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Maximizing solar photovoltaic system efficiency by multivariate linear regression based
maximum power point tracking using machine learning

Introduction. In recent times, there has been a growing popularity of photovoltaic (PV) systems, primarily due to their numerous
advantages in the field of renewable energy. One crucial and challenging task in PV systems is tracking the maximum power point (MPP),
which is essential for enhancing their efficiency. Aim. PV systems face two main challenges. Firstly, they exhibit low efficiency in
generating electric power, particularly in situations of low irradiation. Secondly, there is a strong connection between the power output of
solar arrays and the constantly changing weather conditions. This interdependence can lead to load mismatch, where the maximum power
is not effectively extracted and delivered to the load. This problem is commonly referred to as the maximum power point tracking (MPPT)
problem various control methods for MPPT have been suggested to optimize the peak power output and overall generation efficiency of
PV systems. Methodology. This article presents a novel approach to maximize the efficiency of solar PV systems by tracking the MPP and
dynamic response of the system is investigated. Originality. The technique involves a multivariate linear regression (MLR) machine
learning algorithm to predict the MPP for any value of irradiance level and temperature, based on data collected from the solar PV
generator specifications. This information is then used to calculate the duty ratio for the boost converter. Results. MATLAB/Simulink
simulations and experimental results demonstrate that this approach consistently achieves a mean efficiency of over 96 % in the steady-
state operation of the PV system, even under variable irradiance level and temperature. Practical value. The improved efficiency of 96 %
of the proposed MLR based MPP in the steady-state operation extracting maximum from PV system, adds more value. The same is
evidently proved by the hardware results. References 24, table 4, figures 14.
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Bemyn. Ocmannimv yacom spocmae nonynspricme gpomoenekmpuunux (PE) cucmem, nacamneped yepes ix uucienni nepesazu 6 2auysi
8ioHo606aHoi enepeemuxu. OOHIEI0 3 HAUBAHCIUBIWUX | CKIAOHUX 3a60anb y PE cucmemax € 6i0cmedcents MoyKu MAKCUMANbHOT
nomyscnocmi (MPP), sika Heobxiona onsi niosuwenns ix egpexmusnocmi. Mema. @F cucmemu cmukaiomvcsi i3 060Ma OCHOBHUMU
npobnemamu. Ilo-nepute, 80HU OeMOHCMPYIOMb HU3LKY epeKmueHicmy GUPODIeHHS efleKmpoeHepeii, 0cobIUuB0 8 YMO8ax HU3LKO20
sunpomintosanns. Ilo-opyee, icHye cunbHull 36 A30K MidH GUXIOHOI NOMYHCHICINIO COHAUHUX bamapeli i NO20OHUMU YMOBAMU, WO NOCHIUHO
sminiolomecs. Ll e3aemosanedcnicms Modice npusgecmu 00 HegiON0GIOHOCHI HABAHMAJICEHHS, KOU MAKCUMATbHA NOMYICHICHb He
ehexmusHo 6i0OUpamumemscsl i nepedasamumemscst 8 Hasanmagicents. Lo npobiemy 3azsuuail HA3UBAIOMYb NPOOIEMOIO BIOCIEICEHHS
mouku maxkcumabroi nomyscnocmi (MPPT). [lna onmumizayii nikosoi suxionoi nomyosicHocmi ma 3a2anvHoi eqpexmusnocmi eenepayii OF
cucmem Oyno 3anpononosaro pisui memoou xkepysauns MPPT. Memoodonozia. Y yiii cmammi npedcmagieno Hosuil nioxio 00 MaKkcumizayii
epexmusrocmi consunux QE cucmem wnsxom siocmedxcenns MPP ma docnioscenns ounamiunoi peaxyii cucmemu. Opuzinansnicme. Llei
Memoo0 BKIIOUAE ANSOPUMM MAWUHHO20 HABYAaHHS bazamosumipHoi ninitinoi peepecii (MLR) ons npoenosysanns MPP onsa 6y0v-axozo piens
oceimaeHocmi I memnepamypu Ha OCHO8I OaHux, 3iopanux 3i cneyugixayii consunux DE cemepamopis. La ingopmayia nomiu
BUKOPUCIOBYEMbCS. Ol PO3PAXYHKY — Koegiyicnma 3anosnenHs nepemeopilosaua, wjo niosuujye. Pesynsmamu. Mooeniosanns
MATLAB/Simulink ma excnepumenmanshi pe3ynbmamu nokazyloms, wjo yeui nioxio nociiooeHo 3abe3neywye cepeoHto epeKmuHicms noHao
96 % 6 peowcumi pobomu PE cucmemu, wjo 8CMAHOBUSCS, HAGIMb NpU 3MIHHUX DigHAX oceimnenocmi i memnepamypi. Ilpakmuuna
yinnicmy. ITiosuwena egpexmusnicmo 96 % npononosanoeo MPP na ocnoei MLR ¢ peowcumi pobomu, wo eucmauae makcumym 3 OF
cucmemu, niosuwye yinnicmo. Te came, ouesuoHo, niomeeposicytoms i anapamui pezynomamu. bioin. 24, Tadn. 4, puc. 14.

