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ABSTRACT 
 
In this work, we present smart tools to optimize the life-time 
of lead acid batteries in photovoltaic power systems. To 
achieve this purpose, we have developed and tested a 
photovoltaic electric system coupled to a battery, in which the 
system is equipped with an estimator of the state of charge 
(SoC) and another estimator of state of health (SoH) of the 
batteries. The system operation is improved by using a new 
MPPT control approach, a charge/discharge regulator, and a 
human-machine interface (HMI). The experimental results of 
the using system have shown improvements in the operation 
of the electrical circuit and the optimization of the battery 
life-time. Indeed, the MPPT control ensure the system 
operation around the optimal condition, and improve their 
stability by taking in consideration the slightly variation of 
the battery voltage, the estimator of the faradic efficiency in 
real time led to the estimation of the SoC and the SoH and 
minimize the estimation error to a value of the order of 3%. 
The charge / discharge regulator allowed a better operation of 
the used accumulator given the evolution of these 
performances as a function of the charge / discharge cycle 
while taking into account their characteristics. particular 
attention has been assigned to compare the effect of depth of 
discharge (DoD) on battery performance (state of health, 
capacity, battery life-time...) during operation. The developed 
system is equipped with an HMI interface developed 
specifically for experimentation the electrical photovoltaic 
installation.  
 
Key words : Electrical installation, Grid, MPPT, State of 
charge, State of health Photovoltaic generator, Regulation..  
 
1. INTRODUCTION 
 
The traditional sources of electricity production have an 
inordinate impact on the environment pollution. however, the 
commitment of nations to these sources prevents the 
exploitation of renewable sources on a large scale [1]-[2]. 
Among these renewable sources, photovoltaics appears as an 
important alternative given their availability, their potential 
and their coast. The photovoltaic energy also contributes to 
 
 

 

protecting the environment by reducing the production of  
greenhouse gases [3]-[4]-[5]. 
 
Despite the enormous development, the photovoltaic systems 
suffer from many problems like the energy matching between 
equipment, and also PV systems can be poorly optimized 
reducing the energy efficiency and the life of the components 
/ equipment, especially the accumulators [6]. These problems 
affect directly the maintenance process and the cost of the 
installations [7]. 
The photovoltaic system must have a very high degree of 
reliability to optimize the operation, the safety and the costs 
[8]-[9]. 
Any optimization of the photovoltaic installations operation 
must satisfy the algorithms reliability of and the control 
systems [10]. 
In this work, we present the structure, algorithms and 
operating results of an electrical system with a photovoltaic 
generator and batteries for energy storage. The results 
concern: 
 Optimization of photovoltaic energy production by a 

new MPPT algorithm  
 Estimation of the state of charge and the state of health 

[11]-[12] in order to optimize batteries lifetime. 
The installation monitoring is achieved via an 
human-machine interface (HMI) [13]. The various electrical 
quantities are recovered using a serial link that connect the 
electrical board and the supervision software. 
 
2. THE ELECTRICAL INSTALLATION 
CONCEPTION 

2.1 The installation structure 
We represent in figure 1 the block diagram of the stand-alone 
PV installation created during this work to charge two solar 
batteries in series (24V), from two PV panels in series 
through a boost converter. The installation is equipped with a 
monitoring system based on the use of a 16F877 
microcontroller. The main objective is to achieve all the 
following tasks in this study: 
 The optimizing of the PV system operation by using 

our improved MPPT control. 
 The real time estimating of batteries faradic efficiency, 

the state of charge and the state of health  
 The control of the energy flow in the installation [13]. 
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Figure 1: Synoptic diagram of the designed system 

2.2 The MPPT approach 
The optimization of the installation operation is ensured by an 
improved MPPT control.This technique of control consists to 
focus the tracking of the maximum power point (MPP) of the 
PV panels in a range of optimal voltages [VMIN, VMAX] [14]. 
Also this approach use the condition on which the voltage of 
the loads / batteries is fixed or slightly variable during a short 
interval of time. Hense, the  approach to track the MPP is 
realized from the equation 1. These amounts are 
demonstrating that the MPP is achived when the power at the 
output of the converter PS = PBAT is maximum. Since the 
optimization condition considers that the VBAT voltage is 
fixed or may varies slitghly during the charging process (a 
few mV) we can therfore obtain the equation. 2, which can be 
used to improve the MPPT algorithms in stand-alone PV 
systems. 

  max( ) 0P
dPpv

dt
                                                             (1) 

 max( ) 0P
dIpv
dt

                            (2) 

The flowchart of the MPPT control is shown in figure 2. The 
variation of the charging current of the IBAT battery causes the 
variation of the duty cycle α of the PWM signal which 
controls the switch of the DC / DC converter as shown in the 
flowchart. 

