 28.18
volts and the next day was discharged 24 volts.

‘g"‘;‘g,.i

Figure 3. Data collection experiments setup.

In our experiment, the two-charge controller was used is
PWM and MPPT. The controller capacity is (20-40A) and the
MPPT presents high power and voltage compared with
PWM. MPPTs mostly tend to be used in large systems, where
getting the most out of the array results in significant cost
gains for the system. Every system contains three liquid-
crystal display (LCD) indictor to monitor power, voltage,
current, and energy. The first LCD indicator monitors power
supply between the PV array and charge to indicate the
power. The second monitors the current charge and discharge
between controller and battery while the third LCD indicates
the power extracted from the battery between the charge and
the load.

3.1. PV Output Modeling
PVpv = B * PV rate * (gi) *(1-Teo(TA-25) *nref (1)

where PVpv = pv is the array rated power (W) and 6 denotes
the global insolation on pv array (W/m?). 0, is the standard
amount of insolation rating the capacity of PV (W/m?), and
TA is ambient temperature while Tcy denotes temperature
coefficient of the maximum power of PV, and mnref, the
relative efficiency of PV modules.

For this experiment, the work is done using the PV
modules with the power rating of 300 W from Trina solar
manufacturing TSM-300PC14A. the specific characteristics
of the modules are demonstrated below

Table 1. TSM-300PC14A-300W Specifications.

Maximum power (Pmax) 300W +3%
Maximum power voltage (Vmp) 362V
Maximum power current (Imp) 830 A
Open circuit current (Isc) 8.70 A
Open circuit voltage (Voc) 450V
Maximum system voltage DC1000V

Maximum series fuse 15A
Module application Class A

For field connections, the minimum 4 mm’ copper wires
insulated for a minimum 90 degrees Celsius and electrical rating
at STC (AM =1.5, Irradiance = 1000W/m” Temp =25°C).

3.2. Battery Modeling

The energy issue is the big challenge for some countries and
how to store the energy after harvesting. The solution
provision to the demand is of paramount importance for
continuous supply without shortage (system stability). This can
be achieved by using batteries energy storage system (BESS).

One of the most significant component of the solar power
system especially the stand-alone system (off-grid system)
was used to store the electric energy generated from chemical
interaction inside. The electric energy was harvested from the
sunlight by using the solar modules and this storage was used
during the night. Battery backup represents the heart of the
system and this research focuses on the charging and
discharging battery under load lighting emitting diode (LED)
with capacity of 25W. According to MPPT and PWM, the
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batteries have different purpose and performance
characteristics. The lead acid is a type of popular batteries
due to their cost and easier maintenance.

3.3. The Model Implementation

From the previous review based on the different methods,
the coulomb counting presents the simple methods to
implement depending on current of the charge and discharge
within a period of time. When the battery is charging the
current is negative while positive during discharge. This
paper considers calculating the SOC in two cases. Firstly,
without considering effect of voltage drop on estimate the
SOC and secondly, considering the voltage drop. The
backpropagation function in the artificial neural network to
investigate the accuracy of the model is as well used. For
100% indicating battery full charge and 0% for empty
battery, SOC can be calculated as

SOC = 100(1 ~ o—— [l nd, ¢  1(t)dt @)
where Omax denotes the capacity of the battery (AH) and
nd is the discharge efficiency. 77¢ denotes charge efficiency
and / () is the charge or discharge current of battery (A).
The energy feed to battery during charge can be expressed as

3

ncxAt+Pch,t
Qmax

Qe,c
where #7c is charge efficiency and At is the period of time for
charging (minute). Pch, ¢t denotes the power of charge in a
period of time (Wh) and Omax is the capacity of the battery
(AH).

The extract energy from battery during the discharge is as
well expressed as

At*Pd,t
Qe,d =
Qmax*nd

4

where #d denotes charge efficiency, At, the period of time for
discharging (minute) and Pd, ¢ is the power of discharge in
period time (Wh). Omax is the capacity of the battery (AH).

The optimized battery strategy for the energy inside the
battery can be calculated by

PBESS= Pch () —Pdis (t)

where Pdis (t) denotes the power of discharge, and Pch () is
the power of charge.

