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Deriving an accurate and simple current-voltage ( 𝐼 − 𝑉 ) characteristic for 

photovoltaic (PV) module is highly significant for condition monitoring, fault 

detection, and maximizing power production in PV systems. Equivalent circuits 

consisting of one or more diodes are mostly utilized for 𝐼 − 𝑉 curve modelling. 

However, these models are inherently implicit, relatively complex, and nonlinear 

in their parameters. Here, a piecewise quadratic function with four different 

intervals is generated from the measured 𝐼 − 𝑉 data. The intervals are chosen 

such that the best model performance can be achieved, especially at maximum 

power point (MPP). Each quadratic function is obtained from least square 

technique according to the experimental data in the corresponding interval. It is 

easy to obtain the voltage value at MPP from the extracted model, analytically. 

Also, a suggestion is provided for extending the generated 𝐼 − 𝑉 model to the 

real environmental condition by utilizing artificial neural network. The derived 

PV module model is highly suitable for maximum power point tracking, 

monitoring, and fault detection due to its simplicity, explicit structure, and 

accuracy. 

 

I. Introduction 

Recently, there is a high emphasis on the use of renewable 

energy sources all over the world [1]. In this regard, solar 

photovoltaic (PV) cells have attracted great attention. By series 

and parallel combination of solar cells a PV system with 

desired output power can be achieved [2-4]. 

Developing an accurate model for PV module is an essential 

task for improving and optimizing the performance of this 

system [5]. Also, condition monitoring of PV systems is 

significant for detecting the possible faults and maximizing 

power production [6].  

The most common approach for PV module identification is 

to use the measured data from current–voltage (𝐼 − 𝑉) curve 

[7]. The 𝐼 − 𝑉  curve is strongly affected by environmental 

conditions, such as irradiance (𝐺) and PV module temperature 

(𝑇). Since the PV model identification is mostly accomplished 

at standard test condition (STC), i.e., 𝐺 = 1000 W/m2 and 

𝑇 =  25 ℃, the identified model has to be translated into the 

actual operating conditions [8]. Some identification techniques 

consider the whole measured 𝐼 − 𝑉 curve data. On the other 

hand, some methods only consider some specific points such 

as open circuit (0, 𝑉𝑜𝑐), short circuit (𝐼𝑠𝑐 , 0), and maximum 

power point (MPP) (𝐼𝑚𝑝 , 𝑉𝑚𝑝) [9]. Moreover, an accurate and 

reliable model of 𝐼 − 𝑉  curve can be utilized for the fault 

diagnosis of PV systems [10]. Hence, the precise modelling 

and analysis of the module 𝐼 − 𝑉  is vital for further 

applications.     

Different models have been established to describe the 𝐼 −

𝑉 characteristic as accurate as possible, the first of which are 

the black-box approaches that are based on the conventional 

artificial neural networks (ANN) [11] and their combination 

with fuzzy algorithm [12]. In general, these techniques are 

efficient, but they suffer from some disadvantages. First, a 

large set of data is required to obtain reliable model which is 
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not always available. Second, no implicit or explicit 

mathematical formulations can be achieved for the 𝐼 − 𝑉 

characteristic. Also, equivalent circuits including single-diode 

model (SDM) [13, 14], double-diode model (DDM) [15-17], 

and three-diode model (TDM) [18, 19] are some common 

approaches for 𝐼 − 𝑉  modelling. The SDM is the simplest 

equivalent circuit model, but with the least accuracy. The 

TDM has the highest complexity of mathematical relation, but 

with the highest accuracy. The DDM holds a trade-off between 

simplicity and prescience of the PV model. However, in all of 

these three models, current and voltage relations are expressed 

with inherent implicit formulations and high nonlinearities. 

Therefore, rapid and accurate estimation of unknown 

parameters in these circuits’ models is a difficult task [20]. It 

should be noted that the inherent implicitly of equivalent 

circuits emerged from existence of series resistance (𝑅𝑠) in 

these models [21].    