 
Figure 2: The MPPT organigramme 

2.3 The state of charge estimation model 
 
For best accuracy of the state of charge estimation SoC, we 
can take into consideration the Faradaic efficiency F [15].  
The charge/ discharge process is directly related to the 
faradaic efficiency. This efficiency is a factor that reflects the 
ability of the batteries to provide a quantity of electricity Qd 
compared to that injected Qc. The expression is given by the 
equation 3. It should be noted that the quantity of charge Qc 
supplied to the batteries and that discharged Qd are given by 
the equations 4 and 5. Note, that the IBAT is the charging 
current and the IDECH is the discharge current. 
Experimentally we calculated the faradaic efficiency from the 
expression of the equations 6 for a charging current equal to 
the discharge current 

QdF
Qc

                                                                   (3) 

BATQc I t                                                          (4) 

DECHQd I t                                                       (5)                                         

tdF
tc

                                                                      (6)                                                                  

To estimate the state of charge SoC of batteries during the 
charge / discharge process, we adopted a strategy, which is 
mainly based on the combination of two classic methods (the 
OCV method and the coulomb counting method) to minimize 
the errors estimation of SOC during the operation of the 
electrical installations: 
 The 1st method (OCV method), based on the use of the 

open circuit voltage (OCV) [16], determines the initial 
state of charge SoCi when the batteries are at rest from 
the equation 3. This equation presents the variation of 
the initial state of charge SoCi versus the open circuit 
voltage at 25°C. At this temperature, an acquisition 
error of OCV voltage about 0.01V causes a state of 
charge estimation error (ε1) that is around 0.5%.  
Therefore, the estimation based on direct 
measurement requires a high measure precession. 
However, for the acquisition system used in this work 
and for the analogue to digital conversion (ADC) on 
10Bit, the acquisition voltage error can reach 0.024V; 
this causes an initial state of charge estimation error by 
the proposed equation with a value around 1.2%. 

 The OCV voltage can be calculated from the 
electromotive force of the batteries and the variation of 
the voltage ΔV (equation 4), this voltage (OCV) 
depends directly on the state of charge SoC. 

 

 
(25 ) (50 ) 1170 1SoCi C OCV                    (7) 

 ( )OCV EMF V SoC                                       
(8)  
 
 The 2nd method (Coulomb counting method), consists 

to determine the quantity of charge absorbed or 
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supplied by the batteries during operation by the 
Coulomb counting method [17]. C(t) (capacity of the 
batteries at the t instant) is calculated from the 
nominal capacity Co and degraded capacity CDEG (t) 
according to equation 9. This parameter C (t) allows us 
to conclude the state of health of the batteries SoH 
which can be described by equation 10.  

 

0( ) ( )DEGC t C C t                                                        (9) 

0

( )C tSoH
C

                                                                  

(10) 
To take into account the faradaic efficiency in the 
estimation of the state of charge model we have 
assumed that the discharge is done with a 100% of the 
batteries capacity, or that of loading is multiplied with 
the faradaic efficiency 
The quantity of charge absorbed or supplied is 
measured by an algorithm that integrates the current of 
charge (SoCc (%)) equation 11, and the current of 
discharge (SoCd (%)) equation 12, relative to time, 
and taking into consideration the faradaic efficiency 
ɳF [18]. According to this method, the measurement 
and conversion errors will be accumulated during the 
integration of the charging current IBAT and 
discharging current IDECH. These errors highly depend 
on the current acquisition circuit and their tolerance, 
well as the estimation algorithm and the speed of the 
system, consequently, more the error is greater, more 
the estimation is incorrect, hence the presence of 
estimation error ε2 for this method. The SoC(t)a 
(added to SoCi) estimated by this method is given by 
the equation 13 : 
 

100%( ) ( ) ( )
( ) BATSoCc t F I t dt

C t
                      (11) 

100%( ) ( ) ( )
( ) DEGSoCd t I t dt

C t
                              (12) 

100%( ) ( ) ( ( ) ( )) 2
( ) BAT DEGSoCa t F I t I t dt

C t
                                                                             

(13) 
In the charge / discharge process, the equation 14 gives 
the expression of the state of charge SoC according to 
the proposed method, at the t instant:  
 

100%( ) ( ) ( ( ) ( )) 1 2
( ) BAT DEGSoC t SoCi F I t I t dt

C t
                                             

                                                                                   (14) 
The compensation of errors estimation is programmed when: 
 The conditions of the batteries charging end are 

achieved. This allows judging the rate of the batteries 
charging and compensating the estimation errors by 
calibrate the state of charge 

 The batteries pass by a rest period, which stabilizes 
their voltage, this enables a new use of the OCV 
method to estimate a new SoCi, and therefore to 
rebalance the SoC. 

