

  energies-11-00603




energies-11-00603







Energies 2018, 11(3), 603; doi:10.3390/en11030603




Article



A Hysteresis Model for Fixed and Sun Tracking Solar PV Power Generation Systems



Ümmühan Başaran Filik *, Tansu Filik[image: Orcid] and Ömer Nezih Gerek[image: Orcid]





Department of Electrical and Electronics Engineering, Anadolu University, TR-26555 Eskişehir, Turkey









*



Correspondence: ubasaran@anadolu.edu.tr; Tel.: +90-222-335-0580







Received: 15 January 2018 / Accepted: 26 February 2018 / Published: 9 March 2018



Abstract

:

In this study, a new solar photovoltaic (PV) panel output power model is proposed. The model is constructed as a function of ambient temperature and solar radiations for two types (fixed panel and sun tracking panel) of PV systems. The proposed models are tested and verified on the Renewable Energy Research Home (RERH) system that was installed at the Anadolu University campus in Eskişehir, Turkey. The model is deliberately constructed for the winter season, where cloudliness, rain and snow constitute more challenging conditions for modeling. The developed model outcomes are compared to the outputs of state of the art methods that use global solar radiation and temperature data. A total of eight algebraic models are constructed for the purpose of depicting the solar radiation-to-electric power behavior. It is observed that even the least successful one of these eight variants are performing better than the most accurate method in the literature. It is argued that mathematical incorporation of the proposed novel hysteresis functions to the solar radiation-to-power conversion curves results in a richer class of functions and causes a significant accuracy improvement on the mathematical power generation model, even for the most challenging season of winter.
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1. Introduction


Alternative energy sources are of great importance in the world in order to reduce hydrocarbon dependency in electricity generation. Being a sustainable, emission-free and cost effective source, the share of solar energy inside the overall electricity generation is rapidly increasing. PV systems have become widespread in recent years [1]. In order to use the solar energy sources reliably in grid operations, it is important to forecast accurately the total electricity generated from the PV system in order to realize planning of a PV system under different environmental conditions. With an accurate estimation of the total power generated from the solar system, it is possible to perform efficient energy analysis in order to meet the required energy demand. Consequently, it becomes possible to help grid operators manage the power balance between electricity demand and supply. Especially in applications such as optimum bidding [2] and sizing of energy storage [3] for microgrids, the accurate maximum power output of solar PV panels are required. In the literature, different studies have been carried out regarding the estimation methods for solar electricity generation. In general, these methods are divided into three basic groups as (i) physical; (ii) statistical and (iii) hybrid methods [4]. Physical models use global solar radiation, ambient temperature, relative humidity and some other outdoor weather parameters [5,6]; statistical techniques use past recorded data to model linear time series via related characteristics of the past days [7,8,9]. Hybrid models were developed to combine two or more models in order to avoid the disadvantages of a single model [10,11,12]. Some heuristic approaches based on artificial intelligence were also applied to forecast energy generation successfully [13,14,15,16,17,18]. The most commonly used (and accepted as state of the art in several applications) maximum power output model uses global solar radiation and ambient temperature values as input parameters to the forecasting function [2,3,19,20]. The expected global solar radiation value on PV panels at a certain time can be calculated/estimated by the locations and orientations of the panels [5]. However, due to the high uncertainty on the variation of climatic conditions in any specified region, it is quite difficult to predict the solar radiation on PV panels. Several attempts exist for forecasting global solar radiation [21,22,23,24,25,26,27,28,29,30,31].



