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Abstract - This paper presents a new method to identify the operating performance 

parameters of a photovoltaic (PV) generator and a grid connected inverter. This method 

has been applied to the behavior modeling and simulation of the grid connected PV 

system at the Centre de Developpement des Energies Renouvelables (CDER) in Algeria. 

The PV module (PVM) parameters has been identified in static with outdoor 

measurements of I-V curves in order to model the PV array generation. Using the Linear 

Reoriented Coordinates Method (LRCM), the prediction of maximum power point (MPP) 

of the PV array has been performed without using complicate approximations or Taylor 

series. In order to estimate the ac output power, a PV inverter performance model based 

on empirical relationship was used. However, an accurate identification of the inverter 

performance parameters is performed using an optimization algorithm, named 

Levenberg-Marquardt (LM) algorithm, and a moutput current and voltage. The 

simulation results were achieved through MATLAB/Simulink environment, for the setting 

and the testing of the models. The results show a good agreement between the measured 

and estimated results based on the identified parameters. The integration of the proposed 

method and the presented model present a simple way to estimate the expected system 

performance with a high degree of accuracy. This solution allows a development of 

automatic supervision, energy generation prediction and fault detection procedure. 

Résumé - Le présent article présente une nouvelle méthode d’identification des 

paramètres de performances opérationnelles d’un générateur photovoltaique (PV) et d’un 

onduleur connecté au réseau. Cette méthode a été appliquée à la modélisation et la 

simulation du comportement du système PV connecté au réseau du Centre de 

développement des énergies renouvelables (CDER) en Algérie. Les paramètres des 

modules PV (MPV) ont été identifiés en mode statique avec mesures en extérieur des 

courbes I-V dans le but de modéliser la génération des surfaces PV. En utilisant la 

méthode des coordonnées linéaires réorientées (Linear reoriented coordinates method 

LRCM), la prédiction du point de puissance maximale (maximum power point MPP) des 

panneaux PV a été effectuée sans avoir recours à des approximation complexes ou des 

séries de Taylor. Dans le but d’estimer la puissance AC de sortie, un modèle de 

performance d’un onduleur PV basé sur des relations empirique a été utilisé. Les 

paramètres de performances de l’onduleur ont toutefois été déterminés avec une plus 

grande précision en utilisant l’algorithme d’optimisation de Levenberg-Maquardt (LM). 

Les résultats des simulations des modèles ont été obtenues en utilisant l’environnement 

Matlab/Simulink. Les résultats mesurés sont en accord avec ceux qui ont été estimés à 

partir des paramètres identifiés. L’intégration de la méthode et du modèle proposés 

présente une manière simple d’estimer les performances d’un système avec une précision 

élevée. Cette solution permettrait le développement de mesures de supervision 

automatisées, de procédures de prédiction de l’énergie qui sera générée et de la détection 

de pannes. 
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1. INTRODUCTION 

Algeria has created a green momentum by launching an ambitious program with an 

aim of developing renewable energies. This strategic choice is motivated by the huge 

availability potential of solar irradiation in our country, the decrease of the photovoltaic 

(PV) module price and environmental considerations. The use of renewable energy 

should reach 30 % of national electricity production by 2030, essentially PV solar 

energy (60 %) according to the latest updated National Renewable Energy Program 

(2015-2030). 

The amount of small PV systems (< 5 kWp) in the distribution network and in the 

urban context is expected to grow rapidly. The reduction of PV generation costs and the 

integration of grid connected PV systems are main reasons of this trend [1-5].  

However, the performance of PV modules (PVMs) do not reach the desired levels as 

expected because of some obstacles (e.g. chimneys, antennas, trees, and snows) or 

because the modules are not optimally oriented toward the sunlight. Therefore, these 

circumstances may cause partial shading on different subsections of PVMs, so that they 

operate under mismatching conditions [6].  

Although there is a high growth in PV industry, this development has not been 

implemented in diagnosis, supervision and fault detection of PV systems, especially in 

small PV plants having output power levels below than 25 kWp [7]. 

For this reason, the system behavior should be observed, hence the important issue 

of the monitoring of the PV systems. Furthermore, the most fault detection algorithms 

reported in the literature follow the idea of comparing monitored data from the PV 

system with model prediction results to identify faults when significant differences are 

observed between the two sets of data [8-11]. Furthermore, the accuracy and versatility 

of the prediction models depends on the exactitude of the parameters used by these. 