 The variation of temperature affects the electrical 
characteristics of the batteries and specifically the 
SoC, then the SoC is determined by using equation 15:  

( ) (25 ) (1 0,003 ( 25))SoC t SoC C T              (15)  
 
3. RESULTS AND DISCUSSION 

 
3.1. Experimental procedure 
The proposed system is implemented using a digital bench. 
The system consists of: 
 Two PV panels mounted in parallel [19],  
 Two lead acid solar batteries mounted in series, each 

one of 12V voltage with a deep of discharge (DoD) 
equal 60% [20]. 

 A DC / DC boost converter [21]    
 human machine interface developed to acquire, record 

and trace the various electrical quantities, and also 
communicate with the microcontroller and manage all 
tests realized [22]. 

3.2 The optimal operation of the PV system 

To validate the correct functioning of the MPPT control, we 
compared (figure 3) The results obtained by simulation on 
Matlab simulink and two PV installations, the 1st installation 
is equipped by the proposed MPPT control and 2nd one is 
equipped by a classical MPPT “P&O” control. 

 By comparing the two PV powers produced using the 
two methods control, with the optimal electrical 
quantities, the results show that for the proposed one; 
The losses are estimated at 12%, while for the 
Classical one (P & O) these losses are of the order of 
15.5% 
 The energy produced by the PV panel during this day 

is in the order of 244Wh by using the proposed Method 
control and is of the order of 234Wh by using the 
classical one. These values show that the energy gain 
provided by the new method is in the range of 3.66%. 
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Figure 3: comparison of, A: power and , B: efficiency for the two 

techniques of MPPT controls 
 

3.3 The faradaic efficiency evaluation 

A. The charging mode influence on faradaic efficiency. 

To estimate the state of charge of lead acid batteries it was 
necessary to study the behavior of the faradaic efficiency 
following the different modes of operation.  

In this paragraph we have tried to study the evolution of 
faradaic efficiency as a function of the discharging current. 
For this, we have discharged the solar battery using different 
current values in a resistive DC load. 
The table 1 presents the experimental results obtained during 
this study. These results show that: 
 The real recoverable capacity from the battery depends 

strongly on the discharge current. This capacity 
decreases if the discharging current increases. Thus, 
the nominal capacity can only be evaluated for 
discharge currents of very low value (of the order of 
C/100). 

 For the discharge currents of low value (C / 100), the 
faradaic efficiency is around 100%, but this value 
decreases with the increase of discharging current, this 
has caused that the battery cannot absorb the current 
supplied. 

 
Table 1: The discharge characteristics of the used battery at varying 

rates of discharge at 30 °C. 
 Full 

discharge 
time (h) 

Discharge 
current 
(A) 

Capacity 
available 

(Ah) 

Faradaic 
efficiency 

(%) 
C1 1 110 30 30 
C2 2 55 34 33 
C3 3 36,6 38 36 
C4 4 27,5 40 40 
C5 5 22 45 44 
C10 10 11 60 58 
C20 20 5,5 74 70 
C50 50 2,2 83 84 

C100 100 1,1 110 100 
 
The method of charging the batteries affects the faradaic 
efficiency, for the focus of this influence we have charged the 
two batteries of the same type and with the same state of 

health. The first one with a charge discharge regulation 
system. However, the 2nd battery one without regulator. We 
present in figure 4 the results obtained. These results concern 
the evolution of the faradaic efficiency of the two cases as 
function of the state of charge SoC. They show that: 
 For the battery with a regulation system, the faradaic 

efficiency is more stable and closer to 97% at the start 
of charging. This value begins to decrease as the value 
of SoC increases. The faradaic efficiency value is close 
to 60% at the end of the charge (SoC = 100%). The 
average value during all the charging phases is around 
85%. 