The efficiency of PV panels and the unavoidable system losses directly affect the power output. Unfortunately, losses and efficiency of the overall system are not static. Unavoidably, they deteriorate in the long run by aging. More importantly, they show shorter performance variations due to changing ambient temperatures. PV panels’ current-voltage (I-V) curves depend on both solar radiation and temperature [32]. It is also reported that panel electricity generation depends on whether parameters such as humidity, wind speed/direction, etc. [33]. These parameters are naturally time varying and have nonlinear relations to output power values. Even if global solar radiation and temperature values are known, the used output power model in [3] for PV panels is insufficient when compared with real measurements. In our previous study [34], we observed that a certain solar radiation value causes the generation of different electric power values depending on whether the same radiation value appears in the morning or in the afternoon. In [34] we propose that this difference in the morning and afternoon radiation-to-power generation efficiencies can be modeled as a piece-wise time-dependent function with three parts (corresponding to morning, noon and afternoon times). In that work, each piece-wise part was modeled a 2nd order function of the solar radiation. According to that model, it was concluded that the global solar radiation-to-energy conversion phenomenon is not only non-linear, but it also has a strong time-varying characteristic. In Section 3, it is illustrated that the solar radiation-to-power conversion function requires a time varying model that exhibits a hysteresis behavior on the conversion curve. In general, the term hysteresis is used for describing systems that exhibit a history-dependent behavior causing a change (usually a lag) in the output of a function to input values. More precisely, hysteresis is defined as “the phenomenon in which the value of a physical property lags behind changes in the effect causing it” [35]. This phenomenon is encountered in a rich class of disciplines, ranging from chemistry to engineering, from biology to even economics [35]. A related hysteresis phenomenon was encountered in solar cells, where an anomalous hysteresis phenomena was observed in the current-voltage curves due to their temperature dependency [36,37]. In this study, the characteristics of the solar radiation-to-power conversion of PV panels are considered. According to the above hysteresis definition [35], the physical property of the system is taken as electric energy (voltaic output) and the “effect causing it” is taken as solar radiation (photons), hence the name of the device: photo-voltaic panel. In our recent studes, it was observed that, when the input is considered as solar radiation, the output (electricity) shows a lag, indicating a hysteresis behavior [34]. An example of this lag phenomenon is illustrated in Figure 6a. Since the lag occurs in the morning times (where the weather is usually colder) and is compensated in the afternoon (where the weather gets warmer), the hysteresis is mostly attributed to the temperature dependency of the solar cells. Nonetheless, as long as the input is considered as the solar radiation and the output is taken as the electrical energy, the conversion corresponds to a hysteresis curve. Furthermore, although classical models already incorporate temperature together with solar radiation values, those models are unable to exhibit the lag shape in the solar radiation to electricity curves, as will be presented in Section 3.



Extending the idea in [34], this study proposes a new PV panel output power modeling strategy, which is based on real measurements. The model is constructed for both fixed and sun tracking PV systems. It is argued that the hysteresis shape is due to the ambient temperature variation difference in the morning (when the weather and the PV panel are cold) and afternoon (when the PV panel is already warm). In order to construct an accurate model, pyranometer and temperature measurements are recorded (in one-second intervals) with the corresponding inverter power outputs of both the fixed and sun tracking PV panels throughout the whole winter season from our Renewable Energy Research Home (RERH) system. We have deliberately chosen to handle the winter season, since it is expected to be more difficult to follow the weather changes in this season due to abrupt changes in cloudiness and precipitation values as compared to other seasons. We observed that the time varying hysteresis effect of the conversion curve shows a higher fluctuation than in summer days. It was also observed that the conversion curves are significantly different for cases of sun tracking and fixed PV systems. After conducting a numerous set of experiments, we proposed eight new models consisting of addition and multiplication of 1st and 2nd order functions of both the global solar radiation and ambient temperature values. For the model used in our previous study, a piecewise model was introduced because a single mathematical function could not be obtained using only the solar radiation, whereas in this study, it was possible to obtain a unified mathematical function. The results are compared with the state-of-the-art models. It is observed that all of the eight proposed models show more accurate results than the best model available in the literature. It is concluded that since the previous models in the literature do not consider modeling the hysteresis relation between solar radiation and output power, the proposed models retain a clear advantage. Since other state-of-the-art methods also require a period for data collection for modeling, the proposed method is claimed to be a successful alternative for radiation-to-power conversion modeling.



In the remaining parts of the paper, we start by describing our RERH system, where our data collection takes place. Then we explain the PV power generation observations to continue with our proposed hysteresis model. Eight different models are explained as an attempt to describe the hysteresis effect and their accuracies are presented. The paper ends by concluding that the mean absolute error (MAE) of our models (in conversion value) goes down to 1.28 as opposed to the minimum value of 4.87 that can be achieved by the current state-of-the-art model in the literature.




2. Description and Representation of the Solar System


The Renewable Energy Research Home (RERH) that was installed at Anadolu University İki Eylul Campus in Eskişehir, Turkey, consists of hybrid renewable energy generation units, various sensors, a data logger system, and an energy management system. Renewable energy generation and monitoring system consists of both on-grid and off-grid connected fixed and sun tracking solar PV panels on the roof and on the ground (a photograph is shown in Figure 1). The RERH is located in 39.78 latitude, 30.52 longitude at 794 m altitude.



