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Abstract - Renewable energy contributes significantly to power generation to tackle the energy demand. Renewable energy is 

obtained from solar, wind, hydroelectric, etc. Among these, solar energy is considered the best suitable energy in terms of 

cleanliness and directly converts sunlight into electrical power by solar photovoltaic (PV) module. Solar panels' randomly 

changing power output due to irradiance is the biggest problem with solar panels. The concept of maximum power point 

tracking (MPPT) techniques is introduced to tackle this non-linear behavior of PV and optimize the PV system's efficiency. 

Various MPPT techniques have been proposed based on conventional and intelligent methods. In this work, a novel image 

processing-based MPPT technique is introduced to increase the efficiency of PV. The irradiance level is accurately classified 

using the self-learned EfficientNetB0 deep learning model. The parameters of the EfficientNetB0 model are adjusted using 

Tuna Swarm Optimization. Results show that the tracking efficiency is higher than other intelligent MPPT techniques. Also, the 

classification accuracy of the proposed learning model is superior to conventional models.   
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1. Introduction  
PV systems are cost-effective renewable energy sources 

used to reduce global warming and reduce the necessity of 

fossil fuels. The effectiveness of PV is a good alternative to 

avoid environmental pollution and reduce CO2 emissions. 

The efficiency of a PV system is greatly affected by the 

seasonal climate conditions and the non-linear behavior of 

solar irradiance. The concept of MPPT is used to overcome 

these issues and improve the PV system's efficiency under 

partial shading conditions.  

 

The general block of PV-based power generation is 

shown in Fig 1. The solar-based power system consists of a 

PV array, DC-DC converter and MPPT controller. The major 

function of the MPPT controller is to generate a duty cycle 

for the DC-DC converter by measuring PV output voltage 

and current. The maximum power is achieved by the suitable 

adjustment of duty cycles, which control the charging and 

discharging of the inductor and capacitors in the converter.  

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1 The elements of solar power generation. 

Generally, the MPPT techniques are classified into two 

categories: non-uniform irradiance and uniform radiance. 

The well-known non-uniform irradiance MPPT technique is 

Perturb and Observe (P&O) Method, Incremental 

Conductance (INC) Method, Hill Climbing (HC) Method 

and Current Sweep (CS) Method etc. the uniform irradiance 

MPPT technique uses artificial intelligence to achieve 
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maximum power. The well-known uniform irradiance MPPT 

technique are neural network MPPT, Perturb and Observe 

with Genetic Algorithm, hybrid grey wolf optimization with 

a fuzzy logic controller, an artificial neural network with 

particle swarm optimization etc. However, these techniques 

are suffered from implementation costs and less tracking 

efficiency. Recently, the image processing-based solution has 

given promising results in automation, recognition, 

classification, etc. Deep learning (DL) based image 

processing techniques are a good candidate for automation. 

In this work, the DL model-based irradiance estimation is 

proposed for PV-MPPT to overcome the drawbacks of 

conventional MPPT techniques. The self-learned 

EfficientNetB0 deep learning model classifies the image 

captured from the camera. Then, the duty cycle is adjusted 

based on the irradiance level to achieve an MPPT. 

The main objective of the proposed work is as follows: 

➢ To propose a deep learning model-based irradiance 

estimation  

➢ To increase a tracking speed  

➢ To avoid communication between converters  

This paper is structured in this fashion: In 2, the existing 

works related to MPPT are discussed. 3 describes the 

proposed deep learning-based MPPT. 4 presents the results 

& discussion part. 5 concludes the work. 

 

2. Related work  
Many researchers have applied MPPT methods to 

achieve optimal efficiency with low overhead and cost. 

Several MPPT methods are based on soft computing 

Approaches, such as fuzzy, neural networks etc. Lin et al. 

