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ABSTRACT The efficiency of the low-cost renewable energy source i.e. solar is very poor due to inade-
quate extraction of maximum power. By employing the proper maximum power point tracking algorithm,
the efficiency can be increased. An innovative adaptive backstepping neural network controller is proposed
in this paper to extract the maximum power from the solar panels by tracking the desired photovoltaic array
voltage in real-time. The maximum power is extracted indirectly by tuning the PV voltage to the desired PV
voltage where the maximum power is attained at the desired PV voltage point. The desired photovoltaic array
voltage is obtained from the linear regression method. The change in photovoltaic current caused by varying
irradiance and temperature is approximated using the Chebyshev polynomials. The quicker steady-state and
transient responses are accomplished and the computational burden of the photovoltaic system control law
is reduced because of the orthogonal property of Chebyshev polynomials. The asymptotically stable system
is obtained by tuning the weights of the neurons in accordance with the Lyapunov stability analysis. Also,
Lyapunov control function of the backstepping control design procedure finds a control law by an innovative
cubic equation interpretation, instead of resolving the first derivative of the control law, that diminishes
the ripples in the duty cycle to make its appropriateness in real-time. A prototype is developed to validate
the robustness of this controller in maximum power extraction at a faster time and the results confirm that
adaptive backstepping neural network controller surpasses the performances of conventional backstepping
controller and constant voltage PID controller.

INDEX TERMS Photo voltaic, Chebyshev neural network, MPPT, Lyapunov stability, Chebyshev
polynomials.

I. INTRODUCTION
A huge increase in energy demand and fuel scarcity, the need
of non-conventional energy sources has been enormously
increasing [1]–[3]. The main form of air pollution is from
power generation through conventional sources. Ultimately,
the Photo Voltaic (PV) system is the most preferrable among
the non-conventional energy sources since its minimum
setting up budget. However, the solar panels exhibit low

The associate editor coordinating the review of this manuscript and
approving it for publication was Lei Wu.

effectiveness in extracting maximum power since there is a
lot of uncertainties in temperature, load resistance, irradiance
and PV systems’ nonlinear characteristics. Hence, power
converters are chosen to achieve the maximum efficiency of
PV systems for maximum power extraction [4], [5]. As the
continuous current needs to be discharged in the PV systems
to the load from the source, a boost converter is considered
as an ideal choice for the proposed problem formulation.
Because of the nonlinear behavior of PV cells to the change
in temperature and irradiance, the necessary duty cycle has to
be derived to extract maximum power. Hence, the scientists
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are doing broad research in theMaximum Power Point Track-
ing (MPPT) algorithms for PV systems to get the maximum
power.

At first, researchers have developed two algorithms namely
Incremental Conductance (IC) as well as Perturb and Observe
(P&O). The P&O method perturbs the duty cycle and
observes the power. The method iterates until the Maximum
Power Point (MPP) [6]–[8]. But P&O hunts a new MPP
for each time even after the maximum power, consequently,
the solar panel voltage fluctuates resulting in larger oscil-
lations. Moreover, for a particular change, it reacts slowly
to perturb the duty cycle, henceforth it takes more time to
accomplish the stable maximum power. On the contrary,
IC reduces the oscillations completely and the individual con-
trol circuitry is needed to carry out the algorithm and it takes
more time to attain the stable maximum power [9], [10]. The
aging effect and partial shading of the PV panels make them
less efficient in extracting the maximum power, therefore,
the maximum power must be optimized globally. But P&O
and IC try to optimize the maximum power locally which
generates low power.

Ripple correlation control techniques [11], [12] for track-
ing the MPP reduces ripples in comparison with hill climb-
ing techniques. However, it prolongs the time in extracting
the generated MPP. In low radiances, the MPP cannot be
extracted for the generated power. Fuzzy logic methods [13]
do not require any mathematical model. But they require
the system input and output information that depends on
human knowledge. MPP tracking in PV array rests on fuzzy
logic rules. Conversely, the MPP cannot be tracked when
the system information is less. Similarly, artificial intelli-
gence [14] methods train the input and output data of the
solar panel that helps in obtaining the desired MPP. From
the generated power, desired MPP extraction is not pos-
sible with large variation in input and output of the con-
troller from the trained data due to uncertainties in the
PV array.

The Fuzzy Logic Controller (FLC) [15], [16] shows
enhanced steady-state and transient responses in compari-
son with the above methods which consist of fuzzifier and
defuzzifier. The FLC is designed based on the rules. Hence,
it becomes more difficult for the computation of rules to
the FLC, and for the broad range of disturbances, the max-
imum power cannot be attained successfully. As in the case
of partial shading condition, instead of optimizing globally,
it tries to optimize locally which reduces the efficiency of the
controller.

In the linear Proportional Integral Derivative (PID) con-
troller [17], [18], by making power as the desired value,
the maximum power cannot be endured as it results in
larger oscillations. Hence, the researchers had gone for con-
stant voltage PID [19] and constant current PID [20] con-
trol approaches. The operating range of PID controllers is
obtained by the gain parameters and it cannot function beyond
the specified range which results in instability of the PV
system. Henceforth, the linear controllers are unable to use

for the extensive functional range. Hence, the nonlinear tech-
niques are most suited.

The majority of the nonlinear techniques work under rigor-
ous boundaries [21], [22]. One such technique is the sliding
mode controller. Sliding Mode Control (SMC) [23], [24] is
a robust and effective tool in designing control structure for
nonlinear models having external influences and uncertain-
ties. It is used where the implementation requires robustness
and is of highest priority. Sliding mode control is based on
variable structure systems made with independent structures
having various properties and a switching logic between
them. At the point when the system moves on sliding surface,
it is said the system slides. At that point a sliding mode
happens near a switching surfacewhen the system state vector
is directed to do it. By definition, a surface S(x) = 0 is
attractive when either trajectories beginning in the surface
stay in it, or trajectories beginning externally to the surface
tend to it. Therefore, it can be able to obtain the closed-loop
response which ensures asymptotic stability and yet there is
no assurance that this will occur in limited time particularly
under uncertainty. However, for the broad range of distur-
bances caused by the system, the robustness of the controller
is not guaranteed.