The hybrid renewable generation system consists of 39 solar PV panels (3 kW ground fixed, 3 kW sun tracking and 4 kW roof-mounted) with 260 W for each panel and a 2.4 kW wind turbine with wireless two-way interface remote system. Roof-mounted solar panels are grid connected (on-grid) and the other fixed and sun tracking panels with equal capacity are off-grid (battery connected). The single axis sun tracking platform’s technical specifications can be summarized as; single axis, 90    ∘    tracking angle along east-west, robust hot zinc-coated steel frame, ground installation on concrete foundation, stainless steel module fixings, maintenance-free DC linear drive, sensorless control, and self-powered with very low energy consumption. The electrical connections of all on/off inverters and batteries are designed as given in Figure 2.



A full weather measurement station with calibrated and precise sensors, and a real time data logging system is installed in the RERH. The weather measurement station includes a global radiation, direct radiation, diffuse radiation, sunshine duration, ambient temperature, cell temperature, ambient air humidity, wind speed, wind direction and weather pressure sensors as shown in Figure 3a. The acquired parameters are recorded in 1-s intervals using the data logging system depicted in Figure 3b. These high-rate recordings are then synchronized to the energy consumption intervals.



The technical specifications of the utilized pyranometer for solar radiation measurements are summarized in Table 1.



In the system, an on-grid inverter converts the variable direct current (DC) output of the PV solar panels into a utility frequency alternating current (AC) as shown in Figure 4. In the same figure, a solar log device also appears for observing and recording the total electricity generation values of both fixed and sun tracking PV panels separately as MPPT    1    and MPPT    2   .




3. Solar PV Power Generation Models


In solar PV systems, the available global solar radiation (sun light) is converted into electricity using PV panels and inverters. The most commonly used (classical) model for estimating the conversion rate of solar radiation value into generated electricity power for maximum power point is empirically expressed in [3,19] as,


   P ( t ) = η A G ( t ) ( 1 − 0.005 ( T ( t ) − 25 ) )   



(1)




where A is the total panel area (m    2   ),   η   is the system efficiency (%),    G ( t )    is the time-varying global solar radiation value (Watt/m    2   ) and    T ( t )    is the ambient temperature value (    ∘   C) at time, t. There are some variations to this empirical model in the literature, including [5,7,10,14], yet this model is widely used in most applications, therefore this model is used as a benchmark for comparing our model results.



In order to test this model and construct an alternative one, our RERH system simultaneously recorded solar radiation values (W/m    2   ), temperature (    ∘   C) and the corresponding actual output power throughout the days of the whole year. As a reference, averaged (for the winter days) global solar radiation values and fixed and sun-tracking PV panel output power values are shown in Figure 5a–c, respectively. It can be seen that, due to high variation of weather parameters (such as cloudiness, shading, etc.), the PV output values exhibit large fluctuations. Day-wise averaged ambient temperature values in winter are also given in Figure 5d.



In order to observe the time-varying relation of solar radiation (and of temperature) to the output power, these data are sequentially presented in Figure 6a,b. The interesting plot in Figure 6a indicates that, even at the same solar radiation levels, (say, 300 W/m    2   ), different output powers are generated according to the time of the day. This may be clearly attributed to the warming-up of the panels; the morning hours at the same solar radiation level are usually colder as compared to the afternoon hours at the same solar radiation intensity. As a dual of this situation, from Figure 6b, it can be seen that even at the same temperature levels, different power output levels are observed this time due to the different solar radiations at the same temperatures. The common observation for both of these plots is the time-varying hysteresis behavior. In a previous work by the authors [34], this phenomenon was mentioned for the first time. In [34], the hysteresis behavior was attempted to be modeled using a 3-piece model (corresponding to morning, noon and afternoon). Since the hysteresis behavior of the temperature to output power relation was not noticed in that work, the temperature parameter was left out of the model. In this work, due to the observation in Figure 6b, the temperature values are added into the model and accurate conversion estimates are obtained.