In this work, we report a simple way to identify the operating performance 

parameters of a photovoltaic (PV) generator and a grid connected inverter. The behavior 

modeling and simulation is performed for the grid connected PV system at the Centre 

de Developpement des Energies Renouvelables (CDER) in Algeria. It is the first 

installed PV grid connected system for experimentation and performance evaluation 

purpose. 

The PVM forming part of the whole PV array is modeled by behavioral model using 

the electrical characteristics usually provided by the manufacturer. They are never the 

same, their evaluation in real operating condition is essential for a good estimation of 

PV array output. In fact, we conducted parameters identification based on outdoor 

characterisation of selected PVMs. The estimated I-V characteristics based using 

identified parameters are confronted with measured values under Matlab environment.  

For the dynamic behaviour of the PV array, a maximum power point tracking 

(MPPT) algorithm is required. There are different algorithms that need the use of long 

and tedious iterations. The use of Linear Reoriented Coordinates Method (LRCM) as 

MPPT algorithm is very simple and powerful to continuously predict the maximum 

power point (MPP), particularly during shading effect and sudden variations in solar 

irradiance. The assessment of measured and estimated values is discussed.  

The PV power conversion (dc/ac) is modeled by an inverter performance model 

developed by Sandia National Laboratories, applicable to all commercial inverters used 

in PV power systems. It is an empirical model that simply but accurately replicates the 

power delivery characteristics of the dc- to ac-inversion process. 
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The accuracy depends on available data for determining the performance parameters 

used in the model. Therefore an identification of these parameters is performed using an 

optimization algorithm and a measured electrical data. 

The pursued steps to develop a behaviour al model based on several techniques of 

extraction parameters, allows a more realistic simulation of the PV systems in real 

operating conditions. This method it is a simple and powerful way to perform an 

automatic supervision, a prediction of PV generation and a fault detection procedure. 

2. PV SYSTEM DESCRIPTION 

The grid-connected PV system plan, currently in service, was achieved in 

cooperation with the Spanish Agency for International Development Cooperation 

(AECID). The installation is located at ‘Centre de Développement des Energies 

Renouvelables’, (CDER) in Bouzaréah, Algiers (latitude 36.8 °N, longitude 3 °E and 

345 m of altitude). It started operating on June 2004, the installation operate without 

storage system. The electricity produced by the PV array feeds our laboratory loads, 

meanwhile in case of good weather conditions the extra PV generation is injected into 

the grid, otherwise, the backup is assured by the grid. 

 
Fig. 1: Grid-connected PV-system of CDER 

Figure 1 shows a diagram of the CDER grid-connected PV system. The electrical 

energy is calculated through single-phase and tree-phase energy meters. Unidirectional 

meters for the PV energy and bidirectional meters for the imported and exported energy 

to the grid.  

The grid-connected PV system includes 90 modules covering a total area of 76 m2 

with an installed capacity of 9.45 kWp. The PV generator was designed in three equal 

PV arrays, of 30 modules for rated power around 3.15 kWp; each one was built 

interconnecting 15 modules in series and 2 in parallel. 

Three single-phase inverters, of 2.5 kWp nominal power, were used to inject PV 

generation to the grid. The specification of PVM (ISOFOTON I -106/12) and inverter 

(FRONIUS IG 30) are summarized in Tables 1 and 2. 
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Table 1: ISOFOTON PV module specifications at STC 

 

Table 2: FRONIUS inverter specifications at rated conditions 

 

3. PV MODEL 

3.1 PVM performance model  

The following equations define the model used for modeling the PV array. This 

equations describe the electrical performance for individual PVM, and can be scaled for 

any series or parallel combination of PVMs. 

The modeling of PVM performance in the real conditions is complicated by the 

influences of a variety of interactive factors related to the environment and solar cell 

physics. In general, the usual proposed models required additional parameters not 

specified in manufacturer data sheets.  

At the same time, these models can be impractical and too complex for common 

tasks in power systems such as power flow, harmonic analysis, sensitivity analysis and 

load matching for maximum power transferred from the source to the load [12-14]. 

Therefore, we use the analytical performance model of PVM for the distribution power 

generation study. 