Feedback linearization method [25] changes a nonlinear
system to a linear system by disposing of the imminent non-
linear characteristics of the system. Albeit this technique has
palatable execution, one of the significant downsides is that it
requires precise parameters of the system to accomplish the
ideal control target and operations. In fact, exact parameters
of a solar PV systems cannot be determined precisely.

In [26] authors had discussed about the extraction of max-
imum power using augmented state feedback linearization
method in which the nonlinear system is linearized using
the transformational matrix that is obtained by the non-linear
control theory. In the augmented state feedback linearization
method, the control law is tuned to get the desired power
which is obtained using the ANN. As the control law is
tuned to get the desired power which will results in more
fluctuations and takes more time to attain its desired value.

Model Predictive Controller [27] operates under constant
switching frequency making the design of filter easier. This
controller provides several other benefits such as fast dynamic
response, accurate reference tracking, and constant switching
frequency. But this method also faces same drawback as the
one mentioned above i.e., it requires the exact parametric
information of the system.

To alleviate this, Backstepping Controller (BSC) had been
introduced [28], [29]. Backstepping design can be applied to
a class of non-linear systems as long as the internal dynamics
are stabilized. Considering a second-order non-linear system
of the form

ẋ1 = f1 (x1)+ g1 (x1) x2
ẋ2 = f2 (x1, x2)+ u

First select a desirable value of x2 possibly a func-
tion of x1, denoted by x2d, such that in the ideal system

105860 VOLUME 9, 2021



A. Govindharaj et al.: Real-Time Implementation of Adaptive Neuro BSC for MPPT in PV Systems

ẋ1 = F1 (x1, x2d) x1(t) tracks steadily towards the desired
x1d. Then in a second step, select x3 to be x3d, so that
x2 tracks x2d and this process is repeated. Finally, select
u(t) such that xm tracks xmd. The control law is obtained
based on the Lyapunov stability function which ensures an
asymptotically stable system. But for the backstepping con-
trol, the exact understanding of disturbances is needed. This
drawback has been overcome by the adaptive backstepping
control approach where the uncertainties are modeled by
adaptive means of estimation [30]–[32]. Many robust and
adaptive procedures exist which implement the above back-
stepping method. In adaptive backstepping control approach,
the uncertainties are approximated to the approximation func-
tion [33]. Thus, the disturbances produced by the broad range
of variation in the irradiance and temperature can be elimi-
nated. The main drawback of this technique is that it will take
more time to analyze exact uncertainties caused by variation
in the irradiance and temperature, which greatly influences
the static and dynamic characteristics of the PV system.

The disturbances can be approximated by the estimated
function to understand the properties of the uncertainty. The
approximation function is obtained based on the intelligent
controllers such as fuzzy logic and neural network [34], [35]
in which the uncertainty caused by both internal and external
disturbances are approximated to either neural network or
fuzzy logic without changing the mathematical model. Out
of these, fuzzy logic needs rules for the estimation of distur-
bances caused by the system [36]–[39]. The complex rules of
fuzzy logic create problems while updating the weight update
law.

In the neural network, the weights are updated online based
on the uncertainty caused by the disturbances which do not
require initial training that result in the minimum computa-
tional problem. The Radial Basis Function (RBF) [40], [41]
polynomial is not preferred because every node in the hid-
den layer has to compute the RBF function based on the
different center values which result in the computation being
more intense. Also, it does not have orthogonal property. The
two known orthogonal polynomials are Chebyshev polyno-
mials [42] and Legendre polynomials [43]. The Chebyshev
polynomial is preferred as it gives the best approximation
solution with minimum error property and different norms.
It also requires fewer neurons as compared with RBF because
it evaluates the power series.

This research is inspired by the aforementioned transient
and steady state issues caused by the uncertainties and looks
for an efficient way to approximate the uncertainties caused
in obtaining the maximum power with enhanced steady state
and transient responses, improving whole system efficiency,
ensuring the robustness of the system and simultaneously
improved dynamic performances with least error indices.

Adaptive Backstepping Controller Chebyshev Neural Net-
work Controller (ABCNNC) is proposed in this paper,
to extract the maximum power from solar panels based on
the desired PV array voltage obtained by the linear regression
method using the MPPT algorithm. In the MPPT algorithm,

the disturbances caused by the change in PV current are
estimated using the Chebyshev polynomials by which the
maximum power is extracted with enhanced steady-state and
transient responses.

The foremost goals of this work are:
1) To evaluate the disturbances instigated by the PV cur-

rent due to change in irradiance and temperature and to get
an asymptotically stable system through online tuning of
weights of the neurons in regard to the Lyapunov stability
analysis.

2) The necessary control law to obtain the desired PV array
voltage obtained by the linear regression method is found by
an innovative way of resolving the cubic equation instead
of evaluating for the derivative of the control law from the
Lyapunov Control Function.

3) To design a prototype in the laboratory to confirm its
suitability in real-time.

4) To get enhanced steady-state and transient responses
by the estimation of the disturbances produced by the PV
systems.

This paper is structured as follows. The modeling of PV
array, solar panel reference voltage generation, and problem
statement is given in section 2. Section 3 defines the design
of the ABCNNC. Section 4 shows the stability analysis
for the PV system. Section 5 depicts the assessment of the
steady-state and transient performance of the ABCNNC in
simulation. Experimental results and discussion are portrayed
in Section 6. Section 7 comprises the conclusion and future
work.

II. SYSTEM MODELLING AND PROBLEM STATEMENT
A single diode PV module along with a boost converter that
is used to extract maximum power from the solar panel is
depicted in figure 1. The solar panel module has a current
source Ipv, that gives the input power dependent on the irradi-
ance and temperature of the environment, parasitic resistance
Rp which arise because of the leakage current of the p-n
junction within the PV cell, series resistance Rs which is
caused by the metal contact used for connecting the PV cells,
and internal diode D1. The boost converter module has an
input capacitance Ci, bulk inductor L, MOSFET switch SW,
diode D2, and load resistor R. The MOSFET is controlled
by the pulses generated by Pulse Width Modulation (PWM)
technique to extract maximum power from the PV panel.
In the PWM technique, the pulses are generated for the

FIGURE 1. Boost converter based one diode model solar panel module.
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control input u which is the fraction of ON time, to the total
period of the pulses generated by the processor. The converter
works in Continuous Conduction Mode (CCM), in which
during theON time of the pulses, the inductor will get charged
linearly and the charge stored in the capacitor C will get
discharged to load resistor as the MOSFET is in ON state and
diode D2 is in OFF state. During the OFF time, the power in
the inductor along with power generated from the solar panel
gives the output to the load resistor and the capacitor C is
charged. Hence the average output voltage of the load resistor
is boosted as compared with the solar panel output voltage.