Knrouosi cnosa: MalllMHHe HABYAHHS, BiACTeKYBa4yi MAKCHMAJIBHOI OTY:KHOCTI, COHSIYHi oTOETEKTPHYHI CHCTEMHU.

Introduction. Solar photovoltaic (PV) generator
energy systems have become increasingly popular as a
source of renewable energy. However, one of the main
challenges is, achieving maximum power extraction from
the PV generator as it is typically not operated at its
optimal point for specific levels of irradiance (/) and
temperature (7). To address this challenge, various
techniques have been developed for tracking the
maximum power point (MPP) known as MPP tracking
(MPPT) techniques, which aim to improve the efficiency
of PV generator. The most common conventional
methods for MPPT of a PV generator are Perturb &
Observe (P&O) and Incremental Conductance (IC)
algorithms. These methods involve adjusting the voltage
of the PV generator [1-3] to calculate the required change
in voltage for maximum power extraction. Other methods
include mathematical-based approaches like the curve-
fitting algorithm, which indirectly tracks the MPP using
the power-voltage curve of the panel. Constant-parameter
algorithms like fractional open-circuit voltage require
periodic measurement of the open-circuit voltage, while
the fractional short-circuit current algorithm requires
periodic measurement of the short-circuit current. Trial-

and-error-based methods like gradient descent calculate
the adjacent local MPP using the gradient function.
Intelligent prediction algorithms like fuzzy logic control
(FLC) and artificial neural networks (ANN) can predict
MPP by adjusting the weights of different layers through
a training process [4, 5]. Optimization methods like ant
colony optimization, firefly algorithm, genetic algorithm,
and grey wolf optimization attempt to optimize functions
or variables to achieve maximum power extraction from
the PV generator.

These algorithms are designed to operate the PV
generator at the MPP to extract the maximum available
power for delivery to the load.

Machine learning (ML) algorithms can predict
unknown data with a high degree of accuracy by learning
from known data. By training a ML algorithm [6] with
existing data and testing it with new data, a ML model is
created. Typically, 75 % of the data is used for training,
and the remaining 25 % for testing the model. Image-
based ML and reinforcement learning algorithms have
been used for MPPT in PV generator. To operate the PV
generator at the MPP, a converter is required.
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The literature reports the use of various types of
converters, including DC-DC buck converters, boost
converters, buck-boost converters, single-ended primary
inductor converters, and controlled inverters.