The PV array performance model is empirically based and takes into consideration 

the nominal values, provided by the manufacturer data sheet under Standard Test 

Conditions (STC), and the changes and effects of the temperature and the effective 

irradiance over the PVM [15, 16]. The VI relationship for one PVM is given by: 
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x_scI  and x_ocV  can be obtained using equations: 
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ref_scI  and ref_ocV  are the short circuit current and open circuit voltage at STC 

respectively. max_ocV  is the open-circuit voltage at 25°C and more than 1200 W/m2 

(slightly superior to ref_ocV ). cellT  is the solar cell temperature in °C with nominal 

temperature nT = 25°C. iE  is the effective solar irradiation in W/m2 with nominal 

effective solar irradiance inE = 1000 W/m2. cTV  is the temperature coefficient of ocV = 

-0.074 V/°C. iTV  is the temperature coefficient of scI = 0.0023 A/°C. The variable s  is 

the number of PV panels with the same electrical characteristics connected in series and 

p  is the number of PVMs with the same electrical characteristics connected in parallel. 

The characteristic constant b  can be calculated using the Fixed Point Theorem (4). 

The constant b  is defined between 0.01 and 0.18, where smaller is the b , greater is the 

produced power. The variable   is the maximum allowed error to stop the iteration. 
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The PVM model was tested using manufacturer data sheet parameters (Table 1) and 

a  fixed-point theorem algorithm (4) for characteristic constant calculation, 07205.0b  

Figure 2 shows the simulation results of PVM model with the operating temperature 

at 25 °C and the effective irradiance changing level: 200 W/m2, 400 W/m2, 600 W/m2, 

800 W/m2 and 1000 W/m2. The simulated VI  curves are similar to those VI  

characteristics curves provided by the ISOFOTON manufacturer. 

 

Fig. 2: VI  curves of PVM (ISOFOTON I-106 W) under different irradiance levels 

Figure 3 shows simulation results of PVM model under different temperatures of 

operation: 0 °C, 25 °C, 50 °C and 75 °C, with the irradiation level at 1000 W/m2. 
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The effects of changing the irradiance level are more visible than the effects of 

changing temperature over the PVM. At the same time other plots, not provided by the 

manufacturer, can be calculated using this PVM model. 

 
Fig. 3: VI  curves of PVM (ISOFOTON I-106) under different temperatures 

3.2 PVM parameters at real condition of work  

The manufacture parameters induce a significant error in the estimation, because the 

PVMs are already in operation since 2004 and the accuracy of used empirical model 

depends on precision of the required parameters. Therefore, we conducted parameters 

identification for the PVMs based on the outdoor test field.  

The voltage and the current experimental measurements, for the commercial mono-

crystalline solar panels from ISOFOTON I-106/12, were performed at CDER (Algiers) 

at maximum intensity light. 

A Peak Power Measuring Device and Curve Tracer for PV Modules (PVPM2540C) 

was used in order to perform measurement of experimental VI curves, 100 operating 

points were stored for each measure. Through the PVPM 2540C device we were able to 

automatically measure the VI characteristic of the generator at a capacitive load. 

From the measured data, it calculates the effective solar cell characteristic, Peak Power 

and Internal Series Resistance, [17]. After measurement, the data are stored 

automatically in a non-volatile storage. The device internally stores data of more than 

100 measurements. 

A several outdoor measurements were performed in situ. The average value of each 

identified parameter is used in the PVM model, as summarized in Table 3. ref_mppI  and 

ref_mppV  are the MPP current and voltage at STC respectively.  

The characteristic constant b  was re-evaluated using real conditions parameters 

specified in Table 3, b  equal to 0.098. This indicates the decrease over time of the 

PVM performances. 

Table 3: Parameters at reference and real conditions 
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3.3 Model validation  

The data confrontation between the PVM model using extracted parameters and 

experimental measures was conducted under Matlab environment. The results at 

different irradiance and temperature conditions are shown in Figures 4 and 5. We 

observe how accurate the PVM model estimation compared to the measured data. 

However, it’s observed that the open-circuit voltage ( ocV ) is under estimated. This 

seems to be principally due to the accuracy of vTC  value, not reviewed in this study. 

 

Fig. 4: Estimated and measured VI  characteristic ( iE =1000 W/m2, cellT = 32, 34 °C) 

 

Fig. 5: Estimated and measured VI  characteristic ( iE =890 W/m2, cellT = 50, 34°C) 

4. PV ARRAY 

4.1 Dynamic behaviour of PV array 

The MPPT algorithms are different versions of numerical iterations, long and 

tedious, that relate the derivative of the current with respect to the voltage equaled to the 

negative of the current divided by the voltage [12]. Unlike the use of The Linear 

Reoriented Coordinates Method (LRCM) as MPPT algorithm can be a very powerful 

and simple way to approximate the maximum power. 