2020 proposed a Group Searching Optimizer-based P&O to 

achieve maximum power. The fitness function for 

optimization is derived from voltage and current. Then, an 

optimizer is used to solve the fitness function. The proposed 

MPPT can decrease the steady state oscillations and improve 

the convergence speed. 

 

Mohammed Salah Bouakkaz et al. developed a fuzzy 

integrated MPPT controller to handle sudden changes in 

climatic conditions. Fuzzification and de-fuzzification are 

applied in voltage and current parameters to adjust the duty 

cycles. A system's efficiency varies based on the type of 

membership used.  

 

The multi-layered feed-forward network-based MPPT is 

proposed by   Farhat, S.; et al. 2013 for maximizing 

efficiency. The neuron weight of each layer is adjusted to 

increase the tracking efficiency. The activation function of 

the sigmoid is integrated to propagate the importance of the 

data to the next layers. The complexity of the model 

increases when the number of layers increases.   Padmanaban 

et al. 2019 developed a hybrid fuzzy and particle swarm 

optimization-based controller for MPPT. To avoid a local 

minima problem in swarm optimization, the fuzzy logic is 

combined to set an initial population of the particles.   

Several MPPT methods are based on image processing 

techniques, such as machine learning, deep learning, etc. Ye, 

Beijing et al. 2017 analyzed the behaviour of PV modules 

with shadow images. The local thresholding algorithm is 

used for image segmentation and shadow identification. The 

forecasting accuracy is considerably increased with the 

addition of image processing techniques to the PV system.  

 

To avoid periodic curve scanning of conventional MPPT 

methods, the image-based irradiance estimation is proposed 

by Mahmoud et al. 2016. The response function of cameras 

is estimated by pixel processing, and irradiance level is 

predicted for duty cycle adjustments. Matlab implantation 

results show that the proposed approach increases 8% of 

efficiency when compared to existing methods. Hu proposes 

the concept of thermal imaging-based fault detection and 

irradiance prediction, Yihua et al. 2019. the faulty and 

healthy PV cells were identified and separated using thermal 

imaging. Also, the maximum power point is achieved 

through image-based temperature prediction.  

 

Alsmad et al. 2020 proposed a new optical imaging-

based MPPT for PV systems. The non-linear mapping of 

image pixels is utilized to control the DC-DC converter. 

Results show that the proposed method can extract the 

maximum power under partial shading conditions without 

any measurements. 

3. Proposed image processing based MPPT 
The block diagram of the proposed MPPT is shown in 

Figure 1. The image captured from the camera is used for 

irradiance estimation. The parameter-tuned DL model of 

EfficientNetB0 is applied for classification. The network 

model parameters are adjusted by tuna optimization to the 

error function. 

3.1. Tuna Hunting Optimization (THO) 

An optimization algorithm is used to solve complex and 

non-linear problems with decision-making. The real-world 

problems are framed as a fitness function and can be solved 

by identifying the best solution. Tuna optimization is a 

metaheuristic optimization developed to find the best 

solution in a search space inspired by hunting behavior. Tuna 

is a carnivorous marine fish with unique hunting behavior to 

catch prey. It follows two strategies to hunt the prey: Spiral 

Foraging and Parabolic Foraging. This Foraging behaviour is 

mathematically modelled to solve the problems. The steps of 

THO are as follows: 

 

3.1.1. Initialization 

The population are randomly generated as follows: 

Pi
int = r(ul − ll) + ll, i = 1,2. . . . . N                           (1) 
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Fig. 2 Block diagram of proposed MPPT technique 

Where Point is the position of an individual. ul and ll 

denote the upper and lower limit for solution search 

3.1.2. Spiral Foraging 

The group of tuna forms a tight spiral around the 

prey. This stage is considered an exploration stage of THO. 