Some works have been conducted to generate explicit 

equations for 𝐼 − 𝑉 characteristic and write 𝐼 as a function 

of 𝑉, or vice versa. The research in [22] can be considered as 

the first work in this regard. In this work, explicit and accurate 

functions are derived according to the Lambert W-function for 

both current and voltage. These equations represent the 

behavior of the SDM. Although these mathematical 

expressions have some advantages and explain SDM in an 

explicit form, they are complicated due to complexity of 

Lambert W-function. This complexity was revealed in [23] 

where a model-based maximum power point algorithm was 

applied for PV module with SDM. Moreover, in this 𝐼 − 𝑉 

model description, the unknown parameters are still presented 

in the nonlinear form. In [24, 25], pade approximants have 

been applied to form explicit 𝐼 − 𝑉  relations. In [26, 27], 

Taylor’s series expansion and Chebyshev polynomials have 

been utilized to express the exponential term of SDM and 

obtain an explicit analytical description of current. In [28], the 

mathematical expression 𝑉 + 𝑅𝑠𝐼 in the exponential term of 

SDM was approximated by cubic polynomial function of 

voltage 𝑉. In [29], an interesting approach has been applied to 

extract an explicit 𝐼 − 𝑉 model for PV systems. The model 

was obtained according to three parameters including 𝑉𝑜𝑐, 𝐼𝑠𝑐, 

and a parameter introduced as shape parameter (𝑆). Despite 

simplicity in the mathematical form, this method has some 

disadvantages. The 𝑆  parameter should be adjusted, 

iteratively. Hence, small iterative step results in low rate of 

convergence, which is an issue especially for real time 

applications. On the other hand, large step lead to inaccurate 

model. Moreover, the model is nonlinear with respect to 𝑆. In 

[30], the solar cell characteristic curve was approximated by 

Bezier curve method. The presented model addressed the 

problems of nonlinearity, complexity, multivariate and 

multimodal of the characteristic's curve. Although many 

researches have been conducted to generate mathematical 

models for PV cell/module, developing more precise and less 

complicated models is still crucial. Since, some developed 

models are very complicated and may have implicit 

mathematical forms. On the other, some other models may not 

have desirable accuracy for additional investigations.  

However, the developing of desirable model is complicated 

due to inherent nonlinearity of PV characteristic. Moreover, 

the PV characteristic highly depends on the environmental 

conditions such irradiance and temperature, which can be 

considered as another challenge for PV modelling.          

In this paper, a piecewise quadratic function consisting of 

four separate quadratic function is derived to generate an 

explicit equation for 𝐼 − 𝑉  characteristic. For this purpose, 

the experimental data are extracted non-uniformly from the 

whole 𝐼 − 𝑉 curve (from zero voltage to open circuit voltage) 

at STC. In fact, more data is considered at the neighborhood of 

MPP. Intervals are considered as: 0 ≤ 𝑉 ≤ 0.8𝑉𝑚𝑝 , 

0.8𝑉𝑚𝑝 ≤ 𝑉 ≤ 0.95𝑉𝑚𝑝 , 0.95𝑉𝑚𝑝 ≤ 𝑉 ≤ 1.05𝑉𝑚𝑝 , and 

1.05𝑉𝑚𝑝 ≤ 𝑉 ≤ 𝑉𝑜𝑐. A separate quadratic function is fitted for 

each interval by linear least square technique. It is shown that 

the proposed piecewise function simulates the real PV module 

𝐼 − 𝑉 curve with high accuracy, especially at MPP. Hence, 

this model can be easily used for maximum power point 

tracking to maximize energy harvesting from PV system. 

Moreover, it is suggested that how one can extend the 

coefficients of the piecewise function to generate another 

piecewise 𝐼 − 𝑉 curve in the real environmental condition by 

utilizing ANN. The generated model has specific advantages 

over the equivalent circuits. First, the model defines an explicit 

relation between current and voltage of any PV module. 

Second, the generated model is linear in parameter and PV 

module identification can be easily achieved by simple 

numerical analysis. Moreover, it has less complexity, but 

higher accuracy than the equivalent circuit models. The main 

highlights and novelties of the proposed piecewise quadratic 

model can be itemized as: 

• An explicit and linear in parameters equation for 𝐼 −

𝑉  characteristic of photovoltaic module is derived 

according to piecewise quadratic function. 