Although the conventional P&O and IC methods are
simple and require fewer sensing elements, they have a
low MPPT speed for rapid changes in irradiances.
Intelligent prediction algorithms like ANN and FLC can
address this issue. The performance of the ANN model
depends on the correlation between the training and
validation data, the number of iterations used for training,
and the number of layers and neurons. The accuracy of
the FLC is dependent on the rule-based design, which
requires human expertise and experience. The Cuckoo
Search (CS) technique is considered one of the fastest and
most reliable optimization techniques but has a high
failure rate and high oscillations in the steady state.

Achieving fast-tracking of the MPP is crucial for
efficient solar PV generator, as irradiance and temperature
change rapidly. ML algorithms offer a promising solution
to improve MPPT speed without requiring an iterative
approach or controller. To evaluate this approach, a new
multivariate linear regression (MLR) algorithm is
proposed in this study, and its performance is compared to
conventional techniques like P&O and IC, intelligent
methods like ANN and FLC, and optimization algorithms.

The block diagram shown in Fig. 1 for a complete
system, where P,,, is maximum power available at MPP,
V.p is the voltage of the solar PV generator at MPP, 7, is
the current through the solar PV generator at MPP, D is
duty cycle, R,,, is the resistance at MPP and R, is the load
resistance. The mean efficiency is calculated under
different irradiance level (IL) and temperature 7T to
validate the effectiveness of the MLR method.

— Pmy, 2
MLR Machine Rmp=V=mp / Pmp
. . 2
learning 7 D=I-( Ryyp /Rp ) 12

H.A

Fig. 1. System block diagram

System description. Characteristics of PV
generator and DC-DC boost converter. Solar PV
generator convert sunlight into electricity, and several
cells are connected to form a PV generator. The one-diode
equivalent circuit [7-11] of a PV generator is depicted in
Fig. 2 and represented mathematically in (1). The number
of solar PV generator in a panel determines the
specifications for voltage, current, and power.

I pv Rs

Fig. 2. The one-diode equivalent circuit of a PV generator

V+IR, Vil R
Ly, =Ip—Ip(e "' —1)——Jr AR )]
Rsh
where 1,, is the solar PV generator current; /; is the
photocurrent as a function of IL and T; Ip is the diode
saturation current; ¥ is the solar PV generator voltage; R is
the series resistance; # is the diode ideal factor (1 <n <2); Vr
is the thermal voltage equivalent; Ry, is the shunt resistance.
Figure 3 illustrates a boost converter with pulse
width modulation control, which is powered by a solar
PV generator. The MOSFET switch and duty cycle (D) is
responsible for controlling the amount of power that is
delivered to the load from the solar PV generator. The
inductor L present in the circuit boosts the solar PV
generator voltage to the required output voltage level.
Additionally, the load current 7, flow through the load and
input and output capacitors C; and C, are utilized to
minimize the ripple content in the voltages [8-10].

Lpy I, L 1,

MOSFET

v,
Solar PV r Load
generator

| IC Dé:l I T

Fig. 3. Boost converter with solar PV generator

The solar panel specifications used for the
simulation include a maximum power of 250 W, short-
circuit current of 9.38 A, open-circuit voltage of 36 V,
voltage at MPP of 28.8 V, and current at MPP of 8.68 A.
The current-voltage and power-voltage characteristics of
the solar PV generator under different temperature and
irradiances are illustrated in Fig. 4.

LI, A
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Fig. 4. The current-voltage and power-voltage characteristic
curves of solar PV generator

Multivariate linear regression. The linear regression
method is a simple ML technique that is suitable for
predicting real numbers from available data. It works by
predicting unknown data, which is also known as
dependent data, from the features, which are referred to as
independent data [12, 13]. If the data has a single feature,
then the univariate linear regression algorithm gives a
straight line that predicts the data in a two-dimensional
space. On the other hand, if there are multiple features, the
MLR algorithm provides a plane in multidimensional
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space. The general form of the multiple linear regression
planes [12] can be expressed as:

y= ﬂ() + ﬂO'xl ot X T ﬁn'xm (2)
where y is the data to be predicted in a n-dimensional space
X1y X2, -, X1, X, are the feature with £, S, ... , Bi1, B as
regression coefficients.