The spiral foraging can be mathematically formulated as 

follows:  

𝑃𝑖
𝑡+1 = {

𝑐1. ( 𝑃𝑏𝑒𝑠𝑡
𝑡 + c2. |𝑃𝑏𝑒𝑠𝑡

𝑡 − 𝑃𝑖
𝑡| + c3. 𝑃𝑖

𝑡),    i = 1;

𝑐1. ( 𝑃𝑏𝑒𝑠𝑡
𝑡 + c2. |𝑃𝑏𝑒𝑠𝑡

𝑡 − 𝑃𝑖
𝑡| + c3. 𝑃𝑖−1

𝑡 ),    i = 2,3. . . N
(2) 

Where Pbest
t  is the best position to hunt prey, c1, c2, and c3 

are coefficients used to control the movement and to avoid 

local minima problems. 

3.1.3. Parabolic Foraging 

In these stages, the tunas create parabolic regarding 

the target. This step is used to improve the global 

exploitation property of tuna optimization. The formation of 

parabolic mathematically modelled as follows:

 

 

 

 

 

 

 

 

Fig. 3 Architecture of EfficientNetB0 

MPPT Controller  

LOAD 

BOOST 

CONVERTER  
 

 

P
V

 P
a

n
el

 

 

Camera      

   image   
EfficientNetB0 

Irradiance 

estimation 

Tuna 

optimization 

C
o

n
v

 3
*

3
 

M
B

C
 3

*
3
 

M
B

C
 3

*
3
 

M
B

C
 5

*
5
 

M
B

C
 3

*
3
 

M
B

C
 3

*
3
 

M
B

C
 3

*
3
 

M
B

C
 5

*
5
 

M
B

C
 5

*
5
 

M
B

C
 5

*
5
 

M
B

C
 5

*
5
 

M
B

C
 5

*
5
 

M
B

C
 3

*
3
 



J. Shirisha et al. / IJEEE, 9(9), 32-37, 2022 

 

35 

𝑃𝑖
𝑡+1 = {

 𝑃𝑏𝑒𝑠𝑡
𝑡 + r1. (𝑃𝑏𝑒𝑠𝑡

𝑡 − 𝑃𝑖
𝑡) + r2 ∗ 𝑠2 ∗ (𝑃𝑏𝑒𝑠𝑡

𝑡 − 𝑃𝑖
𝑡),    

r2 ∗ 𝑠2 ∗ 𝑃𝑖
𝑡),    

   (3) 

𝑠 = (1 −
𝑡

𝑡𝑚𝑎𝑥
)

𝑡

𝑡𝑚𝑎𝑥                                      (4) 

Where r1 is the random number that varies between zero 

to one, and r2 is the random number that varies between 1 to 

-1. 

3.2. EfficientNetB0 

EfficientNetB0 is a type of CNN that follows a uniform 

scaling method to improve image classification performance. 

Unlike other models that use compound coefficients to scale 

the whole dimension of length and width uniformly. In 

addition, it extracts features from the image using multiple 

convolutional (MC) layers and the mobile inverted 

bottleneck Conv (MIBC). Increasing the parameters in the 

model will achieve higher accuracy levels, as shown in 

Figure 3. The parameters of the EfficientNetB0 model are 

tuned using tuna optimization 

3.2.1. Hyperparameter Tuning in EfficientNetB0   

        The accuracy of the classification model depends on the 

values of the hyperparameter.                             

EfficientNetB0 consists of two types of hyperparameters: 

network structure-based hyperparameters and learning 

parameter-based hyperparameters. This work learning 

parameter of epochs, learning rate and batch size is adjusted 

based on tuna optimization. The proper parameters are 

recognized through the use of a tuna swarm for achieving 

higher accuracy.  

➢ Initialize EfficientNetB0  parameters. 

➢ Initialize Tuna optimization parameters. 

➢ Set 𝑃𝑖
𝑖𝑛𝑡 , ul , ll ,c1 ,c2 and c3 parameters of 

optimization . 

➢ Use the initial population to produce the 

EfficientNetB0  model. 

➢ Calculate the error rate for the fitness function. 

➢ Get the best solution having the least fitness in the 

population. 

