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Abstract

The purpose of this paper is to present a performance comparison between two maximum power point tracking
algorithms. These two algorithms are incremental conductance (INC) which is an improved version of the perturb
and observe algorithm, and the second algorithm is the Kalman filter applied to a photovoltaic system. In this work,
a photovoltaic panel is modeled in PSIM tool; a Boost converter controlled by the maximum power point tracker is
put between the PV panel and the load. Then the two algorithms are implemented by using C language and C block
provided by PSIM tool. Next, several tests under stable and variable environmental conditions are made for the two
algorithms, and results show a better performance of the Kalman filter compared to the INC in terms of response

time, efficiency and steady-state oscillations.
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Introduction

The solar energy is now widely used in different areas like
in power stations, standalone systems, and rural electri-
fication. One of the technologies used to generate this
energy is the PV panel which converts light from the
sun into electricity. In order to get the maximum power
available from the PV panel, researchers are working on
MPPT algorithms (El-Khozondar et al. 2016). Over the
last decade, many MPPT algorithms were used in order
to find the MPP. These algorithms differ in many aspects
such as cost, effectiveness, response time, required sen-
sors, correct tracking in case of temperature or solar
irradiance change, and implementation complexity (EI-
Khozondar et al. 2016). The most commonly used algo-
rithms are fuzzy logic control, neural networks, Perturb
and observe, and Incremental Conductance (Verma
et al. 2016; Reisi et al. 2013). For fuzzy logic control, it
has some advantages like dealing with imprecise inputs,
handling nonlinearity, and fast convergence. However,
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and indicate if changes were made.

this algorithm requires hardware with high specifica-
tions, high on complexity, and the effectiveness of this
algorithm depends a lot on choosing the right error com-
putation and an appropriate rule base (Reisi et al. 2013).
The neural networks can track the MPP accurately and
rapidly. However, this technique presents many disad-
vantages like the fact that the data needed for the train-
ing process have to be specifically acquired for every PV
array and location, also the PV characteristics change
with time, so the neural network has to be periodically
trained (Reisi et al. 2013). On the other hand, P&O and
INC are the most used due to their easy implementation
and their low requirements in hardware and number of
sensors (Motahhir et al. 2016, 2017). However, P&O
algorithm presents some disadvantages such as high
oscillation around the MPP because the perturbation
continuously changes in both directions to maintain the
MPP (Motahhir et al. 2016). Therefore, INC algorithm
was proposed to minimize the steady-state oscillation by
comparing the slope of the P—V curve with zero, theoreti-
cally, when the peak of the P-V curve is found, no further
perturbation of duty cycle or no oscillation in the output
power (Motahhir et al. 2017). However, the algorithm
speed is slow when fixed step size is used. Therefore, the
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variable step size in INC algorithm was proposed in (Liu
et al. 2008), which means, the fixed step size is multiplied
with the slope of the P-V curve. Thus, the duty cycle step
size becomes smaller when the PV system operates near
to the MPP (peak of the PV curve). Meanwhile, the step
size is larger and possesses faster-tracking speed when
the PV system operates far from the MPP.

However, INC and variable step size INC algorithms
unable to respond accurately to the first step change in
the duty cycle under rapid environmental changes (Tey
and Mekhilef 2014). Therefore, a powerful method to
predict the new position of MPP under rapid environ-
mental changes must be used to resolve this problem.
Since Kalman filter can provide an efficient computa-
tional (recursive) solution of the least-squares method.
The filter is very powerful in several aspects: it supports
estimations of past, present, and even future states, and
it can do so even when the precise nature of the mod-
eled system is unknown (Kalman 1960). Hence, this
filter can be used to respond accurately to rapid envi-
ronmental changes. Thus, in (Ramchandani et al. 2012;
Kang and Park 2011) the Kalman filter was designed to
find the MPP, but their design may not be practical in all
situations of rapid environmental changes, because it is
not tested under temperature and solar irradiance vari-
ation. Therefore, Kalman filter based MPPT is designed
in this work; this proposed method responds accurately
to all situations of rapid environmental changes. On
the other hand, the proposed method is compared with
INC algorithm to verify and evaluate its performance,
because based on the analysis above, INC algorithm
balances between admitted response time, good steady-
state performance, and low implementation complexity.
The architecture of the PV system used in this work is
presented in Fig. 1. As shown, a Boost converter con-
trolled by the MPPT algorithm is inserted between
the PV panel and the load; this addition is required to
remove the impedance mismatch between the panel and

PVpanel Boost Converter
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MPPT in C (Kalman
Filter or INC)

Fig. 1 Architecture of the PV system
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the load, and then the PV system can operate at MPP.
The MPPT algorithms (Kalman filter or INC) are imple-
mented in C language by using C block provided by
PSIM tool.