The solar output values in Figure 6 show results of the 12 PV panels (each with 260 W capacity). During construction of the models, the values are scaled (or normalized) to eliminate effects of efficiency, losses and total panel area parameters. Hence, power values at the inverter output per m    2    are obtained for the PV panels with recorded solar radiation and temperature point at maximum power point tracking (MPPT) mode. PV panels are open-air systems, therefore the lag of the output electrical energy production is attributed to the temperature dependency of the solar cells (yielding better efficiencies at the warmer temperatures of the afternoon). This model merely proposes a curve matching approach to the overall solar radiation-to-electric power phenomenon. The incapability of the classical model (which already incorporates the temperature in its conversion model) in Figure 8 implies that the presented lag may be caused by a more complicated heat dependence model or a different physical property, which requires deeper chemical and material analysis.



Figure 7 presents the differences between the actual and previous model’s conversion points at different times of the day (averaged for the winter season) for fixed and sun-tracking systems. The 45    ∘    line is indicated as the efficiency line (which is the expected conversion according to the specifications of the panel), and the previous (classical) model output is rendered with a red line. The efficiency line for the sun-tracking system seems to underestimate the conversion. It can also be seen that the available classical model only marginally minimizes the model error (due to not considering the proposed lag effect). The time-wise blue dots render a deviation from the classical model (meaning a time-varying efficiency) lines, indicating a visible hysteresis effect.



The classical model that is shown as the red lines in Figure 7 corresponds to the normalized version of Equation (1), which can be re-written as:


   P ( t ) = η G ( t ) ( 1 + 0.12 T ( t ) ) ,   



(2)




where    P ( t )    is the model output of the power,    G ( t )    is the global solar radiation measured throughout winter days and    T ( t )    is the temperature. Here,   η   is calculated separately for the fixed and sun-tracking systems to minimize the model error in the least square sense. It can be seen that the available classical model can only produce a daily average regression, and fails to track the instantaneous time variation of the actual output power values. Many of the available optimization efforts focus on better estimation of the efficiency line, while not considering the mentioned time-wise variations. The experimental data used herein can be accessed from the link in [38].



The proposed idea is a novel attempt to consider the instantaneous variations of the conversion curve. It is argued that the conversion figure exhibits a hysteresis behavior, which needs to be modeled separately for fixed and sun-tracking systems (as will be explained in the next section). The improvement in such a model is expected to have significance in applications which require instantaneous production estimations, such as bidding.




4. Hysteresis Models for PV Power Generation


As explained in the previous sections and as can be seen from Figure 6 and Figure 7, actual radiation-to-power conversion data needs an accurate model to handle time variations. In our previous study [34], it was observed that the global solar radiation-to-energy conversion phenomenon is not only non-linear, but it also has a strong time-varying characteristic. The hysteresis phenomenon is graphically illustrated in Figure 8a. The classical model is also illustrated in Figure 8b. The close-to-linear behavior of the classical model renders it difficult to depict the proposed hysteresis behavior.



In this section, novel models are proposed which are trained from real temperature, radiation and power data to depict the time-varying behavior using a single analytic expression. Two main approaches are proposed to achieve the best accuracy: additive and multiplicative:


    F A   (  p 1  ,  p 2  )  =  f T   (  p 1  )  +  f G   (  p 2  )    



(3)






    F B   (  p 1  ,  p 2  )  =  f T   (  p 1  )  ×  f G   (  p 2  )    



(4)




where     f T   (  p 1  )     is the    p 1  t h     order polynomial temperature function such as


    f T   (  p 1  )  =  a 1  +  a 2  T  ( t )  + …  a   p 1  + 1    T  p 1    ( t )    



(5)




and     f G   (  p 2  )     is the    p 2  t h     order polynomial global radiation function such as


    f G   (  p 2  )  =  b 1  +  b 2  G  ( t )  + …  b   p 2  + 1    T  p 2    ( t )  .   



(6)







In the polynomial expressions,     {  a i  }   i = 1    p 1  + 1     and     {  b j  }   j = 1    p 2  + 1     are real valued coefficients for the additive model. In order not to confuse with the multiplicative model parameters, a new set of polynomial coefficients of     {  c i  }   i = 1    p 1  + 1     are used in the multiplicative model. High order polynomials are tested as models for the first time in the literature. In order to find the best fitting additive and multiplicative models with minimum order, eight different order levels are tested and presented in Table 2. It is, of course, possible to increase the order (   p 1    and    p 2   ) for the proposed models. However, in order to avoid overfitting, quadratic upper limits are proposed for    T ( t )    and    G ( t )   .