➢ Go to the last step of returning the best parameter 

when the criteria are satisfied; increment the 

number of iterations.  

➢ Increment the number of iterations and update the 

population, go to create a model creating step again 

➢ Return the best values parameter. 

 

4. Experimental Results  
      The proposed classification model and MPPT technique 

are implemented using MATLAB. The panel and converter 

design parameters for simulation are given in table 1 & table 

2. The proposed technique is compared against other 

conventional and intelligent techniques to evaluate 

performance.  

Table 1. Parameters of PV system 

MODEL -SunPower SPR-315E-WHT-D 

Maximum power(W) 500 

Open circuit voltage(Voc) 13 

Short circuit current (Isc) 5.8 

The voltage at the maximum PowerPoint 12 

Current, at the maximum PowerPoint 5.57 

Temperature coefficient of Voc -0.3131 

 

Table 3. Efficiency analysis of proposed MPPT 

 

Table 2. Parameters of the boost converter 

Parameter Values  

Inductor (L) 960 mH 

Capacitor (C) 960  µF 

R 100 ohms 

 

Methods  Average power(W) Voltage at 

MPP(V) 

Current at 

MPP(A) 

Tracking time (s) Tracking 

efficiency (%) 

P&O 222.5 89 2.5 0.76 58.9 

Fuzzy  259.656 139.6 1.86 4.1 95.62 

Swarm based 

optimizer  

271.2 142.8 1.9 2.9 97.18 

Proposed 279.3 147 1.9 0.81 98.67 
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The performance of average time, tracking time and 

tracing efficiency is given in table 3. The results observed 

that the P&O-based approach traces a maximum power of 

222.5 W with a tracking time of 0.76s. The Fuzzy based 

MPPT traces maximum power of 259.656 W with a tracking 

time of 4.1s. The Swarm-based MPPT traces maximum 

power of 271.2W with a tracking time of 2.9s. The proposed 

MPPT traces maximum power of 279.3W with a tracking 

time of 0.81s. The tracking efficiency performance of the 

proposed model is graphically shown in Figure. 

Fig. 4 Analysis of Tracking efficiency (%) 

The proposed parameter-tuned EfficientNetB0 model is 

compared with other classifiers in terms of  Accuracy (ACC), 

Specificity(SPC), Recall (REC) and Precision rate (PRE) as 

follows :  

ACC =  
TP+TN

(TP + TN+FP + FN’) 
                                      (5) 

SPC =   
TN

(TN + FP’) 
                                                    (6) 

REC =  
TP

(TP + FN’) 
                                                    (7) 

PRE =  
TP

(TP + FP’) 
                                                    (8) 

Where FP is the false positive, FN is the false negative; 

TP is the true positive, and TN is the true negative of the 

samples. 

 

Table 4 observed that the proposed Optimized 

EfficientNetB0 model performs better in terms of all the 

parameters. The result attained in all iterations for ACC, 

PRE, REC, and SPE are 97.86 %, 96.89%, 97.4 % and 96.67 

%, respectively. The performance of the proposed model is 

graphically shown in Fig. 5. 

 
Fig. 5 Analysis of  accuracy, precision, recall and specificity 

Table 4. Classification performance of proposed and existing models. 

 

5. Conclusion 
To improve the conventional MPPT techniques, an 

optimized deep learning model-based irradiance estimation is 

proposed. The DL model of  

EfficientNetB0 is combined with tuna optimization for 

better prediction results. The proposed model's classification 

results prove the model's better suitability for irradiance 

estimation. Further, the image-based approach shows better 

results regarding power efficiency, tracking time, etc. 

 

 

Method Accuracy Precision Recall Specificity 

CNN 89.62 89.5 90.2 91.6 

AlexNet 91.8 91.2 90.8 90.95 

EfficientNetB0 94.86 93.92 93.8 94.5 

Optimized EfficientNetB0 97.86 96.89 97.4 96.67 
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