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Abstract— Converter based solar PV module is a conversion 

technology in which solar power is converted to direct 

current (DC) electricity. Solar energy is particularly 

dependent on weather conditions, especially the weather 

data (irradiance and temperature) and day/night cycle. Solar 

power prediction is an essential composite for the operating 

power system. In this paper, Mathematical modeling was 

preferred for the simulation of Converter based PV module, 

in which their fundamental mathematical equations were 

used in simulation work, which implement in 

MATLAB/Simulink environment. Further, the collected 

data of solar power from workspace are used in forecasting 

model that is known as NARX (nonlinear autoregressive 

with external input) model. The entire coding for NARX 

model is developed in MATLAB script. 
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I. INTRODUCTION 

The most important and economical source of energy which 

is free and abundant in the most part world is Solar energy 

and widely used in many application [1]. The photo-voltaic 

systems provide a feasible power generation for many 

applications like telecommunications, refrigeration, 

powering residential appliances, water pumping (Especially 

in agricultural irrigation) [2]. The prediction of solar power 

will help utility companies differently, such as to maintain 

low power operations reserves, will help power system 

operators to monitor solar energy conditions and prepare for 

rapid fluctuations in power generation would stay. In the 

artificial neural networks domain, the Multilayer Perceptron 

(MLP) is one of the most important models. For forecasting 

purposes, data is provided to the MLP over the time series 

observations. The main work of the MLP is modeling the 

underlying generator of the data at the time of training. 

When the trained neural network is subsequently applied 

with a new input vector value then a valid forecasting occur 

[3]. The input-Output recurrent model with the design, 

follow the specific Multilayer Perceptron. This recurrent 

network is described bellow and shown in Fig.1 that is also 

called as nonlinear autoregressive with exogenous inputs 

(NARX) model [4]. 

An equation of NARX network is shown here in equation 

(1.1). 

𝑦(𝑛 + 1) =  𝑓[𝑦(𝑛), 𝑦(𝑛 − 1), … … . , 𝑦(𝑛 − 𝑑𝑦 + 1);  

𝑢(𝑛), 𝑢(𝑛 − 1), … … . , 𝑢(𝑛 − 𝑑𝑢 + 1)    (1.1) 

Where, 

n = time horizon number.  

y (n) = NARX Model’s output. 

x (n) = NARX Model’s input. 

dx ≥ 1, dy ≥ 1, and dx ≤ dy , where dx is input memory and dy 

is output memory element [4]. 

 
Fig. 1: Architecture of NARX network 

II. PREVIOUS WORK 

Elkholy et.al, proposed that a method for modeling and 

simulation of photovoltaic array. Modeling the proposed 

circuit model is useful for power electronic designers, which 

require easy, fast, accurate, and simple-to-use modeling 

method for simulating the PV systems [2]. 

André Gabriel Casaca de Rocha Vaz, et.al, propose 

variability of PV power generation and while performing 

solar energy forecasting, the performance and management 

of small power networks can be improved. A neural network 

architecture system for Nonlinear Autoregressive with 

eXogenous inputs (NARX) model is executed using not 

only local weather data but also measurement of 

neighboring PV systems [3]. 

Jose Maria P. Junior et.al, proposed that the NARX 

network is a dynamic neural structure that is generally used 

for input output modeling of non-axial dynamic systems. 

They show that the basic architecture of the NARX network 

can be implemented for the ineffective time series forecast 

for a long-term (multi-step forward) prediction effortlessly 

and efficiently [4]. 

Garima Sharma et.al, proposes NARX structure, 

for the prediction of generated output of a solar power plant 

installed in RCEW College Jaipur, Rajasthan, India for the 

year 2014. In their system for the forecasting purpose, the 

Levenberg-Marquardt (LM) optimization approach was used 

as this combines the best training rate adopted in the form of 

a back propagation method for multilayer feed forward [5]. 