The coefficients are optimized and the models are verified using data from east-west sun tracking and fixed solar PV panels throughout the winter season (the data is shared publicly in [38]). The coefficient optimization was performed in a least square sense. Detailed lists of model coefficients are given in Table 3, Table 4 and Table 5. The values of the corresponding coefficients that were optimized according to the minimum root mean square error (RMSE) and mean absolute error (MAE) are presented in Table 6. The utilized definitions of RMSE and MAE are given in Equations (7) and (8):


   RMSE =    1 N   ∑  t = 1   t = N     ( P  ( t )  −  F  A , B    ( t )  )  2      



(7)






   MAE =  1 N   ∑  t = 1   t = N    | P  ( t )  −  F  A , B    ( t )  |    



(8)




where    P ( t )    is the measured real panel output power and     F  A , B    ( t )     is proposed model power output value with N being the total averaged data points. All of the optimized models are plotted together with the real input data in Figure 9.



According to the error values in Table 6 and Figure 9, an immediate observation is that the multiplicative model     F B   ( 2 , 2 )     yields the best results, while all the proposed methods already outperform the available classical model in terms of accuracy (which was shown as the last column with a label of [2,3,19,20]). Therefore, this model (    F B   ( 2 , 2 )    ) is separately plotted for fixed and sun tracking cases in model Figure 10a,b. In both of the figures, it can be seen that the model curves successfully track actual data.



Considering that all of the presented methods (including the classical model) require a data collection period for parameter optimization, it is claimed that the proposed models have a clear advantage in minimizing the model error by successfully revealing the time-varying hysteresis behavior. Another advantage of the proposed model is that, unlike the previous hysteresis attempt in [34], these polynomial functions (i) are single analytical (not piecewise) and (ii) consider temperature information for greater accuracy.



As a conclusion of these numerical studies, it is argued that the proposed models significantly improve the accuracy of power output conversion value, which is critical in applications that require optimum bidding strategy [2].




5. Conclusions


Due to the importance of optimal bidding in current and future smart grid applications, accurate estimation of instantaneous power from available solar panels remains to be an important and active problem. This study presents a novel approach for solar radiation-to-power output conversion by observing a time-varying behavior of real life conversion data from the RERH system on our campus. The classical state-of-the-art model only considers a linear relation between ambient temperature/solar radiation and output power, disabling the possibility of incorporating the eminent hysteresis behavior which causes a time variation in the conversion. In this work, various models are proposed to enable the system to incorporate a time varying relation of the solar radiation-to-power conversion. The proposed models naturally provide a superset of the classical models. It can be noticed that, for instance, if we set    c 1    and    c 2    in Model B-1 to zero,     c 3  = η    and    c 4    to    0.12 × η   , we obtain the classical model. Therefore, the conversion modeling accuracy of the proposed models are always expected to perform at least as good as (and, in most cases, better than) the classical model. In order to emphasize the advantage of the proposed model, the winter season is chosen as the data observation period, which shows greater variations in weather conditions. The RERH system was active with several sensors that record the data at high sampling rates (mostly 1 sample/s). Similarly, the output power production was also monitored, therefore real conversion values were obtained. When the conversion values are plotted on the solar radiation vs. output power axis, the hysteresis curve became clear. By using polynomial models to depict the effect of solar radiation and temperature in a time-varying manner, eight model candidates were obtained. Interestingly, each of these models individually outperform the classical model, both in fixed and sun-tracking PV cases, with the multiplicative model (    F B   ( 2 , 2 )    ) achieving the best accuracy. As in the case of the other state-of-the-art methods, the proposed model parameters need to be trained according to the data acquired from the installation plant. Since the test of the system accuracy is performed on a central location inside Anatolia, geographically similar locations (around the same latitudes, such as many places in Europe, Middle East-to-Japan and USA) are expected to yield similar solar radiation-to-power conversion values, enabling the proposed methods to outperform the classical conversion models. It remains an interesting problem to verify these models at different geographical locations (i.e., tropic rain forests, deserts or arctic regions), yet the ability of revealing a rich class of conversion curves (including the hysteresis curves) renders the proposed method a strong and plausible alternative to existing conversion models.
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Figure 1. The Renewable Energy Research Home (RERH) at Anadolu University İki Eylul Campus in Eskişehir, Turkey. 
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Figure 2. The electrical connections of all on/off grid inverters and batteries. 
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Figure 3. (a) Sensors of the weather measurement station; (b) Screen view of multichannel real time data logging device. 
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Figure 4. On-grid inverter with solar log. 
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Figure 5. (a) Averaged global solar radiation values in winter; (b) Averaged fixed photovoltaic (PV) panel power output values in winter; (c) Averaged output power values of sun tracking PV panels in winter; (d) Averaged ambient temperature values. 
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Figure 6. (a) Solar radiation to output power; (b) Temperature to output power. 
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Figure 7. Measured output power value and corresponding panel output for solar radiation model in (1): (a) Fixed system; (b) Sun-tracking system. 
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Figure 8. (a) Hysteresis curve; (b) Current, state of the art (classical) model. 
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Figure 9. Actual and model output power values: (a) Model A for fixed system; (b) Model A for tracking system; (c) Model B for fixed system; (d) Model B for tracking system. 
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Figure 10. Measured output power value and corresponding panel output for solar radiation for proposed model in     F B   ( 2 , 2 )    : (a) Fixed system; (b) Tracking system. 
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Table 1. Technical specifications of the used pyranometer.