Let x1, x2, and x3 be the solar panel voltage (Vi), boost
converter inductor current (IL), and load voltage (VO) respec-
tively. Then the state-space modeling for the solar panel is
given by

ẋ1 =
Ipv
Ci
−

x2
Ci

(1)

ẋ2 = −(1− u)
x3
L
+

x1
L

(2)

ẋ3 = (1− u)
x2
C
−

x3
RC

(3)

Due to variations in temperature and irradiance, the solar
cell current is more sensitive. Hence this causes unwanted
changes in the transient and steady-state responses which
deprive the net efficiency of the system.

A. SOLAR PANEL REFERENCE OUTPUT
VOLTAGE GENERATION
To design the controller of any closed-loop system, the refer-
ence value should need to be known to tune it to the desired
value. Hence in this manuscript, for all three controllers,
the PV output voltage is tuned based on the reference PV out-
put voltage. The reference PV voltage is obtainedwith respect
to the irradiance and temperature of the solar cells. To get the
desired PV voltage, the PV characteristic curve is obtained
using simulation parameters shown in table 1 for different
irradiance and temperature. For each temperature and irra-
diance variation, the MPP varies. In MATLAB, various MPP
and corresponding PV voltage from the PV curve are noted
by keeping Temperature (T) at 25◦C and by changing the
Irradiance (I) from 1400 W / m2 to 600 W / m2 as in figure 2.
Similarly, various MPP and the corresponding PV voltage

TABLE 1. Solar panel parameters.

FIGURE 2. PV array curves at constant temperature with varying
irradiance.

from the PV curve are noted by keeping I as 1000 W / m2

and by varying T from 45◦C to 10◦C as depicted in figure 3.
By the multiple linear regression method, the equation for
reference PV voltage (Vpvr) and reference maximum power
(Pmaxr) are obtained and are given by

Vpvr = 34.72− (0.00109∗I)− (0.12502∗T) (4)

Pmaxr = 41.3125+ (0.243∗I)− (1.055∗T) (5)

FIGURE 3. PV array curves at constant irradiance with varying
temperature.

III. PROPOSED ABCNNC FOR THE PV SYSTEMS
The proposed controller is designed to get the maximum
power from the PV panels by tuning it to the desired PV
reference voltage which is obtained by the multiple linear
regression method. The tuning of the PV voltage is done
by changing the control law to find the desired PV array
voltage. The control law of the ABCNNC is found based on
the weights of the Chebyshev Neural Network (CNN) which
is being updated based on the online weight update law that
depends on the error value of PV output voltage as depicted
in figure 4.

The main objective of the ABCNNC is to obtain the duty
cycle which makes the error variable Z1 = x1 − Vpvr to zero
by enforcing the error variables Z2 = x2 − x2d and Z3 =

x3 − x3d to zero. The online weight update law to estimate
the weights for any change in irradiance and temperature of
the CNN is updated using the error variable Z1. The updated
weight value is fed to CNNwhich quickly estimates the value
of solar current for any change in irradiance and temperature
which updates the control law fed to PWM. The duty cycle
is calculated by solving the cubic equation which is obtained
from the Lyapunov control function.

A. APPROXIMATING THE SOLAR CURRENT TO CNN
Because of its orthogonal property which does not make the
system unstable in any condition and its ability to converge
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FIGURE 4. Proposed controller for the PV systems.

FIGURE 5. Chebyshev neural network structure for the proposed
controller.

high power series, CNN is preferred for the estimation of
uncertainties in the proposed algorithm and the structure of
the neural network is given in figure 5.

The Chebyshev polynomials (ϕ) is updated using the recur-
sive formula

ϕp+1 (a) = 2aϕp (a)− ϕp−1

where ϕ0 (a) = 1, ϕ1 (a) = a and p represents pth neuron
value (

ϕp (a) , ϕq (a)
)
=

∫ 1

−1

ϕp (a) , ϕq (a)√(
1− a2

) da

(
ϕp (a) , ϕq (a)

)
=


0 p 6= q
π p = q = 0
π

2
p = q



The approximation function is defined as

f (a) =WTϕ =

m∑
p=0

wpϕp

where WT
= [w1,w2 . . . . . .wm] are the weights of the neural

network, ϕ = [ϕ1, ϕ2 . . . . . . .ϕm] are the Chebyshev polyno-
mial and m = total number of neurons.
In the proposed controller from equation (1), the unknown

solar current (Ipv) which varies due to the change in the
irradiance and temperature is approximated using the approx-
imation function f (a). Then equation (1) becomes

ẋ1 =
Wϕ
Ci
−

x2
Ci

(6)

B. STEP 2: DETERMINING THE LYAPUNOV
CONTROL FUNCTION
The varying error value Z1 is defined as

Z1 = x1 − Vpvr (7)

Differentiating the above equation

Ż1 = ẋ1 − V̇pvr (8)

By Substituting (6) in (8)

Ż1 =
Wϕ
Ci
−

x2
Ci
− V̇pvr (9)

To minimize the error Z1, a new virtual control input (x2d)
is derived which acts as a reference value for the second state
variable. This will enforce the error Z1 to zero by enforcing
x2 = x2d.
Put Ż1 = −c1Z1 in (9) where c1 is the gain constant and

solve for x2d

x2d = Ŵϕ + Cic1Z1 − CiV̇pvr (10)

The new error variable Z2

Z2 = x2 − x2d (11)

Equation (11) can be rewritten as

x2 = Z2 + x2d (12)

By Substituting (12) in (9) Ż1 can be rewritten as

Ż1 =
WTϕ

Ci
−
(Z2 + x2d)

Ci
− V̇pvr (13)

Incorporating x2d in equation (10) to the above equation
and by solving Ż1 becomes