• The proposed model is highly accurate with unique 

model’s parameters and less complexity compared 

with equivalent circuits. 

• This model can be utilized for maximum power point 

tracking purpose and any model-based fault 

detection techniques.     

• A reliable suggestion is provided for extension of the 

derived model to other real environmental conditions 

by utilizing of artificial neural network. 

In the rest of this article, the implicit mathematical 𝐼 − 𝑉 

characteristic equations for a PV module with diodes 

equivalent circuits will be given in Section II. Section III 
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presents a novel approach to generate a mathematical model 

for PV module with explicit 𝐼 − 𝑉 characteristic equation and 

its extension to other environmental conditions. The results for 

modelling of the PV module KC200GT with the proposed 

approach and a comparison with other PV modelling methods 

are discussed in Section IV. Finally, the conclusion is drawn 

in Section V. 

 

II. Diodes Equivalent Circuits 

The mathematical 𝑰 − 𝑽  characteristic equation for a 

typical PV module is highly nonlinear. Utilization of 

equivalent circuits consisting of diodes is the most common 

approach for 𝑰 − 𝑽  modelling. In this regard, single-diode 

model, double-diode model, and three diode model are 

presented. SDM is the simplest circuit with least amount of 

accuracy. This model has five unknown parameters that should 

be estimated for PV model identification. DDM with seven 

unknown parameters has moderate accuracy and complexity 

among these three circuits. Finally, TDM with nine unknown 

parameters has the highest accuracy, but also the highest 

complexity with respect to the other two circuit models. The 

schematic representations of these circuit models are shown in 

Fig. 1. The corresponding 𝑰 − 𝑽  characteristics for SDM, 

DDM, and TDM are written in equations (1) to (3), 

respectively [14, 16, and 18].  

 

𝐼 =  𝐼𝑝ℎ − 𝐼01 (𝑒
𝑉+𝑅𝑠𝐼

𝑎1𝑉𝑡 − 1) −
𝑉 + 𝑅𝑠𝐼

𝑅𝑝
 (1)  

 

𝐼 =  𝐼𝑝ℎ − 𝐼01 (𝑒
𝑉+𝑅𝑠𝐼

𝑎1𝑉𝑡 − 1) − 𝐼02 (𝑒
𝑉+𝑅𝑠𝐼

𝑎2𝑉𝑡 − 1) 

−
𝑉 + 𝑅𝑠𝐼

𝑅𝑝
 

(2)  

𝐼 =  𝐼𝑝ℎ − 𝐼01 (𝑒
𝑉+𝑅𝑠𝐼

𝑎1𝑉𝑡 − 1) − 𝐼02 (𝑒
𝑉+𝑅𝑠𝐼

𝑎2𝑉𝑡 − 1) 

−𝐼03 (𝑒
𝑉+𝑅𝑠𝐼

𝑎3𝑉𝑡 − 1) −
𝑉 + 𝑅𝑠𝐼

𝑅𝑝
 

(3)  

 

where 𝑰  and 𝑽  are output current and voltage of the PV 

module. 𝑰𝟎𝒊 and 𝒂𝒊 are saturation current and ideality factor 

of the 𝒊𝒕𝒉  diode (𝒊 = 𝟏, 𝟐, 𝟑 ). 𝑰𝒑𝒉  is photocurrent, 𝑹𝒔  is 

series resistance, and 𝑹𝒑  is parallel resistance. Also, 𝑽𝒕  is 

thermal voltage which is proportional to module temperature 

and number of series cells in the module. Despite accuracy and 

complexity of these circuit models, they have some common 

disadvantages. First, all the three equations are expressed in 

implicit mathematical forms with respect to current and 

voltage variables. Moreover, these equations generate 

nonlinear in parameters models for the PV module. Hence, 

model identification, parameter estimation, and 𝑰 − 𝑽 

extraction are complicated to achieve by these equivalent 

circuits. 