ANN-based MPP [14-18] is shown in Fig. 5 for an
example of finding the duty at MPP (D,,,,) based on the
training provided for the ANN. The results of D,,,, are
taken as output and are used for comparisons.

Hidden
Layer Output
Layer

Input

Fig. 5. Neural network example

Data in linear regression. ML algorithms acquire
knowledge by analyzing data, allowing them to identify
patterns, make informed decisions, and assess their level of
certainty based on the information provided. The quality of
the training data plays a critical role in determining the
effectiveness of the model. Figure 6 indicates the learning
model. Three-dimensional MLR model is shown in Fig. 7.

Data Information >

Knowledge

\ 4

Fig. 6. Learning model
A y

Residual in
rediction

Fig. 7. MLR model in a three-dimensional space

Learning is data refers to raw and unprocessed facts,
values, texts, sounds, or images that are yet to be analyzed.
It is a crucial component in the fields of ML and artificial
intelligence, and without it, cannot train any models.
Information, on the other hand, is data that has been
interpreted and manipulated to provide final results.
Knowledge is a combination of inferred information,
experiences, learning, and insights that result in awareness.

Data preprocessing. Training data. The part of data
used to train the model. This is the data that the MLR model
sees (both input and output) and learns from this data. In the
proposed work, 70 % of data is given for training purpose
and the records were chosen randomly (Fig. 8).

Validation data. The part of data that is used to do a
frequent evaluation of the model, fits on the training

dataset along with improving involved hyper parameters
(initially set parameters before the model begins
learning). This data plays its part when the model is
training. For validation of data, only 20 % of the data is
given and the records were random.

| Data Learning |

\ 4
|| Validation Data | |

Fig. 8. Data preprocessing

| Training Data Testing Data |

Testing data. Once the model is completely trained,
testing data provides an unbiased evaluation. When the
inputs of testing data are fed, the trained model will
predict some values (without seeing actual output). After
prediction, to evaluate the model by comparing it with the
actual output present in the testing data.

This is how the evaluation and performance model
has learned from the experiences feed in as training data,
set at the time of training. The remaining data i.e., 10 %
of data is fed to the trained and validated model to
evaluate performance.

Methodology. The methodology used in this study is
divided into 4 stages, as the flowchart shown in Fig. 9. The
first stage involves collecting and processing raw data from
the solar PV generator  specifications  using
MATLAB/Simulink. After collecting the data, an analysis is
performed to remove any outliers. The second stage focuses
on developing the MLR model through training, validation,
and testing using the prepared data. The performance of the
model is evaluated using metrics such as sum squared error
(SSE), R?, and root mean square error (RMSE). The formula
to calculate these measures are provided below.

Start Train MLR ‘l Start I
model
Solar PV panel l Prepare MLR
specification ~ model
topping T
: criteriag -~y Predict duty
Yo
—
Data collection Pe ‘1’"“?““
¢valuation Measure load
Data analysis, - l power
processing Applying mode 1
and division to testing data
Input training | | [ Performance | |  Yes
data evaluation ISt_opl

Fig. 9. Flowchart for the proposed MMPT using MLR
ng 2,
SSE=Y" (Vix~Ypk)?: 3)
ny 2
2 szl(YA,K - YP,K)

R° =1 ; 4)
Zr]l(s:l<YA,K _YP,Avg) 2

1 ng
RMSE:\/L—Zlgzl(YA,K—YP,K) 2}’ ©)

where Y, represents the actual data; Y is the predicted
data; n, is the number of samples; Y, is the average
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values of Y,. The value of R* e [0, 1] specifies the
prediction strength of models, and an R? value closer to 1
ensures the best fit of the model. Likewise, the SSE and
RMSE values measure the residual or error among Y, and
Yp. Therefore, SSE and RMSE values closer to 0
represent the models’ superior prediction.