Ż1 =
WTϕ

Ci
−

Ŵ
T
ϕ

Ci
−

Z2

Ci
− c1Z1 (14)

Ŵ = W− W̃ (15)

where Ŵ is the estimation of weight value and W̃ is the
estimated error of the weight value.
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By Substituting (15) in (14)

Ż1 =
W̃

T
ϕ

Ci
−

Z2

Ci
− c1Z1 (16)

Taking time derivative of equation (10) and by substitut-
ing (8) ẋ2d can be written as

ẋ2d =
˙̂WTϕ + Cic1

(
ẋ1 − V̇pvr

)
− CiV̈pvr (17)

By Substituting (6) in (17) and by solving the above
equation

ẋ2d =
(
−c1x2 + c1WTϕ +

˙̂WTϕ − Cic1V̇pvr − CiV̈pvr

)
(18)

Differentiating the equation (11)

Ż2 = ẋ2 − ẋ2d (19)

By incorporating equation (2) in (19), Ż2 can be rewritten
as

Ż2 = −(1− u)
x3
L
+

x1
L
− ẋ2d (20)

Tominimize the error Z1 and Z2, a new virtual control input
(x3d) is derived which acts as a reference value for the third
state variable which will enforce the error Z1 and Z2 to zero
by imposing x3 = x3d.

Put Ż2 =
Z1
Ci
− c2Z2 is the gain constant and solve for x3d

x3d =
L

(1− u)

(
−
Z1

ci
+ c2Z2 +

x1
L
− ẋ2d

)
(21)

The new error variable Z3 is

Z3 = x3 − x3d (22)

The above equation can be rewritten as

x3 = Z3 + x3d (23)

By substituting (23) in (20) Ż2 can be written as

Ż2 = −(1− u)
(Z3 + x3d)

L
+

x1
L
− ẋ2d (24)

By substituting (21) in (24)

Ż2 = −(1− u)
Z3

L
+

Z1

Ci
− c2Z2 (25)

By substituting (18), (11) and (7) in (21)

x3d =
L

(1− u)

×

−
(
x1 − Vpvr

)
Ci

+ c2(x2 − x2d)+
x1
L
+ c1x2

− c1WTϕ −
˙̂WTϕ + Cic1V̇pvr + CiV̈pvr


(26)

By incorporating (10) in (26) x3d can be rewritten as

x3d =
L

(1− u)
S2 (27)

where, S2 as shown at the bottom of the page.
By differentiating (27)

ẋ3d =
L

(1− u)

(
S1 +

u̇
(1− u)

(x3d (1− u))
)

(28)

where, S1 as shown at the bottom of the page.
By Substituting (27) in (28) ẋ3d can be rewritten as

ẋ3d =
L

(1− u)2
((1− u)S1 + u̇ (LS2)) (29)

Taking time derivative of (23)

Ż3 = ẋ3 − ẋ3d (30)

Substituting (4) in (30)

Ż3 = (1− u)
x2
C
−

x3
RC
− ẋ3d (31)

The Lyapunov function candidate is selected such that the
error value Z1, Z2, and Z3 should disappear while obtaining
the asymptotic stable system. For the proposed controller the
Lyapunov function candidate is

V =
1
2
Z2
1 +

1
2
Z2
2 +

1
2
Z2
3 +

1
2
W̃

T
P−1W̃ (32)

where P is the adaptation rate.

S2 =

 x1

(
−1
Ci
− Cic1c2 +

1
L

)
+ x2 (c1 + c2)− Ŵ

T
ϕ (c1 + c2)

−
˙̂WTϕ + Vpvr

(
1
Ci
+ Cic1c2

)
+ V̇pvr (Cic1 + Cic2)+ CiV̈pvr



S1 =



x1

(
c1 + c2

L

)
+ x2

(
1

C2
i

+ c1c2 −
1

LCi

)

+ x3

(
− (1− u) (c1 + c2)

L

)
+ Ipv

(
−

1

C2
i

− c1c2 +
1

LCi

)

+
˙̂WTϕ (c1 + c2)−

¨̂WTϕ + V̇pvr

(
1
Ci
+ Cic1c2

)
+ V̈pvr (Cic1 + Cic2)+ CiV̈pvr
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By taking the time derivative of the Lyapunov function (32)

V̇ = Z1Ż1 + Z2Ż2 + Z3Ż3 − W̃
T
P−1 ˙̂W (33)

By Substituting (16), (25) & (31) in (33) can be written
as (34), shown at the bottom of the page, where c3 is the gain
constant

By solving V̇, (35), as shown at the bottom of the page.
To obtain the asymptotically stable system, the above equa-

tion must be

V̇ = −c1Z2
1 − c2Z2

2 − c3Z2
3

C. STEP 3: DETERMINING THE ONLINE WEIGHT
UPDATE LAW
The final term in equation (35) must be equal to zero for
making the system asymptotically stable.

W̃
T
(
P−1 ˙̂W−

ϕZ1

Ci

)
= 0

By solving the above equation

˙̂W =
PϕZ1

Ci
(36)

D. STEP 4: DETERMINING THE DUTY CYCLE
The second last term of (35) should need to be equal to zero
in order to obtain the asymptotically stable system

− (1− u)
Z2

L
+ (1− u)

x2
C
−

x3
RC
− ẋ3d + c3Z3=0 (37)

By substituting (11) and (22) in the above equation it can
be rewritten as

− (1− u)
(x2 − x2d)

L
+ (1− u)

x2
C
−

x3
RC

− ẋ3d + c3 (x3 − x3d) = 0 (38)

By substituting (8), (28) and (31) in (38), (39) as shown at
the bottom of the page.

Equation (39) can be rewritten as

a (1− u)3 + b (1− u)2 + c (1− u)+ d = 0 (40)

where

a =
−1
L

(
x2 − Ŵ

T
ϕ + CiV̇pvr +

x2
C
− Cic1

(
x1 − Vpvr

))
b = x3

(
c1 + c2 + c3 −

1
RC

)
, c = −LS1 − c3LS2

d = −L2u̇S2

By solving for the cubic equation in (40) using Cardano
formula and as 0 < u < 1, the duty cycle is given by

u =

(
1− 3

√(
q+

√
q2 +

(
r− p2

)3)

+
3

√(
q−

√
q2 +

(
r− p2

)3)
+ p

)
(41)

where

p =
−b
3a
, q = p3 +

(bc− 3ad)

6a2
and r =

c
3a

Thus, the control law for the ABCNNC of the PV system
is attained by cautiously selecting the values of c1, c2, c3
and P. The gain constants c1, c2 and c3 are influenced by
the designer. However, larger value produces high overshoots
henceforth for enhanced steady-state responses c1 > c2 > c3.
A larger range of P hints to a quicker response. Conversely,
it reduces the stability margin. Hence, P must be within the
range of 0 to 1 for the better transient response.