The remainder of the paper is organized as follows,
after the introduction; section two provides a general
recall on a PV panel. Section three focuses on present-
ing the Boost converter and design and implementa-
tion of the Kalman filter based MPPT and the INC
algorithm. Finally, section four presents the results and
discussions.

PV panel model
A photovoltaic panel is composed of several PV cells put
in parallel or in series. Cells generally give a voltage and
a current which is very low, and that is why they are put
in groups in order to provide enough voltage or current
depending on how they are connected. Cells put in series
will increase voltage; the ones connected in parallel will
increase current. The equivalent circuit of the PV panel
is shown in the figure below (Tsai and Lin 2010; Sarkar
2016; Motahhir et al. 2017) (Fig. 2).

Based on the equivalent circuit of PV panel, the output
current can be presented by Eq. (1).

V + R V + R
I=1In—I expw_l _ VRS
aKT Rep

Solarex MSX-60 PV panel is used in this work, and its
characteristics are presented in Table 1.

The PV panel model is made in PSIM tool, the model
is simulated under STC, and the I-V and P-V curves are
presented in Fig. 3. Hence as shown, the simulated data
are in accordance with the characteristics mentioned in
Table 1.

These curves change according to the variation of tem-
perature and solar irradiance, and therefore the position
of the MPP changes, this is why we need an algorithm for
finding the MPP under any circumstances.

'ph SZ Rsh v

Fig. 2 PV panel equivalent circuit
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Table 1 Characteristics of the MSX-60 PV panel

Characteristics Value

Maximum power (P, 60 W

Voltage at Py (Vi) 17V

Current at Py () 35A

Guaranteed minimum Py, 58 W

Short-circuit current (/) 38A

Open-circuit voltage (V) 211V
Temperature coefficient of open-circuit voltage — (80 & 10) mV/°C

Temperature coefficient of short-circuit current (0.065 £ 0.015) %/°C
— (0.5 £ 0.05) %/°C

47 +£2°C

Temperature coefficient of power
NOCT?

V(v)
Fig.3 /-Vand P-V curves for PV panel

MPPT controller
Boost converter
The boost converter is required to convert DC voltage (V)
to another DC voltage (V). As shown in Fig. 4, this con-
verter contains a MOSFET switch, which is controlled by
PWM signal. Once the switch is ON, the inductor stores
energy from the PV panel. Moreover, the reverse biased
diode detaches the output from the PV generator and
output capacitor provides current to the load. However,
if the switch is OFF the inductor is in discharge state and
the forward biased diode connects the output to PV gen-
erator. The PV panel voltage and inductor voltage (dis-
charging state) contribute together for the output voltage.
Therefore, the output voltage is always greater than input
voltage (Motahhir et al. 2017).

The equations of this converter are shown below (Mot-
ahhir et al. 2015):
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Fig. 4 DC-DC boost converter
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Incremental conductance algorithm
The INC algorithm is used to predict the voltage change
in a PV panel by measuring the incremental changes in
PV panel current and voltage. This algorithm is an ame-
lioration of the P&O algorithm and can track changing
conditions more rapidly (Radjai et al. 2014). This algo-
rithm uses the incremental conductance (AI/AV) of the
PV panel to find the sign of P-V curve slope (AP/AV)
(Radjai et al. 2014). This algorithm finds the MPP by
comparing the incremental conductance (AI/AV) to the
conductance (— I/V). When they are equal, the MPP is
reached and no more perturbation of duty cycle. When
(AI/AV) is greater than (— 1/V), the controller must
increase the voltage. Otherwise, the controller must
decrease the voltage (Radjai et al. 2014; Loukriz et al.
2016). Figure 5 shows the flowchart of the INC algorithm.
Implementation of the INC algorithm is presented in
Fig. 6.

Kalman filter based MPPT algorithm
Kalman filter design
The Kalman filter is a set of mathematical equations that
provides an efficient computational (recursive) solution
of the least-squares method. The filter is very powerful in
several aspects: it supports estimations of past, present,
and even future states, and it can do so even when the
precise nature of the modeled system is unknown (Ram-
chandani et al. 2012). In 1960, Kalman published his
famous paper describing a recursive solution to the dis-
crete data linear filtering problem (Kalman 1960). Since
that time, due in large part to advances in digital com-
puting, the Kalman filter has been the subject of exten-
sive research and application, particularly in the area of
autonomous or assisted navigation.