Table 1. Technical specifications of the used pyranometer.





	Specifications
	Value





	ISO 9060 classification
	First Class



	Response time 95% (s)
	18



	Sensitivity (  μ  V/Wm     − 2    )
	Approx. 7∼14



	Impedance (Ω)
	Approx. 20∼40



	Operating temperature range (    ∘   C)
	   − 40    to    + 80   



	Response time 95% (s)
	data



	Irradiance range (W/m    2   )
	0–4000



	Wavelength range
	385 to 3000 nm
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Table 2. Proposed polynomial models for additive    F A    and multiplicative    F B    cases.
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	Model
	Model Function





	Model A-1
	    F A   ( 1 , 1 )  =  a 1  +  a 2  T  ( t )  +  b 1  +  b 2  G  ( t )    



	Model A-2
	    F A   ( 1 , 2 )  =  a 1  +  a 2  T  ( t )  +  b 1  +  b 2  G  ( t )  +  b 3   G 2   ( t )    



	Model A-3
	    F A   ( 2 , 1 )  =  a 1  +  a 2  T  ( t )  +  a 3   T 2   ( t )  +  b 1  +  b 2  G  ( t )    



	Model A-4
	    F A   ( 2 , 2 )  =  a 1  +  a 2  T  ( t )  +  a 3   T 2   ( t )  +  b 1  +  b 2  G  ( t )  +  b 3   G 2   ( t )    



	Model B-1
	    F B   ( 1 , 1 )  =  c 1  +  c 2  T  ( t )  +  c 3  G  ( t )  +  c 4  T  ( t )  G  ( t )    



	Model B-2
	    F B   ( 1 , 2 )  =  c 1  +  c 2  T  ( t )  +  c 3  G  ( t )  +  c 4   G 2   ( t )  +  c 5  T  ( t )  G  ( t )  +  c 6  T  ( t )   G 2   ( t )    



	Model B-3
	    F B   ( 2 , 1 )  =  c 1  +  c 2  T  ( t )  +  c 3  G  ( t )  +  c 4   T 2   ( t )  +  c 5  T  ( t )  G  ( t )  +  c 6  G  ( t )   T 2   ( t )    



	Model B-4
	     F B   ( 2 , 2 )  =  c 1  +  c 2  T  ( t )  +  c 3  G  ( t )  +  c 4  T  ( t )  G  ( t )  +  c 5   T 2   ( t )     +  c 6   G 2   ( t )  +  c 7   T 2   ( t )  G  ( t )  +  c 8  T  ( t )   G 2   ( t )  +  c 9   T 2   ( t )   G 2   ( t )     
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Table 3. Optimal coefficient values for model A both fixed and tracking PV system in Winter.






Table 3. Optimal coefficient values for model A both fixed and tracking PV system in Winter.