IV. STABILITY ANALYSIS
The stability exploration is achieved by commissioning the
ABCNNC for the PV systems to find the adapted PV array
voltage. In the following theorem, the Lyapunov stability
property to track the desired PV array voltage is obtained and
it is verified.

V̇ =

Z1

(
W̃

T
ϕ

Ci
−

Z2

Ci
− c1Z1

)
+ Z2

(
−(1− u)

Z3

L
+

Z1

Ci
− c2Z2

)
+

+Z3

(
(1− u)

x2
C
−

x3
RC
− ẋ3d

)
+ c3Z2

3 − c3Z2
3 − W̃

T
P−1 ˙̂W

 (34)

V̇ =

− c1Z2
1 − c2Z2

2 − c3Z2
3 − W̃

T
(
P−1 ˙̂W−

ϕZ1

Ci

)
+Z3

(
− (1− u)

Z2

L
+ (1− u)

x2
C
−

x3
RC
− ẋ3d + c3Z3

)
 (35)


(1− u)3

−1
L

CiV̇pvr +
x2
C
− Cic1

(
x1 − Vpvr

)
+ x2 − Ŵ

T
ϕ


+ (1− u)2

(
x3

(
c1 + c2 + c3 −

1
RC

))
+ (1− u)

(
−LS1
−c3LS2

)
−L2u̇S2


= 0 (39)
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A. THEOREM
The duty cycle is shown in equation (41) and the online
update law for the weights of the neural network specified
in equation (36), confirms the confined approximation of
changing PV current and asymptotically stable system for
the closed-loop PV array while tracking the PV array voltage
Vpvr i.e., lim

t→∞
Z1 = 0 The error of the closed-loop strategies

is ultimately bounded in the largest invariant set T.

B. PROOF
The closed-loop stability for the PV systems is examined by
the error dynamics specified below

 Ż1
Ż2
Ż3

 =

−c1

−1
Ci

0

1
Ci

−c2
− (1− u)

L

0
(1− u)

L
−c3


Z1
Z2
Z3



+


W̃

T
ϕ

Ci
0
0

 (42)

To investigate the stability, the error values had been
described as Z: = [Z1 Z2 Z3]T and the Lyapunov asymptotic
stability function V : F ⊆ R7x [0,∞] → R+ to be
continuously differentiable and positive definite function and
let n be the ball of radius n

V =
1
2
ZSZT

+
1
2
W̃

T
P−1W̃ (43)

where P, S > 0. The class £ functions α1 (•) and α2 (•) exist
and are defined on [0, n], where n ⊂ F⊆ R4 X R3 such that

α1 (‖ ς ‖) ≤ V
(
Z, W̃, t

)
≤ α2 (‖ ς ‖) ∀ς ∈ βn

where ς =
[
Z (t) , W̃ (t)

]T
∈ R7

By differentiating equation (43) and by substituting equa-
tion (42) produces

V̇ =
1
2


(
ZT (SG+ SGT)Z)
+

1
2

(
˙̃WTP−1W̃

)
+

1
2

(
W̃

T
P−1 ˙̃W

)


+


W̃

T
ϕ

Ci
0
0

QZ (44)

where
(
G+ GT)

=

−c1
−1
Ci

0
1
Ci
−c2

−(1−u)
L

0 (1−u)
L −c3



As P−1 a positive definite matrix and by assuming S= I3×3
and, equation (44) can be rewritten as

V̇=

1
2

(
ZT
(
G+ GT

)
Z
)
+

(
W̃

T
P−1 ˙̃W

)
+

 W̃
T
ϕ

Ci
0
0

Z


(45)

By substituting the online weight update law equation (36),
V̇ can be written as

V̇ =
(
1
2

(
ZT
(
G+ GT

)
Z
))

= −ZTYZ ≤ 0∀t ≤ 0, υ ∈ R7 (46)

where− 1
2

(
G+ GT)

= Y is a symmetric matrix with positive
values such that c1, c2, and c3 > 0.
Hence the class £ functions α3 (•) and α4 (•) exists on

[0, p] where p ⊂ F ⊆ R3 with the result

α3 (‖ Z ‖) ≤ V̇
(
Z, W̃, t

)
≤ α4 (‖ Z ‖) ∀Z ∈ βp ⊂ βn (47)

A compact invariant set Y1: = {Z ∈ R3: V̇ = 0 ⇒ Z =
0} exists, and it becomes negative definite if the function
falls outside Y1. The Lyapunov function V: [Z, W̃]T ∈ R7

converges to T which is a large invariant set T⊂Y1. In the
large invariant set Z = 0 and Ż = 0 from that ˙̂W = 0 and
W̃Tϕ = 0 ∀ [Z, Ŵ] ∈ T. Since Z1 = x1 −Vpvr, then x1 =Vpvr

and
(
W− Ŵ

)T
[1+ ϕ (x1)+ ϕ (x2)+ ϕ (x3)] = 0, closed-

loop strategies are eventually confined in the largest invariant
set T. Thus the largest invariant set is T⊂Y1 and which proves
that [Z, Ŵ] converges to T proving x1 = Vpvr as t→ ∞.
The Lyapunov control function V is radially unbounded and
lim
t→∞

V(t) = 0, the Lyapunov function assures to be in £ L∞
over the range from zero to infinity, for the ball of radius
infinity (B∞).