III. METHODOLOGY 

In this section, the entire processes of simulation for 

converter based photo-voltaic module are described, which 

produces solar power in large quantity. Mathematical 

modeling was preferred for the simulation of Converter 

based PV module, in which their fundamental mathematical 
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equations were used in simulation work. For the purpose of 

simulation Simulink toolbox of MATLAB has been used 

extensively. Further, the collected data of solar power from 

workspace are used in forecasting model that is known as 

NARX (nonlinear autoregressive with external input) model. 

Here real weather data (source from NASA Surface 

meteorology and Solar Energy: Data Subset) of Bhilai, 

Chhattisgarh (21.1938 N, 81.351 E) of irradiance and 

temperature, which is described in table 1, were used as 

input and generated solar power data series were applied in 

neural network based time series forecasting. The entire 

coding of neural network based NARX model, were 

developed in MATLAB script. 

The following table 1 describes all datasheet of weather data 

which are taken from NASA Surface meteorology and Solar 

Energy [6]:- 

Month 

Latitude- 21.1938, longitude – 81.351, 

city- Bhilai situated in Chhattisgarh 

22-year 

average 

radiation 

(kWh/m2/day) 

Mean 

temperature 

(oC) 

Average 

daylight 

hour 

(Hour) 

January 1.13 23.45 11 

February 1.28 27.85 11.4 

March 1.57 33.85 12 

April 1.85 36.85 12.6 

May 2.15 38.25 13.1 

Jun 2.48 32.5 13.4 

July 2.4 27.85 13.2 

August 2.28 26.35 12.8 

September 2.11 26.95 12.2 

October 1.59 26.5 11.6 

November 1.17 24.7 11.1 

December 1 22.5 10.8 

Table 1: NASA data table 

A. Simulation for converter based PV module 

The proposed model which has been used for the simulation 

is as described below; it clearly illustrates what all blocks 

are used:- 

 
Fig. 2: Overview of converter based PV module 

Here two main block, PV module and Converter are 

designed by using their fundamental equations:- 

Equations for PV module are 

Photocurrent:- 

𝐼𝑝ℎ =  
𝐺

𝐺𝑟
 [𝐼𝑠𝑐𝑟 + 𝐾𝑖  . (𝑇𝑎𝑘 −  𝑇𝑟𝑘)]   (3.1) 

Reverse saturation current:- 

𝐼𝑜𝑟 =  
𝐼𝑠𝑐𝑟

[𝑒𝑥𝑝(
𝑉𝑜𝑐
𝑎𝑟

)−1]
                           (3.2) 

Saturation current:- 

𝐼𝑜 =  𝐼𝑜𝑟  . [
𝑇𝑎𝑘

𝑇𝑟𝑘
]3 . 𝑒𝑥𝑝[

𝑞 .𝐸𝑔

𝐴 .𝑘
(

1

𝑇𝑟𝑘
−  

1

𝑇𝑎𝑘
)]          (3.3) 

Output PV current:- 

𝐼𝑝𝑣 =  𝐼𝑝ℎ −  𝐼𝑜  . [𝑒𝑥𝑝 (
𝑉𝑝𝑣+ 𝐼𝑝𝑣 .𝑅𝑠

𝑎
)]            (3.4) 

Where, 

G   = Irradiance (W/m2) 

Gr   = Reference Irradiance (= 1000 W/m2) 

Iscr  = Short-circuited current 

Ior   =Reverse saturation current 

Io    = Saturation current 

Tak  =Ta + 273 (in Kelvin)          (3.5) 

Ta    = Operating temperature (in oC) 

Trk   = 25 + 273 (Reference temperature in Kelvin)  (3.6) 

Ki     = Coefficient of temperature (= 0.0017 A/K) 

Voc   = Open circuited voltage 

A     = Ideality factor  

ar   =
𝑁𝑠 .𝐴 .𝑘 .𝑇𝑟𝑘

𝑞
  (= Modified form of ideality factor using 

reference temperature )   (3.7) 

a   =
𝑁𝑠 .𝐴 .𝑘 .𝑇𝑎𝑘

𝑞
 (= Modified form of ideality factor using 

operating temperature)  (3.8) 

q      = Charge of electron (= 1.602 × 10-19 C) 