CASE 1
Charge model
_ _ necxAt+Pch,t
soc(t)=Soc(t—1)+ omax (5)
Discharge model
AtxPd,t
Soc(t)=So0C(t—1) — omazond (6)
CASE 2
Charge model
*At+Pch,
S0C(t) = SOC(t — 1) +%- )
Discharge model
AtxPd,t
Soc(t)=SoC(t—1) — omaxend ®)

where Pv is the voltage drops (V)

Figure 4. shows that the voltage drops can influence the
SOC and also depending on the load capacity. As in this
paper considers a very small load (25W), the degradation on
SOC becomes very slow during the time.
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Figure 4. Exemplification of voltage drops influence.
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Constraints of the model

min max
pdis < Dais < Pais

min a
Per. < Pen < pen™”

Soc™" < S0C < SoCc™*

4. Simulation and Results

In this section, SOC is calculated based on the coulomb
counting in previous models, i.e, equations (5) to (8), and the
calculated SOC is used as a target in ANN. ANNs require
massive data for training before they show the actual
performance. In fact, using ANN to estimate complex
problems based on their advantages in battery management
system (BMS), can help obtaining very accurate performance
if they were trained well without relying on thermal,
chemical and physical model.

ANN consisting of inputs and outputs are made of neurons
interconnected with each other. The weight in adaptive ANN
continuously changes along the training data until reaching
the targeted SOC value.

Show below is the block diagram of an adaptive ANN.
The common technique used in this paper is the
backpropagation or back- propagation of error which uses
a steepest descent technique with repeat to the network
parameter. To evaluate the performance of ANNs, we use
the NARX which is a non-linear autoregressive with exogenous
input (battery current, battery voltage, power charge and power
discharge) based on the levenberg-marguardt backpropagation
algorithm for training data and the number of hidden neurons is
applied to be 10, number of delays is (d) 2. We predicate the
value when the current value (t) and past value (t-d) of an input
series as well called external or exogenous series (output) are
given. The output equation of this network is given

y@®) =flx@t—-1) .., x(t—-d),yt—1)...,y(t —d)..(9)

() represents an unknow function, x (#) indicates the input
time series consists of battery current, voltage, power charge
and power discharge. y (?) is the output time series which is
the actual SOC determined from AH, and d denotes a delay
parameter (d=1, 2.... etc.)

The block diagram of the methods is shown in Figure 5.

Actual
UNKNOW output
FUCTION
ERROR
 —
+
NEURAL ADJUST
NETWORK WEIGHT
Predict output
3
Figure 5. Operation of an Adaptive ANNS.
X(t) o - Input
X(t-1) X(t-d)
output
N 7P HIDDEN N or’pP e
Time Time LAYER LAYER LAYER 5
7 Date Date
D-delays

Figure 6. Block diagram of NARX feedback network.

The experiment assumes that self-discharge is constant for
the lead acid battery and the temperature is assumed for the
normal room conditions (25°C). Firstly, by applying previous
models with two cases when considering the voltage drops
the results demonstrate that the voltage drop has an influence
on the value of SOC as shown in Figure 4. Secondly, we test
the model by using ANN back prorogation function voltage,

current, power of charge and power of discharge as input and
set the predicate value of the (SOC) as a target. A training
algorithm is levenberg-marguardt to training data using the
result to ensure the precision of the model as shown in Figure
9. From the simulation result, the mean square error and
regression R Values are exemplified very accurate to mean
that the model is more realistic to estimate the SOC.
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Figure 9. Show the plot regression.

5. Conclusion

This paper presents the estimate of state of the charge (SOC)
for lead -acid battery storage under two charge technique
(MPPT- PWM) using the coulomb counting (AH) to determine
the SOC. The SOC is determined by taking into account two
cases of estimation with and without considering the voltage
drops. The results demonstrate that the voltage drops affect the
value of SOC. Applying the estimate SOC by coulomb
counting as a target in artificial neural network (ANNSs)
ensures accuracy of the model. Simulation results show that
the model is very precise to estimate the SOC in realistic
operation. For the future work, we recommend considering the
self-discharge and temperature effect on SOC estimation.
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