For the SDM in equation (1), an explicit relation between 

current and voltage was expressed as follows [22]: 

𝐼 = 𝑔(𝑉) = −
𝑉

𝑅𝑠 + 𝑅𝑝
 

−

𝑊(
𝑅𝑠𝐼01𝑅𝑝 exp(

𝑅𝑝(𝑅𝑠𝐼𝑝ℎ+𝑅𝑠𝐼01+𝑉)

𝑎1𝑉𝑡(𝑅𝑠+𝑅𝑝)
)

𝑎1𝑉𝑡(𝑅𝑠+𝑅𝑝)
)𝑎1𝑉𝑡

𝑅𝑠

+
𝑅𝑝(𝐼01 + 𝐼𝑝ℎ)

𝑅𝑠 + 𝑅𝑝
 

(4)  

 

where 𝑊(. ) is Lambert W-function. It is obvious that relation 

(4) is complicated and difficult to use, in practice. For example, 

calculation of the voltage at MPP (𝑉𝑚𝑝) is relatively difficult 

to achieve as shown in [23]. Moreover, to the best of author’s 

knowledge, no explicit mathematical equations are derived for 

DDM and TDM. 

 

 

 

 
Fig. 1. Equivalent circuits of a PV module: (a) SDM, (b) DDM, 

(c) TDM. 

III. Piecewise Quadratic Function 

Here, a novel approach is presented to generate a 

mathematical model for PV module with explicit and linear in 

parameter 𝐼 − 𝑉 characteristic equation.  

In order to establish the 𝐼 − 𝑉  curve equation, the 

experimental data have to be collected from the PV module 

from zero voltage (short circuit condition) up to its open circuit 

condition. Since MPP condition is the most significant 

operating point of the PV module, more data should be 

allocated to the neighborhood around this point. In general, 

maximum power extraction is a concerning challenge for 

researchers due to uncertainty of renewable energy sources, 

(a) 

(b) 

(c) 
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complex operational constraints, and non-convex cost 

functions [31].  

To generate an explicit and precise 𝐼 − 𝑉  characteristic 

equation, the whole operating conditions of the module are 

divided into four different ranges. The first interval is related 

to zero voltage up to 0.8𝑉𝑚𝑝, which can be shown as 0 ≤ 𝑉 ≤

0.8𝑉𝑚𝑝. The second interval can be considered as 0.8𝑉𝑚𝑝 ≤

𝑉 ≤ 0.95𝑉𝑚𝑝. The third interval consists of MPP and has the 

highest density of the collected data as 0.95𝑉𝑚𝑝 ≤ 𝑉 ≤

1.05𝑉𝑚𝑝. The last interval is started from zero and ends at 𝑉𝑜𝑐, 

which can be shown as 1.05𝑉𝑚𝑝 ≤ 𝑉 ≤ 𝑉𝑜𝑐. For each interval 

( 𝑖 ), a quadratic polynomial function ( 𝑓𝑖 ) is fitted to the 

corresponding experimental data by linear regression analysis, 

which can be written as: 

𝐼𝑖 = 𝑓𝑖(𝑉) = 𝑎𝑖𝑉
2 + 𝑏𝑖𝑉 + 𝑐𝑖 , 𝑖 = 1, 2, 3, 4 (5)  

 

Here, ordinary least square method can be applied to 

estimate the unknown constant coefficients 𝑎𝑖 , 𝑏𝑖 , and 𝑐𝑖  

(for 𝑖 = 1, 2, 3, 4 ). The ordinary least square formula is 

written as [32]: 

𝜃𝑖 = (𝑋𝑖
𝑇𝑋𝑖)

−1𝑋𝑖
𝑇𝑦𝑖 , 𝑖 = 1,2,3,4 (6)  

 

where 𝜃𝑖  is vector of unknown constants, 𝑋𝑖  is a known 

regressor matrix and 𝑦𝑖  is the measured output vector. By 

applying equation (6) into equation (5), the constant 

coefficients 𝑎𝑖, 𝑏𝑖, and 𝑐𝑖  can be achieved as: 

[

𝑐𝑖
𝑏𝑖
𝑎𝑖

] =

[
 
 
 
 
 
 
 
 
 
𝑛𝑖 ∑𝑉𝑗,𝑖

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
2

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
2

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
3

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
2

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
3

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
4

𝑛𝑖

𝑗=1 ]
 
 
 
 
 