For the assessment of the PV array dynamic behaviour, the MPPT algorithm 

(LRCM) was combined with PV array performance model using the identified 

parameters as described previously. 

LRCM uses the PV array model (1) to obtain a close approximation of the VI  

curve knee point. The VI  curve knee point is the MPP defined by maximum current 

mppI  and the maximum voltage mppV , as shown in figure 6, [18, 19]. 

Using the initial and final values of the VI  Curve, a linear current equation LI (V) 

can be determined as given in (5). Then the current equation (1) and the linear current 

equation (5) are differentiated and set equal to each other to solve V, as given by (6). 
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The slope of the VI  Curve at the MPP can be approximated to the slope of the linear 

current equation, hence the approximate solution mppV . 
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Fig. 6: VI  curve and LRCM, [10] 
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Using Linear Reoriented Coordinates Method (LRCM) [18, 19], the current and 

voltage equations at the MPP are expressed as follows: 
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Figure 7 shows the simulation of the MPP curve and the VP  curves for different 

effective irradiance levels: 200 W/m2, 400 W/m2, 600 W/m2, 800 W/m2 and 1000 W/m2 

with temperature at 25 °C. The proposed algorithm (LRCM) proves a good performance 

for the tracking of the MPP. 

 
Fig. 7: Simulated VP  curves with MPP under different effective irradiance levels 

4.2 Model validation 

This assessment has been carried out for a PV array of 3.15 kWp, built by two 

parallel connected strings; each one is formed of 15 series connected modules. The solar 

irradiance and cell temperature can be measured and directly used in the developed PV 

array performance model. For measurement of cell temperature, a temperature sensor 



Estimation and monitoring of grid connected PV system generation 

 

285 

(thermocouples) was attached to the back surface of the PVM in field. Also, for the 

measurement of solar radiation a pyranometer on an inclined surface of PV array has 

been installed. 

Figure 8 shows the monitored solar irradiance and cell temperature profiles. The 

data were recorded every 1 minute for two representative days, clear and cloudy days. 

These days were chosen because they represent different weather conditions. 

Figure 9 shows the measured and estimated array voltage at MPP, the result was 

good for a large part of the day. Nonetheless, we can observe a mismatch between the 

estimates and the measured values of MPP voltage during sunrise and sunset of each 

day. It was neglected due to the no impact on the estimated electrical parameters ( mppI  

and mppP ). 

Figure 10 shows the measured and the estimated PV array output power. We 

observe a good agreement between measured and estimated PV array power output. 

Moreover, the mismatch at the sunset of the first day, between 880 and 940 minutes, is 

due to the shading effect, not visible in the second day due to the clouds. The presented 

result in this section, give an experimental validation of the PV array performance 

model, as well the LRCM as a MPPT algorithm. 

 
Fig. 8: Monitored irradiance and temperature 

 
Fig. 9: Comparison between estimated and measured dc voltage at MPP 

 
Fig. 10: Comparison between estimated and measured dc power at MPP 



S. Bouchakour et al. 

 

286 

5. INVERTER MODEL 

In this section, we present an empirical or phenomenological inverter model 

developed at SANDIA National Laboratories. 

It’s simple and can accurately relate the inverter ac-power output to the dc-power 

and the dc-voltage. The model of SANDIA is used for the dynamic behavior of our 

single-phase grid-connected PV inverter, FORNIUS IG30. The inverter model requires 

a setting of its performance parameters (coefficients) under real conditions. 

We note that the inverter’s MPPT effectiveness was not explicitly included in 

SANDIA inverter performance model, because the MPPT effectiveness of most 

inverters manufactured today is quite high, providing 98 to nearly 100% of the energy 

available from the PV array [20]. 