In the proposed methodology, the third stage
involved using the MLR model to perform MPPT. The
MLR model predicted the maximum power available at
MPP (P,,) and the voltage of the solar PV generator at
MPP (V,,) for a given IL and temperature 7. The
predictions were used to determine the required D for the
boost converter to operate the PV generator at MPP. The
corresponding resistance at MPP (R,,) was computed
using these predicted values as in (6). The R,, was
reflected between nodes of boost converter by controlling
the D of the boost converter. The D in terms of R,,, and
load resistance Ry is given in (7):

Rup =Vi2p [Py - (6)

D=1-[(R,, /Ry). (7)

The maximum and minimum values of the load
resistance were determined using the method proposed in
[8]. The boost converter is designed using the procedure
explained in [7]. The required boost converter inductance
L and capacitance C are as follows:

L= Vinp : (Vout - Vinp )/fsw Al 'Vout 5 (8)

C= Iout : (Vout - Vinp )/fsw AV 'Vout 5 )

where V,,, is the input voltage; V,,, is the output voltage;

fsw 1s the switching frequency; Al is the current ripple;
1, 1s the output current; AV is the voltage ripple.

The fourth stage of the methodology involved a
comparative analysis of the MLR methodology with existing
conventional, intelligent, and optimization MPPT methods.

Simulation results and discussion. Data collection.
The simulated dynamic result for the IL changed from
900 to 500 W/m’ is shown in Fig. 10. In that
corresponding solar power, voltage, and current were
demonstrated that the maximum power can track using
the proposed method.

The data collected for this study includes four
variables: /., T, P,, and V,,. The values of P,, and V,,
depend on /, and T.

Tracked Ppy: 230 W

of| Actual Py 230W

Tracked Ppy: 120 W

Power (W)

,,,,, e e nnnennennnenen Actual Py 330w

-
G: 900 W/m? G: 500 W/m?

Irradiance (W/m?)
i

-
Q2
°
-

]

% duty: 41%

Voltage (V)

% duty: 38%

8
V)

W e e 1 12 14 s s 2

Fig. 10. Simulation results of V,,,, 7, .

ovs Loy Py and D for chaﬁgé in /.
from 900 to 500 W/m?, T'=25 °C

To predict P, and V,,, I, and T are used as features.
The MPP of changes in variables for the installed roof
solar PV generator and its specification of 250 W
Zy-TECH 250P [19-21] are given in Table 1.

Table 1
Specification of solar PV generator
Specification Value
Rated power, W 250
Voltage at maximum power, V 28.8
Current at maximum power, A 8.68

Open circuit voltage, V 36

Short-circuit current, A 9.38
Voltage temperature coefficient —0.36901
Current temperature coefficient 0.086988

Performance of the proposed MLR model. The
MLR machine learning models created using
MATLAB/Simulink involves two independent and one
dependent variable. These models can predict the values
of P,, and V,,, based on specific values of /. and 7. The
data were collected as described earlier, based on the
specification of the PV generator. The MLR model
developed is presented mathematically in (10) and (11):

P,,=0.8994 +0.01001-7, — 0.03685-T; (10)
Vip =19.21 + 0.0007073-1, — 0.08946-T. (11)

The developed MATLAB MLR machine learning
technique consists of two input variables and one output
variable. These techniques can predict P,, and V,, at
various irradiance /, and temperature 7.

The regression coefficients of (10) define a plane in
I,, T and P,,, as shown in Fig. 11,a. The residuals in the
prediction for these parameters are shown in Fig. 11,5
The numerical analysis of SSE, R*, and RMSE are
0.0197, 0.9999 and 0.0405, respectively. The SSE and
RMSE values are close to 0, and the R* value is close to 1,
indicating the best prediction of the models and the results
given in Table 2, 3.

P, W
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100

50

50

. o 800 1000
T,°C 3 o gy 400 T Wi

—* residuals
b

1000

Py, pou.