Ns    = Number of PV cells connected in series 

Eg    = Band-gap energy 

k      = 1.3805 × 10-23 J/K (Boltzmann constant) 

Equations for converter [7]: - 

𝐼𝐿 =  
1

𝐿
∫(−𝑉𝑐 + 𝑠 . 𝑉𝑐 + 𝑉𝑝𝑣)𝑑𝑡               (3.9) 

𝑉𝑐 =  
1

𝐶
∫ (𝐼𝐿 − 𝑠 . 𝐼𝐿 −  

𝑉𝑐

𝑅
) 𝑑𝑡                      (3.10) 

Where, 

IL   = Inductive current 

Vc  = Capacitive voltage  

R   = Resistance  

C   = Capacitance 

L   = Inductance 

s    = Switch topology (= 0 or 1) 

The following Fig.3 is a connection diagram of all required 

subsystem of PV module. 

 
Fig. 3: Architecture of PV modules 

The following Fig.4 is architecture of Celsius to 

Kelvin converter. It is use for temperature conversion and 

implemented through equation (3.5) and (3.6). 

 
Fig. 4: Architecture of Celsius to Kelvin converter 

The following Fig.5 is architecture of modified 

form of ideality factor using reference temperature. It is 

implemented through equation (3.7). 
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Fig. 5: Architecture of ideality factor using reference 

temperature 

The following Fig.6 is architecture of modified 

form of ideality factor using operating temperature. It is 

implemented through equation (3.8). 

 
Fig. 6: Architecture of ideality factor using operating 

temperature 

The following Fig.7 is architecture of photocurrent. 

It is implemented through equation (3.1). 

 
Fig. 7: Architecture of photocurrent 

The following Fig.8 is architecture of reverse 

saturation current. It is implemented through equation (3.2). 

 
Fig. 8: Architecture of reverse saturation current 

The following Fig.9 is architecture of saturation 

current. It is implemented through equation (3.3). 

 
Fig. 9: Architecture of saturation current 

The following Fig.10 is architecture of PV current. 

It is implemented through equation (3.4). 

 
Fig. 10: Architecture of PV current 

The following Fig.11 is architecture of Converter. 

It is implemented through equation (3.9) and (3.10). 

 
Fig. 11: Architecture of Converter 

B. Modeling of NARX network 

NARX Neural Network is widely used for prediction 

purpose, in which predicted output data are depends on 

previous input and previous output data. For solar power 

forecasting we can use it, which easily understand by 

analyze the following steps of NARX Neural Network based 

forecasting task: - 1.Collection of Solar power data, 2.Create 

open loop neural network, 3.Training the data of open loop 

network, 4.Check NMSE for open loop network, 5.Convert 

open loop into close loop network, 6.Again check NMSE for 

close loop network, 7.Simulate the data for prediction, 

8.Again check NMSE for predicted data, 9.Compare the 

predicted data with actual measured data. 

First off all generate the output power from 

converter based PV module. Then the output power of boost 

converter is used in NARX model for prediction purpose. 

Due to input provided to converter based PV Module are 

Irradiance and temperature of January month (table1), hence 

the generated power from it is also consider the power of the 

January month. The average day-light time of January 

month is also shown in table1. 

The total number of solar power data is 39601, 

which has been obtained from the workspace of MATLAB 

after run the converter based PV module within Day-Light 

time (in minute) of 660 minute. Only few data of solar 

power is used in NARX Model. In NARX model, initial 

Day-Light time of 82.5 minute is used as input series, 

correspondingly we have total number of power data of 

5051, which is use in target series. 50 feedback delays used 

for the autoregressive function, and 50 input delays also 

used for the exogenous input. The double hidden layer were 

deemed adequate for this particular model with 15 hidden 

neurons and 10 hidden neurons respectively for hidden layer 

1 and hidden layer 2 which specified in Fig.12.  
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Fig. 12: Architecture of Neural network 

LM algorithm [8] was used to train the collected 

data. LM stands for Levenberg Marquardt. For checking the 

errors, Normalized Mean Squared Error (NMSE) is used. 