The following equations outline the behavioral inverter model developed by 

SANDIA National Laboratories [20]. As independent variables, the both dc power and 

dc voltage are used to calculate the inverter ac power. The parameters with the “o” 

subscript are constant values that define a reference or nominal operating condition. The 

0C , 1C , 2C  and 3C  are the constant ( of inverter model. The relationship of the 

inverter power output according to dc power and dc voltage is given by: 

   2
dcdcacoac )BP(C)BP()BA(CBA(PP         (9) 

Where,  

 )VV(C1PA dcodc1dco          (10) 

 )VV(C1PB dcodc2so          (11) 

 )VV(C1CC dcodc30          (12) 

5.1 Determination of inverter performance parameters  

The accuracy of the inverter estimated model, defined in equations (9) through (12), 

depends on the precision of the used performance parameters.  

The used default or initial parameters are obtained from the manufacturer data sheets 

and the measurements conducted at SANDIA National Laboratories and at laboratories 

supporting the solar programs of the California Energy Commission (SANDIA, CEC, 

Spec…).  

The instantaneous measurements were recorded as true root mean square (TRMS) of 

ac voltage/ current and dc voltage/ current under two days period including both clear 

and cloudy weather conditions. 

The performance parameters are identified using optimization algorithm, called 

Levenberg-Marquardt (LM) algorithm. It is the reference algorithm for the Nonlinear 

Least Squares Minimization and the most widely used optimization algorithm [20, 21]. 

The LM algorithm is available via the Optimization Toolbox of Matlab. The toolbox 

includes routines for many types of optimization. 

The optimization method allows us to build accurate model of our inverter based on 

measured data, this by adjusting the performances parameters within a model until its 

output coincides as well as possible with the measured output.  

Table 4 shows the default and the identified inverter performance parameters using 

LM algorithm under optimization toolbox of Matlab. 

5.2 Model validation  

The following results show the comparison between the estimated and measured 

inverter output power under different weather conditions. In figures 11 and 12, the 
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inverter performance parameters were defined using SANDIA database and LM 

algorithm identification respectively.  

The assessment of these results finds a significant error in output power estimation 

using defaults performance parameters (SANDIA). In addition we observe that the error 

was more important when the inverter was operating at its peak dc power limit (figure 

11). However, the LM identification of the performance parameters allowed us to 

reduce the error of estimated output power and to improve more accuracy of the inverter 

performance model. Also, we can clearly diagnose the shading effect around the 900 

minutes. 

Table 4: Default and identified inverter parameters values 

 

 
Fig. 11: Comparison between estimated and measured ac power, 

using the default performance parameters 

 
Fig. 12: Comparison between estimated and measured ac power, 

using the identified performance parameters 

6. PHOTOVOLTAIC SYSTEM PERFORMANCE MODEL 

The both adapted models of the PV array and inverter were combined in a global 

model in order to give the real time dynamic behavior of our grid-connected PV system. 

Furthermore, using a forecast weather conditions we can predict the PV system 

generation. 
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Figure 13 shows the monitored and estimated PV system output power for different 

days of the year. The selected days are: June 15th, July 23rd & 26th, August 10th and 

September 03rd to 05th.  

Except the July days, we observed a good agreement between estimated and 

measured generated PV power within tolerated error limits. These essentially caused by 

the measurement and the unidentified PV system parameters ( vTC , iTC , etc...). 

During the days of July, we can clearly diagnose the simulated fault, where the one 

branch of the PV array was disconnected inducing the loss of half of the generated 

power. It’s clearly distinguished at peak solar radiation time of July 23rd, the expected 

power is slightly higher to 2 kW and the measured power is less than half (i. e. slightly 

higher to 1 kW) 

 
Fig. 13: Monitored and estimated grid connected PV system output power 

The presented results have shown the capability of developed grid-connected PV 

system model to evaluate the efficiency, the potential and the diagnostic of some faults 

such as the shading and abnormally decrease of the generated power. 

7. CONCLUSION 

In this work, we have presented a new method to identify the operating performance 

parameters of the main part of the PV system. 

However, the identified PVM parameter of the presented model, based on outdoor 

measurement of the VI  curve, offers a good degree of accuracy. 

Using LRCM as MPPT algorithm allows a robust and simple technique to evaluate 

the dynamic behavior of the PV array and the inverter MPPT. Especially, during 

shading and sudden variation of solar irradiation. 

The inverter model has been validated, using both the input/ output measurements 

and the optimization Toolbox of Matlab to identify the performance parameters.  

Finally, the simulation of the whole system provides a significant improvement in the 

ability to analyze the PV system performance, monitoring of commercial inverters and 

PV generators, and diagnose causes of system performance degradation. 
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