 
 
 
 
−1

[
 
 
 
 
 
 
 
 
 
∑𝐼𝑗,𝑖

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖𝐼𝑗,𝑖

𝑛𝑖

𝑗=1

∑𝑉𝑗,𝑖
2

𝑛𝑖

𝑗=1

𝐼𝑗,𝑖
]
 
 
 
 
 
 
 
 
 

, 

 𝑖 = 1, 2, 3, 4  

(7)  

 

where 𝑛𝑖 , 𝑉𝑗,𝑖, and 𝐼𝑗,𝑖 are the number of data points, voltage, 

and current values in the 𝑖𝑡ℎ interval, respectively. Hence, the 

corresponding piecewise quadratic function can be obtained 

as: 

𝐼 = 𝑓(𝑉) =

{
 
 

 
 𝑓1(𝑉),                  0 ≤ 𝑉 ≤ 0.8𝑉𝑚𝑝
𝑓2(𝑉),     0.8𝑉𝑚𝑝 ≤ 𝑉 ≤ 0.95𝑉𝑚𝑝
𝑓3(𝑉),   0.95𝑉𝑚𝑝 ≤ 𝑉 ≤ 1.05𝑉𝑚𝑝
𝑓4(𝑉),            1.05𝑉𝑚𝑝 ≤ 𝑉 ≤ 𝑉𝑜𝑐  

 (8)  

The main advantage of the least square technique is fast 

unbiased convergence of the estimated parameters with the 

lowest variance as verified in [32] for the case of uncorrelated 

error vector. Therefore, a precise 𝐼 − 𝑉 characteristic model 

is achieved, explicitly and with linear in parameter from.  

A. MPP of Explicit Characteristic 

If one considers the power-voltage (𝑃 − 𝑉) curve at uniform 

environmental condition, then, there will be a unique MPP. 

This point is highly desirable and multiple maximum power 

point tracking (MPPT) algorithms have been implied to extract 

maximum power form the PV system [33]. At the voltage in 

which the maximum power occurs, the derivative of power 

with respect to voltage is zero. In the derived model, the MPP 

is located in the third interval which is related to 𝑓3(𝑉). Hence, 

the voltage value at MPP can be achieved as:  

𝑑𝑃

𝑑𝑉
=
𝑑(𝑉 × 𝑓3(𝑉))

𝑑𝑉
= 𝑓3(𝑉) + 𝑉 ×

𝑑𝑓3(𝑉)

𝑑𝑉
= 0 (9)  

By substitution of 𝑓3(𝑉) = 𝑎3𝑉
2 + 𝑏3𝑉 + 𝑐3  in equation 

(9), we have: 

3𝑎3𝑉
2 + 2𝑏3𝑉 + 𝑐3 = 0 (10)  

Hence, the voltage at MPP can be easily obtained by 

analytical solution of quadratic polynomial function in 

equation (10). Finally, by substitution of the calculated 𝑉𝑚𝑝  in 

𝑓3(𝑉), the maximum power current (𝐼𝑚𝑝 ) will be achieved. 

This easy computation of 𝑉𝑚𝑝  is not comparable with the 

analysis performed in [23] which considered SDM relation in 

(4) to obtain 𝑉𝑚𝑝 for the 𝐼 − 𝑉 curve. 

Unlike circuits’ models which have infinite responses for 

their parameter estimations problem, here, there is only a 

unique response. Moreover, the proposed piecewise model 

guarantees only a unique MPP for a uniform environmental 

condition.  

 

B. Extension to Other Environmental Conditions  

In general, the 𝐼 − 𝑉  characteristic will be changed 

according to the variations of 𝐺  and 𝑇 . The proposed 

approach for developing an explicit 𝐼 − 𝑉 characteristic can 

be easily applied at any environmental condition in real time. 

In other words, one should collect the data from zero to 𝑉𝑜𝑐 

with higher data density around the MPP. Then, dividing the 

whole voltage working condition into four intervals as in 

equation (8). Assign a quadratic function to each interval as in 

equation (5). Finally, the constant coefficients for each interval 

can be obtained by equation (7). Also, it is possible to achieve 

the corresponding 𝑉𝑚𝑝  by solving equation (10). Although 

this procedure results in a precise and explicit model at any 

environmental condition, it may not be acceptable for high rate 

applications such as MPPT. Moreover, this procedure requires 

to stop the PV module from working at its regular condition to 

collect the data, which is not desirable.   