 Concerning the 2nd battery, it’s charged with the 
maximum current supplied. at the beginning, the value 
of the faradaic efficiency is around 95%, however and 
with the increase of the voltage and the state of charge 
this efficiency decreases because the battery cannot 
absorb all the current supplied; a part of this current is 
consumed by parasitic reactions or/and dissipated by 
joule effect in the battery. The efficiency decreases 
further with the increase of the state of charge. At the 
end of charging process, its value of the faradaic 
effeciency reaches 25% and the average value of this 
efficiency during the charging mode is of the order 
of66%. 
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Figure 4: The Variations of the faradaic efficiency as function of the 

state of charge estimation 
 

B. The battery state and the evolution of faradaic efficiency.  

In order to evaluate the influence of the battery state on 
faradaic efficiency we have operated the battery during 
several cycles of charge / discharge (over 300) while 
recovering the faradaic efficiency value during the operation. 
The figure 5 presents the results obtained concerning the 
evolution of the faradaic efficiency as a function of the cycles 
number of discharge/charge (Figure 5.A), and according to 
the state of health (Figure 5.B). These figures show that the 
increase of cycles number of charge/discharge process causes 
aging of the battery and decrease the faradaic efficiency. The 
value of this efficiency is around 100% when the battery is 
new (SoH = 100%), but with the degradation and the aging 
phenomenon; the faradaic efficiency decreases and its value 
approaches from 0% (when the battery is died). 

B 
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Figure 5: The Variations of the faradaic efficiency as function of: A. 

number of cycles charge/discharge, B. state of health SoH 
 
3.4 The state of charge estimation  

We have charged the batteries used in this study completely 
for 5 days of experimentation, and we have estimated the state 
of charge by two methods: the first one is the OCV method 
(conventional) that consists to estimate the SoC when the 
batteries are in a state of rest [23]. The second method is 
presented and detailed in this study and by taking into the 
count the faradaic efficiency results obtained in the last 
paragraph. The results produced by these two methods are 
compared to SoC estimation provided by the manufacturer of 
the solar batteries used (ideal SoC), depending on their type, 
temperature and voltage; this is for periods of rest that are 
greater than 24 hours. 
In figure 6.A we represent the state of charge estimation by 
the proposed method, the OCV method after the battery rest of 
12 hours and the ideal SoC provided by the manufacturer. In 
figure 6.B we present the estimation error of each method, 
and the figure 6.C present the difference in % between the 
proposed method and the conventional one (OCV), these 
results show: 
 The proposed method can estimate the state of charge of the 

batteries in real time. This estimation is non-linear 
relative to time; this is explained by the fact that the 
irradiance changed when the quantity of charge absorbed 
by the batteries during the experimental periods changed 
also. Contrary, the OCV method can be used only if the 
battery voltage has stabilized 

 Either methods, the proposed and the OCV present a SoC 
estimation errors. The errors introduced by the proposed 
one are of the order of 3% this value decreases remarkably 
in the end of charging. However, the OCV method 

presents an error considerably higher in estimation 
(average value of the order of 5.5%). The errors depend on 
voltage value stabilization. 

 The difference in the estimation between the OCV and the 
proposed methods compared to the ideal SoC (figure 8.C) 
can reaches a value around 2% at the beginning of 
charging, this value increase with time and reaches a 
value in the range of 6% due to estimation errors that 
accumulate and committed by the OCV method. The SoC 
estimation by the proposed method is always close to the 
ideal one. Hence, an average improvement contributed in 
estimating. 

These results show that the proposed method allows 
estimating the SoC dynamically and with precision. 
Consequently, optimizes the charge/discharge process and 
improve the of life-time of the batteries. 
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Figure 6: The Variations of: A. SoC, B. errors estimation, C. 
difference in the estimation of SoC between the OCV and the 

proposed method compared to the ideal SoC 
 

3.5 Optimization of the lead acid batteries life-time 

A. The process description.  

We have experimented the two batteries (the same type and 
the same state) during several charge/discharge cycles in 
order to estimate the evolution of the capacity degradation 

B 

A 

C 

A 

B 
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during the operation and to conclude the state of health SoH 
evolution. 
The first battery (BAT1) was charged / discharged regularly 
with the regulation system. This system takes into 
consideration the characteristics of the lead batteries and 
estimates the state of charge SoC from the proposed method. 
For the battery BAT1, the system stops the discharge at 40% 
(DoD = 60%). However, the second battery was charged / 
discharged using a commercial regulator which controls and 
stops the discharge when the state of charge SoC reaches a 
value of 20% (DoD = 80%). Then, the two batteries will be 
discharged through a resistive load by the same current (5A). 
 

B. Degradation of batteries capacity.  

We present in the figure 7 the experimental results the 
evolution of: the capacity, the SoH and the capacity losses of 
the two batteries in relation to the charge /discharge cycle 
carried out. These results show that: 
 In the case of both regulation systems, both batteries lose 

capacity due to the exploitation and the aging (charging / 
discharging cycles). Knowing that the first regulation 
system (for BAT1) stops the discharge at 60% to protect 
the battery against deep discharges. However, the second 
(for BAT2) continues the discharge until reaching 20% of 
the SoC (DoD = 80%). 