	
Winter

	

	

	
Fixed PV

	

	

	

	

	

	
Tracking PV

	

	

	




	
Model

	
   a 1   

	
   a 2   

	
   a 3   

	
   b 1   

	
   b 2   

	
   b 3   

	
   a 1   

	
   a 2   

	
   a 3   

	
   b 1   

	
   b 2   

	
   b 3   






	
    F A   ( 1 , 1 )    

	
3.63

	
2.42

	
-

	
3.63

	
0.80

	
-

	
−0.92

	
−1.30

	
-

	
−0.92

	
1.31

	
-




	
    F A   ( 1 , 2 )    

	
4.83

	
2.73

	
-

	
4.83

	
0.05

	
0.01

	
−3.23

	
−1.88

	
-

	
−3.23

	
2.74

	
−0.02




	
    F A   ( 2 , 1 )    

	
3.66

	
8.03

	
1.42

	
3.66

	
0.47

	
-

	
−0.95

	
−6.53

	
−1.33

	
−0.95

	
1.62

	
-




	
    F A   ( 2 , 2 )    

	
4.29

	
7.70

	
1.29

	
4.29

	
0.11

	
0.0064

	
−2.83

	
−5.57

	
−0.96

	
−2.83

	
2.70

	
−0.019
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Table 4. Optimal coefficient values model B for fixed PV system.
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Winter

	

	

	

	

	
Fixed PV

	

	

	

	




	
Model

	
   c 1   

	
   c 2   

	
   c 3   

	
   c 4   

	
   c 5   

	
   c 6   

	
   c 7   

	
   c 8   

	
   c 9   






	
    F B   ( 1 , 1 )    

	
3.32

	
0.71

	
0.53

	
0.2

	
-

	
-

	
-

	
-

	
-




	
    F B   ( 1 , 2 )    

	
−0.29

	
0.06

	
0.13

	
−0.026

	
0.082

	
0.0012

	
-

	
-

	
-




	
    F B   ( 2 , 1 )    

	
0.24

	
0.055

	
1.03

	
−0.011

	
0.23

	
0.027

	
-

	
-

	
-




	
    F B   ( 2 , 2 )    

	
2.08

	
1.22

	
0.46

	
0.27

	
0.16

	
−0.0006

	
0.08

	
−0.002

	
−0.0007
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Table 5. Optimal coefficient values model B for sun tracking PV system.
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Winter

	

	

	

	

	
Tracking PV

	

	

	

	




	
Model

	
   c 1   

	
   c 2   

	
   c 3   

	
   c 4   

	
   c 5   

	
   c 6   

	
   c 7   

	
   c 8   

	
   c 9   






	
    F B   ( 1 , 1 )    

	
3.14

	
0.86

	
1.65

	
−0.25

	
-

	
-

	
-

	
-

	
-




	
    F B   ( 1 , 2 )    

	
1.43

	
0.34

	
1.72

	
0

	
−0.13

	
−0.002

	
-

	
-

	
-




	
    F B   ( 2 , 1 )    

	
0.97

	
0.22

	
1.97

	
−0.005

	
−0.18

	
−0.019

	
-

	
-

	
-




	
    F B   ( 2 , 2 )    

	
2.37

	
1.55

	
1.82

	
−0.25

	
0.22

	
−0.0025

	
−0.012

	
0.0011

	
−0.0003
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Table 6. MAE and RMSE values for fixed and tracking PV panel output power values (Watt) in Winter.






Table 6. MAE and RMSE values for fixed and tracking PV panel output power values (Watt) in Winter.





	
Winter

	
Fixed PV

	

	
Tracking PV

	




	
Model

	
MAE

	
RMSE

	
MAE

	
RMSE






	
    F A   ( 1 , 1 )    

	
4.3185

	
8.1754

	
5.2961

	
9.5833




	
    F A   ( 1 , 2 )    

	
3.7231

	
7.1004

	
3.2360

	
5.8737




	
    F A   ( 2 , 1 )    

	
2.0609

	
4.0130

	
3.5432

	
6.4949




	
    F A   ( 2 , 2 )    

	
2.0721

	
3.7568

	
1.9204

	
3.7438




	
    F B   ( 1 , 1 )    

	
2.2234

	
4.1080

	
1.5329

	
3.0344




	
    F B   ( 1 , 2 )    

	
1.2839

	
2.5657

	
1.3383

	
2.7015




	
    F B   ( 2 , 1 )    

	
1.2709

	
2.5111

	
1.3249

	
2.6481




	
    F B   ( 2 , 2 )    

	
1.2833

	
2.3537

	
1.2928

	
2.5578




	
[2,3,19,20]

	
4.8780

	
4.8780

	
5.4692

	
10.07
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