The ANN is an efficient approach for updating the estimated 

coefficients in real time ambient condition as shown in Fig. 2. 

More specifically, the real experimental data have to be 

collected for an acceptable wide range of environmental 

condition offline during a total year. Then, a separate 
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piecewise quadratic function should be assigned for each 

weather condition according to equation (8). Finally, the ANN 

should be learned through collected data to realize a black box 

modelling between 𝐺  and 𝑇  as inputs and polynomial 

coefficients as outputs. This lead to a reliable 𝐼 − 𝑉 

characteristic model which is applicable for all the 

environmental conditions. It should be noted that effectiveness 

of the learned network is related to the reliability, accuracy, 

and diversity of the collected data. 

 

 
Fig. 2. Schematic representation of the ANN to achieve the 

model’s coefficients for the real G and T values. 

A block diagram is provided in Fig. 3 for better 

interpretation of the established PV model with explicit 𝐼 − 𝑉 

characteristic based on piecewise quadratic function. 

 

IV. Results and Discussions 

Without loss of generality, the popular KC200GT module is 

considered to validate the effectiveness of the proposed 

method. It should be noted that this modelling approach can be 

applied to other PV modules in a similar manner. All the 

simulations and implementation of the proposed algorithm are 

developed in MATLAB environment.  

First, the experimental data are extracted from module 

KC200GT at STC. The corresponding data points and the three 

key working conditions (open circuit, short circuit, and MPP) 

are illustrated in Fig. 4. It can be observed from this figure that 

more amount of data is collected in the neighborhood of MPP 

due to its importance.  

All the four quadratic polynomial functions are derived 

according to the least square technique in relation (7). For the 

module KC200GT these functions are achieved as: 

{
 
 

 
 𝑓1(𝑉) = −44 × 10−6𝑉2 − 0.0013𝑉 + 8.2092

𝑓2(𝑉) = −0.0154𝑉
2 + 0.6487𝑉 + 1.3104      

𝑓3(𝑉) = −0.0663𝑉2 + 3.1901𝑉 − 30.4071   

𝑓4(𝑉) = −0.1639𝑉2 + 8.5790𝑉 − 104.84     

 (11)  

   
Fig. 3. A simple block diagram of the proposed piecewise 

quadartic model with an analytical procedure to find MPP 

Collect 𝐼 and 𝑉 data at STC from 𝑉 =  0 up to 

𝑉 =  𝑉𝑜𝑐  with high data allocation around MPP 

The operating condition is divided into four 

different intervals as: 

interval#1        0 ≤ 𝑉 ≤ 0.8𝑉𝑚𝑝 

interval#2   0.8𝑉𝑚𝑝 ≤ 𝑉 ≤ 0.95𝑉𝑚𝑝 

interval#3  0.95𝑉𝑚𝑝 ≤ 𝑉 ≤ 1.05𝑉𝑚𝑝 

interval#4  1.05𝑉𝑚𝑝 ≤ 𝑉 ≤ 𝑉𝑜𝑐. 

For each interval, a quadratic polynomial function 

(equation (5)) is fitted to the corresponding 

experimental data by linear regression equation 

The coefficients 𝑎𝑖, 𝑏𝑖, and 𝑐𝑖 for 𝑖 = 1, 2, 3, 4 

cab be achieved from equation (7)  

The corresponding piecewise quadratic model can 

be obtained as in equation (8)  

 

Measure 𝐺 and 𝑇 variables 

ANN structure 

The updated constant coefficients 𝑎𝑖, 𝑏𝑖, and 𝑐𝑖 

are achieved for real environmental condition 

The voltage at maximum power (𝑉𝑚𝑝) can be 

obtained by analytical solution of quadratic 

polynomial function in (10). 
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The established model in equation (11) can be easily 

generated in MATLAB by the command “polyfit(Vi,Ii,2)” 

where Vi and Ii are measured voltage and current data at the 

interval number i (i=1,2,3,4).  