In this filter, two set of equations are used during each
iteration. The first set is called “the time update” or also
“the prediction state”; it is composed of two equations.
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Fig. 5 Flowchart of the INC algorithm
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Fig. 6 Implementation of the INC algorithm on PSIM

The first equation is used to project the state ahead
(Aoune et al. 2016):

X = Axg_1 + Bup

(4)
where x; is the state estimate at iteration k calculated
from previous iteration. x;_; is the state corrected at

iteration k — 1 given by the measurement output z;_;.
uy_, is the control process at the iteration k — 1. A is
a constant that depends on the system in which the
Kalman filter is used; it is the state transition model
which is applied to the previous state. B is a constant that
depends on the system in which the Kalman filter is used;
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it is the control-input model which is applied to the con-
trol process.

The second equation is used to project the error covari-
ance ahead (Aoune et al. 2016):

Py = AP AT +Q (5)

where Q is the process noise covariance. It is a covari-
ance matrix associated with the noise in states; it is gen-
erally constructed intuitively, but there are some points
that need to be regarded choosing it. Unmodeled dynam-
ics and parameter uncertainties are modeled as process
noise generally. P, is the priori error covariance at itera-
tion k. Py_; is the posteriori error covariance at iteration
k—1.

The second set of equation is called “the measurement
update” or also the “correction state,” and it is used to
correct the value predicted during “the time update” step.
This set of equations is constituted from three equations
presented below (Aoune et al. 2016):

First, we compute the Kalman gain:

-1
K =P CT(CPLCT +R) ©)

Then we update the estimate x; via the measurement
output z;:

X =%, + Ki (zk - Cx;) (7)
The last equation updates the error covariance:
Py = (I — KxCO)P ®)

where x; is the state corrected at iteration k given by the
measurement output zx. P is the posteriori error covar-
iance at iteration k. K is the Kalman gain. R is the meas-
urement noise covariance. It can be found by processing
the measurement while the output of the system is held
constant. In this case, only noise remains in the data
after its mean is removed. Z; is the measurement value.
C is a constant that depends on the system in which the
Kalman filter is used; it is the observation model which
maps the true state space into the observed space.

These two steps “the time update” and “the measure-
ment update” are repeated during each iteration which
causes noise to reduce and the error covariance to
become zero (Aoune et al. 2016).

Design the MPPT algorithm using Kalman filter

In order to find the MPP using the Kalman filter, we
need to design this filter to look for the voltage at the
MPP. Therefore, based on the P-V curve shown in Fig. 3,
the power increases with a gradual positive slope until
reaches one optimal point then after that it decreases
with a negative slope. Using this analysis, the voltage at
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MPP can be predicted using Eq. (9) and the priori error
covariance is computed by Eq. (10), where A is 1 and B
is M.

The prediction state:
3 APk_l
Vk = Vi1 +MW (9)
P =P 1+Q (10)

where V" is the value of voltage estimated by the Kalman
filter based MPPT at iteration k. V" is analogous to x; . M
is the scaling factor; it is analogous to B. APK~1/A VK1 is
the slope of the P—V curve at iteration k — 1. This slope is
analogous to the control unit ;_;.
The measurement update:
Using the error covariance from the prediction state,
the Kalman gain K} is calculated by Eq. (11), where Cis 1:
K =P, (Pf +R) (11)
The measurement update equations correct the state
and covariance predicted with the measurement PV volt-

age ( Vvin,k) .

Vi =V + K x (Vi — Vi) (12)

P = (1= Ky) x P, (13)

where V is the value of voltage corrected by the Kalman
filter based MPPT at iteration k given by the measure-
ment PV voltage V; ,

Figure 7 shows the PV panel model connected to the
Boost converter controlled by an embedded software
running Kalman filter based MPPT developed using C
language and C block provided by PSIM tool.

Results and discussions

In this section, the results obtained from simulating both
methods under different values of temperature and solar
irradiance are presented. The first simulation is done
under STC. The second is done under variable solar irra-
diance and then variable temperature. A comparison of
results obtained by these two methods is done, and a
summary of the results is shown in Tables 2 and 3.

Tests under standard test conditions

INC algorithm

Figure 8 shows the results obtained by INC algorithm
under STC, a zoom in these results done and presented
in Fig. 9, these results show the power generated by
the PV panel (P), the power absorbed by the load (P,),
and the power available from the PV panel (2,,), and
this is the target which must be reached by the MPPT
algorithm.
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Fig. 7 Implementation of the Kalman filter based MPPT on PSIM

Table 2 Results comparison between the proposed method and INC algorithm at temperature 298.15 K

Irradiance (W/m?) Kalman filter based MPPT

INC algorithm

Response time (ms) Efficiency (%) Oscillations (W) Response time (ms) Efficiency (%) Oscillations (W)
1000 5 99.38 0.8 30 96.64 3
500 4 99.25 04 24 96.72 16
800 5 99.23 0.7 29 96.62 2.7

Table 3 Results comparison between the proposed method and INC algorithm at irradiance 500 W/m?