Hence the proposed ABCNNC for the PV systems is
globally asymptotically stable over the region of attraction
Y2 :=

{
ς ∈ α∞\T : V̇ < 0

}
for the class £ function α∞ ⊆

F ⊂ R4xR3 as n → ∞. Now for a change in current
which is caused due to change in irradiance and temperature,
the stability analysis has to be validated at different unknown
time instances Tn = [t1, t2, . . . .tn].
The Lyapunov function at these time instances is defined as

V =
1
2
Z1ZT

1 +
1
2
Z2ZT

2 +
1
2
Z3ZT

3 +
1
2
W̃

T
P−1W̃

For the system to be asymptotically stable based on
equation (46), the derivative of the Lyapunov function
V̇n ≤ 0. As Vn is positive definite, the Lyapunov function
Vn decreases monotonically with respect to Tn. Based on the
property of the Lyapunov function for tn < tn+1, the Lya-
punov function becomes Vn(t+n ) = Vn (tn) ≥ Vn

(
t−n+1

)
.

During time t0, the Lyapunov function will be V0(t
+

0 ) =
V0 (t0) ≥ V0

(
t−1
)
.
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Similarly, at time t1 based on the property of Lyapunov
function, it becomes V1

(
t+1
)
≤ 2V0

(
t−1
)
+ ∇V1 for the

change in solar current, where∇V1 is the result of variation in
the solar current which will get implicated on the approxima-
tion function. Hence for the time tn+1 the Lyapunov function
is Vn+1

(
t+n+1

)
≤ 2Vn

(
t−n+1

)
+ ∇Vn+1. Furthermore, for the

next change, the Lyapunov function becomes

Vn+1
(
t+n+1

)
≤ 2Vn

(
t−n+1

)
+∇Vn+1

≤ 4Vn−1
(
t−n
)
+ 2∇Vn +∇Vn+1

Hence by a repetitive procedure, the final Lyapunov con-
trol function is Vn+1 (tn+1) ≤ ∂V0 (t0) + ε for t ∈ [tn+1,
∞], where ∂ and ε are the positive constants. As V0 (t0) is
bounded for the subsequent change in solar current, hence the
system is bounded which enumerates the proposed controller
is globally asymptotically stable for change in uncertainty.

V. SIMULATION RESULTS AND DISCUSSIONS
The ABCNNC is proposed for the solar panels to extract the
maximum power by tracking the desired PV voltage which
is obtained by the linear regression method. The desired
PV voltage is found by the control law attained from equa-
tion (41) for the proposed controller. The PV system is simu-
lated keeping the step size as 1 µs in the MATLAB by means
of PV parameters, boost converter parameters and controller
parameters as stated in Tables 1 and 2. To get the enhanced
static and dynamic responses the gain constants c1, c2 and c3
and the adaptation rate P have to be carefully selected. The
simulated responses of the PV array voltage, PV power, boost
converter inductor current, boost converter output voltage and
the power across the load are recorded. The accomplishment
of the ABCNNC is endorsed from the simulation results by
analogizing it with the constant voltage PID controller and
Back Stepping Controller (BSC). The proportional gain (Kp),
Integral gain (Ki), derivative gain (Kd) and filter coefficient
of the PID controller are −0.0943, −3.138, −0.000702 and
7542.55 respectively. The proposed ABCNNC is simulated
for the comprehensive range of variation in the irradiance,
temperature and load resistance in the following seven case
studies to show the robustness which makes its compatibility
in real-time.

TABLE 2. Boost converter and controller parameters.

A. CASE 1: STARTUP RESPONSE
In this case study, the start-up response of the proposed
Chebyshev neural network controller, backstepping con-
troller and constant voltage PID controller are attained from
the parameters mentioned in Tables 1 and 2. The simulated
responses of the solar panel voltage, solar input power, boost
converter inductor current, boost converter load voltage,
the power across the load and the estimation of CNN are
obtained for all three controllers and are shown in figure 6.
It is apparent from figure 6, that the maximum power is
extracted by obtaining the desired PV array voltage for the
proposed ABCNNC with minimum overshoot (Mp), less set-
tling time (ts) and rise time (tr). Based on the waveforms
of the solar panel output voltage, inductor current and boost
converter load voltage, it is identified that the ABCNNC
displays enriched steady-state and transient responses and
its particulars are enumerated in table 3. The settling time
of the PV Voltage is decreased by 68.7 % and 1% in com-
parison with the constant voltage PID controller and BSC.
Likewise, the settling time of the inductor current is reduced
by 57.7 % and 43.76 % and the settling time of boost con-
verter output voltage is lessened by 66.1 % and 26.64 %
in assessment with the constant voltage PID controller and
BSC respectively. The peak overshoot of the PV voltage for
the ABCNNC is 40.134 V which is 4.922 V and 2.064 V
less in comparison with constant voltage PID controller and
BSC respectively.

FIGURE 6. Startup responses of the proposed CNN, BSC and constant
voltage PID.
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TABLE 3. Start-up responses of the solar panel voltage, boost converter
current and output load voltage.

B. CASE 2: CHANGE IN IRRADIANCE FROM
1000 W/m2 TO 800 W/m2

In this case at constant temperature 25◦C, the irradiance is
reduced to 800 W/m2 from 1000 W/m2 at time t = 0.5 s.
The simulated responses of the solar panel voltage, solar input
power, boost converter inductor current, boost converter load
voltage, the power across the load and the estimation of CNN
are shown in figure 7. Because of the implementation of
CNN in the proposed controller, the weights are tuned quickly
which will produce the impact on the duty cycle equation
where it is being computed swiftly for the change in uncer-
tainties caused by irradiance in accordance with the BSC
and constant voltage PID controller and the particulars are
shown in table 4. From table 4, it is evident for the proposed
controller that the settling time of the PV voltage is decreased

FIGURE 7. Responses of the proposed CNN, BSC and constant voltage PID
for change in irradiance to 800 W/m2 from 1000 W/m2.

TABLE 4. Responses of the solar panel voltage, boost converter current
and output load voltage for case 2.

by 10.4 ms and 1 ms in comparison with the constant voltage
PID controller and BSC. Likewise, the settling time of the
boost converter inductor current and boost converter load
voltage for the proposed controller is considerably reduced
in assessment with constant voltage PID controller and BSC.
The peak overshoot is reduced significantly in the proposed
controller for the decrease in irradiance in comparison with
the other two controllers.