Parameters which had used in programming of NARX 

model are described in following table 2. 

Parameters Values 

Number of previous data used in model 5051 

Initial day-light time (in minute) 82.5 

Number of input delays 50 

Number of feedback delays 50 

Number of hidden layer 2 

Number of neurons in 1st hidden layer 15 

Number of neurons in 2nd hidden layer 10 

% Division for training/validation/testing 60 /20/20 

Number of time horizon for forecasting (N) 5000 

Table 2: Parameters used in MATLAB programming 

The following Fig.13 is the flowchart for entire 

steps of coding of the NARX model which developed with 

MATLAB script. 

 
Fig. 13: Flowchart for programming for NARX model 

IV. RESULTS AND DISCUSSION 

As shown in following Fig.14, only 5051 power data are 

used in NARX model which generated under 82.5 minute 

Day-Light time. Here green colored curve describe the 

available data, which were used in NARX model and rest of 

data of 34550 (39601-5051 = 34550) power series data are 

expected output for NARX model, which will use in 

comparison with predicted data. The curve, which is shown 

here in red color is expected output for NARX model 

(Fig.14). 

 
Fig. 14: Available data and expected output 

NMSE (normalized mean square error) values 

should be less than 0.005 for open loop and close loop 

network and also predicted data. For the proposed NARX 

model the following NMSE values were obtained:- 

NMSEo = 1.7514×10-09 

NMSEc = 5.8682×10-09 

NMSEp = 4.3787×10-05 

After that data was simulated for receiving 

forecasted data. As seen in Fig.15 green color curve is 

available data within 82.5 minute Day-Light time, which 

provided to NARX model and blue color curve is predicted 

data between 82.5 minute and 163 minute Day-Light time 

for prediction time horizon N = 5000. 

 
Fig. 15: Target less multistep prediction plot 

After performed the forecasting task, comparison 

between predicted data and actual expected data has been 

done. The following Fig.16 illustrates the comparison 

between expected output data and predicted output data 

within 164 minute to 166 minute Day-Light time, which 

clearly illustrates the completely overlapping task. Here blue 

colored predicted data curve is completely overlapping the 

red colored expected data curve. 

 
Fig. 16: Comparison between expected output and predicted 

output 
 

  

Input series data and 

target series data 

Load power 
series data 

 Open loop neural 

network creation 

Delay 

for Input  

Delay for 

Feedback  

Hidden 

layer size 

Prepare data in 

open loop n/w 

Training and generate 

output 

NMSE (open loop) 

<<0.005 

View open loop 

NARX neural n/w 

Create close loop 

Prepare data in close loop 

& generate output 

NMSE (close loop) 

<<0.005 

 
New input and new target 

series creation 

Data preparation & 

simulation for prediction 

 NMSE (predicted 

data) <<0.005 

 

% division of data for 

training/Validation/testing 

NO 

 

NO 

NO 
YES Comparison of predicted data 

through measured data 
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V. CONCLUSION 

In this paper, mathematical modeling and simulation of 

converter based PV Module is done. Entire implementation 

has been done in MATLAB/Simulink environment. All the 

parameters used in proposed model can be found in 

developer datasheets except the value of resistance, 

capacitance, inductance, and duty cycle, which are estimate 

analytically. In this paper, solar power forecasting by using 

NARX neural network has been done in MATLAB script. 

All the parameters used in proposed model can be evaluated 

analytically by training process repetition until NMSE ≤ 

0.005. The entire steps for time series forecasting like data 

collection, open loop creation, close loop creation, and 

further simulate the data for prediction has been successfully 

performed. The comparison of predicted solar power data 

and actual measured data are also performed. 
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