These polynomial functions are depicted in Fig. 5 for the 

whole operating condition, i.e., 0 ≤ 𝑉 ≤ 𝑉𝑜𝑐 . This figure 

verifies that each quadratic function has desirable performance 

at its corresponding voltage interval. 

 

   
Fig. 4. Experimental data from 𝐼 − 𝑉 characteristic of module 

KC200GT at STC. 

 
Fig. 5. Four extracted polynomial functions for the total 

operating condition 0 ≤ 𝑉 ≤ 𝑉𝑜𝑐 . 

By considering each polynomial at its own extracted interval 

from equation (8), the derived 𝐼 − 𝑉  characteristic can be 

obtained as it is illustrated in Fig. 6. It can be observed from 

this figure that a reliable model is achieved for the PV module 

all over its operating condition. To quantitatively verify the 

effectiveness of the proposed model, the root mean square 

error (RMSE) between the simulated current (𝐼) from equation 

(11) and the measured experimental current (𝐼𝑚) is calculated 

as [19]: 

𝑅𝑀𝑆𝐸 = √
∑ (𝐼𝑚𝑗 − 𝐼𝑗)

2𝑁
𝑗=1

𝑁
 

(12)  

where 𝑁  is the number of total experimental data. For the 

corresponding KC200GT module, we have 𝑅𝑀𝑆𝐸 = 0.0068 

which is a very small value.  

 

 
Fig. 6. Explicit piecewise quadratic function for 𝐼 − 𝑉 

characteristic at STC. 

In order to investigate the preciseness of the proposed 

explicit function at MPP, the 𝑃 − 𝑉 curve is illustrated in Fig. 

7. For quantitative investigation, the third quadratic function 

(𝑓3(𝑉)) which consists of MPP is considered again. It can be 

concluded from equation (10) that −0.1989𝑉2 + 6.3802𝑉 −

30.4071 = 0. By solving this quadratic equation for 𝑉, the 

maximum power voltage is achieved as 𝑉𝑚𝑝 = 26.2546 V. 

Substitution of the calculated 𝑉𝑚𝑝  in 𝑓3(𝑉)  results in 

obtaining 𝐼𝑚𝑝 = 7.6468 A. These calculated values are very 

close to the real values specified in the module’s datasheet. 

Hence, the results show the effectiveness of the proposed 𝐼 −

𝑉 curve model at MPP. 

 

A. Comparison with Other Methods 

In order to verify the capability of the proposed approach, a 

comparison is provided with some recent methods including 

SDM [13], DDM [15], and TDM [19]. First, the generated 𝐼 −

𝑉  curve from each method and the corresponding 

experimental data for the module KC200GT are illustrated in 

Fig. 8.  

According to Fig. 8, for 𝑉 < 𝑉𝑚𝑝 , the proposed method and 

the SDM has the best performance while the proposed method 

is still slightly better. The performance of the TDM is worse 

than SDM and DDM has the worst behavior for lower voltages. 

In the neighborhood of MPP, the proposed method and TDM 
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has the best fitness with experimental data. However, the 

proposed approach shows slightly better fit with measured data. 

After these two methods, DDM has a better performance 

compared with SDM. Interestingly, all the four approaches 

have a desirable performance at the MPP itself. However, it 

should be noted that achieving MPP can be easily 

accomplished analytically by the proposed method (equation 

(10)). On the other hand, analytical calculation of MPP in 

SDM is relatively complicated and it is almost impossible for 

DDM and TDM.  For 𝑉 > 𝑉𝑚𝑝 , the piecewise quadratic 

function has the best modelling potential. After the designed 

approach, TDM and DDM has reliable performances, 

respectively. Finally, SDM has noticeably the lowest accuracy 

among all the four modelling methods.  

 

 
Fig. 7. Explicit piecewise quadratic function for 𝑃 − 𝑉 

characteristic at STC. 

 
Fig. 8. Comparison between different approaches for 𝐼 − 𝑉 

characteristic at STC. 

From the above discussion, one can conclude that the 

proposed method represents more reliable and accurate model 

with respect to circuit models at all operating conditions. For 

better insight on the performance of each method some 

quantitative and qualitative analyses are provided in Table 1. 