 After 50 charging / discharging cycles, the 1st battery 
(BAT1) has a SoH of 0.92 (92%). It lost 8% of its initial 
capacity, however the second had a state of health of 0.9 
(90%) and it lost 10% of its initial capacity. At 100 cycles, 
the 1st battery (BAT1) lost 16% against 24% for the 2nd 
battery (BAT2). So, the BAT2 loses capacity faster than 
BAT1. Consequently, the battery BAT1 continues to keep 
its good state of health and it can continue its operation 
without difficulty until a cycle number estimated at 300 
cycles. However, the user should consider changing the 
2nd battery to approximately 200 cycles of operation. 

The good control and management of charge / discharge 
cycles by sophisticated regulation systems that take into 
consideration, in particular, the characteristics of the batteries 
allow extending their life-time by optimizing the operation 
and the charge / discharge cycles number that can perform. 
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Figure 7: The evolution of, A. the capacity, B. the state of health, C. 
the capacity losses in relation to the number cycles 

 
C. The impact of the optimization on investment cost and 

environment.  

The Figure 8 shows the evolution of the autonomy and of the 
energy stored as a function of the charge / discharge cycle for 
the two batteries studied during 300 operating cycles under 
the same conditions. the batteries concerned are characterized 
by an initial energy stored in each of them equal to 1.3 kWh. 
Thus, for a daily consumption profile of 0.1 KWh, the 
regulation system (for BAT1) guarantees an autonomy of 8 
days (the discharge stops at 40% and 0.8kwh of energy can be 
discharged). Against an autonomy of 10 days for the 
commercial system (the discharge stops at 20% and 1kwh of 
energy can be discharged). Then, during one year of operation 
the battery BAT1 makes 45 cycles against 36 cycles for the 
battery BAT2 (The commerce regulation system). In addition, 
the batteries capacity degrades with the use (increase of the 
charging / discharging cycles number); it is noted that at 100 
cycles the BAT1 is degraded by 16%, so it can only provide 
0.6KWh by cycle and its autonomy is reduced to 6 days. 
Against a degradation of 24% for BAT2, which can provide 
only 0.74KWh and its autonomy reduced to 7 days. 
Based on the calculation of the average energy that the battery 
can provide during its life (300 cycles for the BAT1 and 200 
for the BAT2) before it will be considered dead, (the battery 
was declared dead when the capacity has dropped to about 
half of its initial value [24]). It is concluded that: The BAT1 
can provide an average energy during each cycle of 0.5KWh 
against 0.59KWh for the BAT2. Where the average autonomy 
for the BAT1 of 5 days against 5.9 days for the BAT2. From 
these results and since the BAT1 will be able to operate 
during 300 cycles against 200 cycles for the BAT2; in 20 
years of the installation operation the 1st battery BAT1 must 
perform 1460 cycles, against 1240 cycles for the 2nd battery 
BAT2 in order to satisfy the same energy demand. As a result, 

A 

B 

C 
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the BAT1 should be changed almost 5 (4.8 times) against to 
more than 6 (6.2) times for the BAT2. 
The optimization of operation and the life-time of the 
batteries allows reducing the number of batteries acid-plomb 
to be changed in the installation and the cost by 23%. 
Consequently, reducing the use of toxic metals such as lead in 
the manufacture. This automatically reduces the risk of 
pollution and poisoning by heavy metals.  
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Figure 8: The evolution of, A. batteries energy, B. autonomy in 

function of charge / discharge cycles. 

IV. CONCLUSIONS 

In this work, we studied an electrical installation equipped 
with a photovoltaic generator and batteries for the storage of 
energy. The experimental results obtained show: 
 Good control of the different blocks of the 

installation (converter, charge/ discharge, energy 
management)  

 The acquisition and supervision system allowed the 
good communication with the electrical / electronic 
cards. 

 The MPPT control allowed the stabilization and 
optimization of energy production under good 
converter yields. 

 problems of estimation errors and the charging / 
discharging process, thus maximizing battery 
life-time and Therefore, automatically reduce the 
risk of pollution and intoxication by heavy metals in 
batteries and investment costs. 

From the results presented and discussed in this work, we 
have demonstrated the feasibility of the methods developed 
and the simplicity of their implementations, all to maximize 
the energy production, to optimize the installation operation 
and to reduce the investment cost. 
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