C. CASE 3: CHANGE IN IRRADIANCE FROM
800 W/m2 TO 1200 W/m2

To investigate the robustness of the proposed control tech-
nique over a wide range of operating points, the PV array is
subjected to the sudden increase in irradiance from 800W/m2

to 1200W/m2 at time t= 1 second. The obtained responses of
all three controllers during such large uncertainty are shown
in figure 8. The uncertainties caused by the change in irradi-
ance are eluded quickly by the use of the weight update law
of the CNN in the ABCNNC for the uncertainties. Hence,
by the implementation of CNN, the settling time of the PV
voltage, inductor current and boost converter output voltage
is decreased significantly.

It is obvious from figure 8, that ABCNNC takes less time
to reach the desired value of PV voltage, inductor current and
boost converter output load voltage in comparison with con-
stant voltage PID controller and conventional backstepping
technique and is given in table 5. It is apparent from the table
that for the change in irradiance, the ABCNNC tracks the
desired PV voltage in 5 ms which is 90.11% and 75.37% less
in comparison with constant voltage PID controller and BSC
respectively. Likewise, in the ABCNNC for the inductor cur-
rent and boost converter output load voltage, it is apparent that
the time taken to reach desired value is reduced significantly
in evaluation with constant voltage PID controller and BSC.
The peak overshoot is reduced to 16.41 % which is 81.89 %
and 0.07% less in accordance with the constant voltage PID
controller and BSC.

D. CASE 4: CHANGE IN TEMPERATURE
FROM 25◦C TO 40◦C
To investigate the robustness of the proposed control tech-
nique over a wide range of temperature, the PV panel is
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FIGURE 8. Responses of the proposed CNN, BSC and constant voltage PID
for change in irradiance to 1200 W/m2 from 800 W/m2.

TABLE 5. Responses of the solar panel voltage, boost converter current
and output load voltage for case 3.

subjected to a sudden increase in temperature from 25◦C
to 40◦C at time t = 0.6 seconds. The obtained responses
of all three controllers during increase in temperature are
shown in figure 9. The uncertainties caused by the change
in temperature are eluded quickly by the use of the weight
update law of CNN in the ABCNNC and the obtained results
are shown in table 6. Hence by the implementation of CNN,
the settling time and overshoot of the PV voltage, inductor
current and output voltage is decreased significantly. It is
obvious from figure 9, that the ABCNNC takes less time in
obtaining the desired value of PV voltage, inductor current
and output voltage in comparison with the constant voltage
PID controller and conventional backstepping technique and
is given in table 6. It is obvious from the table that for

FIGURE 9. Responses of the proposed CNN, BSC and constant voltage PID
for change in temperature to 40◦C from 25◦C.

TABLE 6. Responses of the solar panel voltage, boost converter current
and output load voltage for case 4.

the variation in torque load, the ABCNNC tracks the PV
voltage in 3.91 ms that is found to be 34.83 % and 18.54 %
less in comparison with constant voltage PID controller and
BSC respectively. Likewise in the ABCNNC for the inductor
current and output voltage, it is apparent that the ABCNNC
requires minimum time for obtaining the desired value in
evaluation with the constant voltage PID controller and BSC.

E. CASE 5: CHANGE IN TEMPERATURE
FROM 40◦C TO 30◦C
In this case, the temperature is decreased to 25◦C from 40◦C
at time t = 0.8 seconds. Figure 10 shows the responses
obtained by the controllers for this case study. From these fig-
ures, it is clear that the proposed ABCNNC shows enhanced
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FIGURE 10. Responses of the proposed CNN, BSC and constant voltage
PID for change in temperature to 30◦ C from 40◦C.

TABLE 7. Responses of the solar panel voltage, boost converter current
and output load voltage for case 5.

transient performance. Table 7 gives the observed settling
times and peak overshoot of PV voltage, inductor current and
output voltage. For the PV voltage, the settling time is 2.2 ms
which is a much lesser time in contrast to the constant voltage
PID controller and BSC as given in table 7.

F. CASE 6: CHANGE IN RESISTANCE FROM 30� TO 50 �

Next, to analyze the suitability of solar panels for the tran-
sition of load resistance from the lower value to a higher
value, the load resistance is varied from 30 � to 50 � at
time t = 1 seconds and its responses are shown in figure 11.
Because of the implementation of CNN in the proposed
controller, the weights are tuned quickly which will produce

FIGURE 11. Responses of the proposed CNN, BSC and constant voltage
PID for change in load resistance to 50 � from 30 �.

TABLE 8. Responses of the solar panel voltage, boost converter current
and output load voltage for case 6.

the impact on the duty cycle equation where it is being com-
puted swiftly for the change in uncertainties caused by load
resistance in accordance with the BSC and PID controller
and the particulars are listed in table 8. It is evident from
Table 8 that for the increase in load resistance, the ABCNNC
quickly tracks the desired PV voltage in much lesser time as
compared with other two controllers.

G. CASE 7 CHANGE IN RESISTANCE FROM 50� TO 20�

In this case, the load resistance is reduced from 50 � to 20 �
at time t = 1.2 seconds. Figure 12 displays the responses
attained by the three controllers for the decrease in load
resistance. From these figures, it is vibrant that the ABCNNC
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FIGURE 12. Responses of the proposed CNN, BSC and constant voltage
PID for change in load resistance to 20 � from 50 �.

TABLE 9. Responses of the solar panel voltage, boost converter current
and output load voltage for case 7.

displays enriched transient performance. The particulars are
given in table 9.

From table 9, it is clear that for the decline in load resis-
tance, the proposed controller is found to achieve the desired
trajectory at 17.8 ms which is comparatively faster than the
constant voltage PID controller and BSC. The corresponding
inductor current and output voltage also witnesses a quicker
adaptation with the proposed control technique.