Temperature (K) Kalman filter based MPPT

INC algorithm

Response time (ms) Efficiency (%) Oscillations (W) Response time (ms) Efficiency (%) Oscillations (W)
298.15 99.40 04 30 96.98 2
283.15 99.49 04 28 96.92 1.6
290.15 9942 045 28 96.96 1.8

As shown in the figures above, by using the INC algo-
rithm, the system takes 20 ms to stabilize around the
MPP with an efficiency of 96.64%. Also, the power ripple
is more than 3 W, which leads to high oscillations around
the MPP.

Kalman filter based MPPT

Figure 10 shows the results obtained by Kalman fil-
ter based MPPT under STC, a zoom in these results
done and presented in Fig. 11, the efficiency obtained is

around 99.38%, and the response time is less than 5 ms.
Also the power ripple is less than 0.8 W. Hence under
STC, the proposed method presents a faster response
with a good efficiency and oscillations are almost
neglected.

Tests under variable solar irradiance

INC algorithm

As shown in Fig. 12, the INC algorithm takes longer to
reach the new MPP in case of sudden change in solar
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Fig. 12 Output powers for INC algorithm under variable solar irradiance
irradiance. Hence, the efficiency of this system under  ggiman filter based MPPT

variable solar irradiance is low, which is equal to 96.10%.

Kalman filter based MPPT

As shown in Fig. 13, the proposed method presents a
faster response to reach the new MPP in case of sudden
change in solar irradiance; the oscillations of the output
powers are almost neglected. Also, this method shows a
good efficiency which is equal to 99.29%.

Tests under variable temperature and fixed solar irradiance
(500 W/m?)

INC algorithm

As shown in Fig. 14, under variable temperature, the INC
algorithm presents an admitted efficiency of 98.34%, but
the power ripple is more than 3 W, which leads to high
oscillations around the MPP.

As shown in Fig. 15, under variable temperature, the pro-
posed method presents a faster response to reach the
new MPP and the oscillations are almost neglected. Also,
this method shows a good efficiency which is equal to
99.42%.

Recapitulation
After presenting the results obtained by the INC algo-
rithm and Kalman filter based MPPT, these results are
summarized in Tables 2 and 3.

In these tables, we compared the two methods based
on three criteria which are:

+ The response time is the time needed by the method
to achieve the maximum power.
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o The efficiency is a factor that defines how close the Based on the results obtained in this work and the cri-
results obtained to the ideal maximum power. teria cited before, we can see that the proposed method

+ Oscillations are how much the power oscillates when  presents better results than the INC algorithm. From
the MPP is reached. the tables above, we notice that the response time of the
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proposed method is 6 times lower than the INC algo-
rithm response time. Kalman filter based MPPT presents
better efficiency around 99.38%, and the oscillations are 5
times lower. These results show that Kalman filter based
MPPT presents better performances than INC algorithm.
Therefore, the latter can be considered as one of the pow-
erful MPPT algorithms.

Conclusion

In this work, we compared the Kalman filter based
MPPT with the INC algorithm in order to prove Kalman
efficiency under stable and variable environmental condi-
tions. The results obtained showed a better performance
for the proposed method when compared to the INC
algorithm. The efficiency obtained by Kalman is better
than the obtained by the INC. The oscillations gener-
ated by the INC are high compared to Kalman. We can
conclude that Kalman filter is better when used it as an
MPPT than the INC algorithm. The next stage of our
research will be the implementation of the proposed
method in a real hardware device especially in a micro-
controller or in a DSP. In addition, in our future research,
we intend to design the MPPT algorithm using the
extended Kalman filter (EKF) which can handle the non-
linearity of the PV characteristics.

List of symbols

a: Diode’s ideality factor; /: Diode current (A); : Panel output current (A); /;:
Panel reverse saturation current (A); /ph: Panel photocurrent (A); /,: Output cur-
rent of the boost converter (A); K: Constant of Boltzmann (J K™'; N,: Number
of cells connected in series; g: Electron charge (C); R,: Series resistance (Q)); Ry
Shunt resistance (Q)); R: Load (Q)); T: Junction temperature (K); V: Panel output

voltage (V); V,;: Output voltage of the boost converter (V).

Greek letter
a: Duty cycle.

Abbreviations

INC: Incremental conductance; MPP: Maximum power point; MPPT: Maximum
power point tracking; P&O: Perturb and observe; PV: Photovoltaic; PWM: Pulse
width modulation; STC: Standard test conditions.
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