40 800
600
T,°C 0 T L wWim?
Fig. 11. a — P, plane defined by regression coefficients;
b — residuals in prediction

30

Table 2
Training results
Metric Value
RMSE 1.0347-10™
R 1
MSE 1.0762-10 %
Prediction speed | 9800 obs/s*
Training time 4.9252 s

*obs/s — refers to number of observations processed per second.
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Table 3
Testing results

Metric Value
RMSE 3.6016-10
R? 1
MSE 1.2972-10°%

Performance comparison of various methods. The
performance of the MLR model was compared to other
models, and the results were summarized in Table 4 for
the time range of 0 to 0.5 s. The comparison indicated that
the P&O and IC methods exhibited oscillations in steady-
state, while the other models did not [22-24]. According
to Table 4 the MLR model settled in less than half the
time with a high steady-state value of 230 W and almost
zero overshoot compared to the P&O method. Similarly,
the MLR model settled in less than half the time with a
high steady-state value and nearly zero overshoot
compared to the IC method. Overall, the MLR model
outperformed the P&O and IC algorithms in terms of
settling time, steady-state value, and overshoot.

Table 4
Comparison of the MPPT response characteristics for various methods
Parameter MLR P&O IC ANN
Rise time, s 0.1409 | 0.0463 | 0.0352 | 0.1314
Settling time, s 0.2410 | 0.5000 | 0.4994 | 0.2144
Overshoot, % 0.0023 | 9.2364 | 39.294 0
Peak time, s 0.4999 | 0.0829 | 0.2300 0.5

According to the power response numerical values,
the MLR model’s performance is comparable to that of the
intelligent methods, such as ANN and FLC, while the CS
method exhibits an undesirable undershoot. Moreover, the
MLR model outperforms the CS optimization method in
terms of rise time and overshoot. Based on this analysis, it
can be concluded that the MLR control method is suitable
for MPPT in PV generator, as it can track the MPP under
varying /, and T conditions in a stable state and ensure that
the PV generator operate at the MPP.

Experimental results and discussion. To further
substantiate the dynamic performance, the experiments have
been conducted using the solar PV generator of 250 W
Zy-TECH 250P where considered for this work shown in
Fig. 12. Under standard test conditions of 7, = 1000 W/m?
and 7= 25 °C solar PV generator produce power of 250 W.
MLR algorithm tested for solar PV generator under various
algorithm is tested for solar PV generator under various 7,

and T profiles.
300

P,W'

250
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Fig. 12. Solar PV panel power comparison for various methods

The experimental setup shown in Fig. 13 consists of
a solar PV panel, a designed boost converter and a
program kit ESP-32. The IL is changed from 900 W/m® to
500 W/m? at ¢;; result shown in Fig. 14.

b FF;‘:" \.‘.‘ = converter .,
Fig. 13. Experimental setup
Vo 5 V/div
= rl o= |
I, 2 A/div
ti

Fig. 14. Dynamic performance of proposed MPPT controller.
IL changed from 900 W/m? to 500 W/m®
Note. T=25°C, V,,=29 V, time axis: 20 ms/div, and ¢, is the
instant at which step change in /. of solar PV generator initiated

Conclusions. A new approach based on multivariate
linear regression machine learning was implemented in this
study to achieve high accuracy in tracking the maximum
power point of a solar photovoltaic generator using a pulse
width modulation control boost converter. The mean
efficiency was found to be over 96.18 % in steady-state,
which validates the effectiveness of the multivariate linear
regression algorithm. Simulation with experimental
hardware results showed that the multivariate linear
regression algorithm had a high level of accuracy in
maximum power point tracking in steady-state compared to
conventional perturb & observe, incremental conductance
algorithms, intelligent prediction artificial neural networks
algorithm, and cuckoo search optimization method.
Moreover, the multivariate linear regression algorithm
proved to be effective even in the presence of varying
irradiance and temperature.

As a part of future work, the effect of partial shading
on photovoltaic generator will be analyzed with the help
of hardware implementation.
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