VI. EXPERIMENTAL RESULTS AND DISCUSSIONS
The ABCNNC is proposed for the solar panels to extract the
maximum power by tracking the desired PV voltage obtained
by the linear regression method. The PV voltage is found by
the control law attained from equation (41) for the proposed
controller. A model for the implementation of ABCNNC

in the photo voltaic system to extract the maximum power
is designed in the laboratory and the prototype is shown
in figure 13. The prototype is designed by the PV param-
eters, boost converter parameters and controller parameters
as stated in tables 1 and 2. To get the enhanced static and
dynamic responses, the gain constants c1, c2, c3, and the
adaptation rate P have to be carefully selected. The duty
cycle of the proposed controller is obtained by sensing the
current and voltage across the solar panel, inductor and load.
Based on the duty cycle, the gate pulses will be generated
and fed to the MOSFET which will control the PV voltage
and output voltage. In the prototype ARMLPC 2148, a 32-bit
processor is used as a controller to sense the voltage and
current and to produce the gate pulses based on the duty cycle
obtained from the PV voltage, PV current, inductor current,
and output load voltage. LPC 2148 has a 10-bit resolution
inbuilt DAC and ADC of 3.3 V range. The amplitude of the
generated gate pulses is 3.3 V which is not sufficient to drive
the IRFP460 MOSFET it needs 12 V to drive it. To drive the
MOSFET a gate driver circuit is designed using IR2110 driver
IC, UF4007 diode, 10 K�, and 1 K� resistances, and 22 µF
and 100 nF capacitances. IC HPCL 2611 optocoupler is used
to separate the PV system from the controlling circuit. The
current of the PV panels and the inductor is sensed using ACS
– 312T (0 – 20 A). The voltage across the PV panels and load
is measured using (0 – 100 V) sensor which is designed by
connecting 220 K� and 7.5 K� in series and measuring the
sensed voltage across 7.5 K� which is of (0 – 3.3 V) range.
The responses of the PV voltage, PV power, boost converter
current, boost converter voltage, and the power across the
load is recorded. The accomplishment of the ABCNNC is
endorsed from the recorded results by analogizing it with the
constant voltage PID controller and BSC.

FIGURE 13. Experimental set up of the proposed controller for the PV
system.

A. TRANSIENT PERFORMANCE ANALYSIS
The response of the Chebyshev neural network controller,
backstepping controller, and constant voltage PID controller
are attained from the parameters mentioned in tables 1 and 2.
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FIGURE 14. Responses of proposed controller.

FIGURE 15. Responses of BSC controller.

The obtained responses of the solar panel voltage, solar input
power, boost converter inductor current, boost converter load
voltage, and the power across the load is obtained for all three
controllers and are shown in figures 14, 15 and 16.

It is apparent from figures 14, 15 and 16 that the maximum
power is obtained by attaining the desired solar panel voltage
for the proposed ABCNNC with Mp, less settling time ts
and rise time tr. Based on the waveforms of the solar panel
voltage, inductor current, and load voltage, it is identified that
the ABCNNC displays enriched steady-state and transient
responses and its particulars are enumerated in table 10.

The ts of the PV voltage are decreased by 53.67 % and
50.75 % in comparison with the constant voltage PID con-
troller and BSC. Likewise, the settling time of the output
load voltage is reduced by 46.7 5 % and 34.77 % in assess-
ment with the constant voltage PID controller and BSC
respectively. The peak overshoot of the PV voltage for the
ABCNNC is less in comparisonwith the constant voltage PID
controller and BSC.

TABLE 10. Transient performance evaluation of the PV array voltage and
output load voltage.

The efficiency of the proposed controller in terms of max-
imum power is defined as

η =
Pavg
Pmax r

x 100 (48)

where Pavg is the average power obtained from the solar
panel and Pmaxr is the reference maximum power obtained
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FIGURE 16. Responses of PID controller.

TABLE 11. Maximum power point tracking efficiency.

from equation 5 for the given irradiance and temperature.
The details of the efficiency obtained by equation 48 for the
different controllers are given in table 11. From the table,
it is evident that the proposed controller extracts the desired
maximum power with maximum efficiency.

B. DYNAMIC PERFORMANCE ANALYSIS
The dynamic analysis of the ABCNNC is examined by
Integral Time Square Error (ITSE), Integral Square Error
(ISE), Integral Time Absolute Error (ITAE), Integral Abso-
lute Error (IAE) and Mean Relative Error (MRE) in assess-
ment with constant voltage PID controller and backstepping
controller and their particulars are tabulated in table 12. From
table 12, it is understood that ABCNNC indicates the least
error indices evaluation with constant voltage PID controller
and backstepping controller, which confirms the improved
performance of ABCNNC. Further, the efficiency of the
proposed technique is compared with existing techniques
presented in literature and it is confirming that the proposed
technique has low settling time with maximum efficiency
of 99.78% as shown in table 13.

TABLE 12. Dynamic analysis of the proposed CNN controller,
conventional backstepping controller, and constant voltage PID controller.

TABLE 13. Comparison of experimental efficiency of various techniques.

VII. CONCLUSION
In this work, an adaptive Chebyshev neural backstepping
controller is proposed to extract the maximum power from
the solar panel and implemented in simulation and real-time.
Chebyshev polynomials are used to approximate the fluctu-
ating PV current which is caused due to change in irradiance
and temperature in the proposed controller. Because of the
orthogonal property and its ability to conserve power series,
Chebyshev polynomials approximate the varying PV current
by tuning the controller to the desired reference voltage in
quick time. The desired reference voltage to extract the max-
imum power is obtained by the linear regression method.
ABCNNC improved the transient and dynamic performances
of the PV system besides the approximation. The proposed
controller is tested in different operating conditions. Simula-
tion and experimental results are taken at different irradiance,
temperature and load resistance with the proposed controller
and are compared with the BSC and constant voltage PID to
show the effective performance of the proposed controller.
Assessment of results with the BSC and constant voltage PID
shows enhanced steady-state and transient responses in simu-
lation and real-time. Henceforth for any type of disturbances
caused by the environment to the PV panel, the proposed con-
troller is found to be more efficient in getting the maximum
power.
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VIII. FUTURE WORK
The linear regression method generates the reference voltage
based on the irradiance and temperature for the entire PV
cells. But, under shading conditions the irradiance is different
for each PV cells depending upon the shading. Hence the abil-
ity to attain the reference PV voltage using linear regression
method in the proposed controller is degraded. Thus, the pro-
posed controller shows less efficiency in drawing maximum
power under shading / partial shading conditions. In future,
this issue could be alleviated by incorporating appropriate
method to find the desired reference voltage under shading
conditions using this proposed controller. The proposed con-
troller can be designed for solar-powered PMDC applications
such as electric vehicles and agricultural pumps.
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