The quantitative indices are RMSE, maximum absolute current 

error (CMAE), maximum absolute power error (PMAE), 

maximum absolute current error at MPP (CMAE-MPP), and 

maximum absolute power error at MPP (PMAE-MPP). The 

qualitative indices include number of unknown parameters, 

linearity of model with respect to parameters, rate of modelling, 

complexity, and reliability. 

   

TABLE 1 COMPARISON BETWEEN DIFFERENT PV 

MODELLING APPROCHES 

Comparison 

indices 

Proposed 

method 
SDM [13] 

DDM 

[15] 

TDM 

[19] 

RMSE  0.0068 0.1777 0.0628 0.0189 

CMAE  0.0187 0.5151 0.1208 0.0554 

CMAE-MPP  9.7e-04 0.0077 6.7e-04 3.2e-05 
PMAE  0.5298 15.7651 3.8250 1.6962 

PMAE-MPP 0.0255 0.2017 0.0176 8.4e-04 
Parameters 

No.  
12 5 7 9 

Complexity Very low Low High 
Very 
high 

Convexity  Yes No No No 

Simulation 
time 

Very low Low High 
Very 
high 

Linear in 

parameters 
Yes No No No  

 

It can be observed from Table 1 that the piecewise quadratic 

model has the highest accuracy among all the other methods 

considering the whole operating condition. However, at MPP 

specifically, DDM and TDM lead to more accurate model. But 

as previously discussed, analytical calculation of MPP from 

DDM and TDM is almost impossible. Hence, this specific 

preciseness is ineffective in practice.  

From qualitative points of view, the proposed approach 

results into a model with very low complexity regardless of its 

12 number of unknown parameters. Unlike the circuit models, 

the piecewise quadratic model is represented linear with 

respect to its parameters. Hence, it is easy to obtain the 

unknown parameters with common techniques such as linear 

least square. By the assumption of the known parameters, the 

simulated 𝐼 − 𝑉 curve from the piecewise quadratic function 

can be rapidly generated in MATLAB environment. However, 

numerical simulation of 𝐼 − 𝑉  curves for circuit models is 

much slower. Therefore, the piecewise quadratic model is 

highly desirable for real time applications of PV systems such 

as MPPT and fault detection. Moreover, the solution of 

estimated parameters for the proposed method is unique. On 

the other hand, all the circuit models lead to non-convex 

problems for their parameters’ estimations. In other words, 

they all have non-unique solutions. Hence, the piecewise 

quadratic approach results in more reliable PV model with 

respect to equivalent circuits.   

 



International Journal of Industrial Electronics, Control and Optimization (IECO). 2024, 7(4)             298 

 

 

V. Conclusions 
 

It is important to generate precise and simple model for a 

typical PV module. This task can be accomplished by using the 

measured data form 𝐼 − 𝑉  characteristic. Although the 

equivalent circuits are popular modeling approaches, they 

result in models with an implicit mathematical structure and 

nonlinear in parameters forms. Hence, this leads to a highly 

complex, nonlinear, and non-convex model, in which the 

unknown parameter estimation is difficult and time consuming. 

These disadvantages may reduce the application of these 

equivalent circuits, in practice.  

In this work, a piecewise quadratic function including four 

different quadratic functions is generated from the measured 

𝐼 − 𝑉 data at standard test condition (STC). The interval of 

each quadratic function is selected such that, the derived model 

is accurate and relatively simple. One of the intervals is 

allocated only to the MPP and its small neighboring. Hence, 

the generated model has high reliability at MPP and it is 

suitable for model-based maximum power point tracking 

algorithms. Moreover, the extracted model has high 

preciseness in all other operating conditions, verified 

by𝑅𝑀𝑆𝐸 = 0.0068 . Besides, the generated model has an 

explicit mathematical structure where all the parameters 

appear in the linear mathematical form. These advantages lead 

to a model which is desirable for maximum power point 

tracking, monitoring, and fault detection. Finally, one 

suggestion was provided to extend the derived model to the 

other ambient conditions through utilization of ANN. 
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