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Abstract—The diffusion of renewable energy sources (RES) can 
lead to cost reductions for the ancillary services provided to the 
transmission system operator, in particular, when the RES 
production can be estimated with appropriate accuracy. This 
article presents significant improvements to photovoltaic (PV) 
power conversion models found in the literature for grid-
connected PV systems. The refinement of the conversion model is 
based on public hourly data of irradiance and ambient 
temperature, referred to the sites of three groups of PV plants, to 
calculate the hourly average power injected into the grid. The 
values obtained are compared with the hourly average power 
measured by the distribution system operator meters on the PV 
systems. A double-step optimization procedure, based on seasonal 
analysis, sets up the various parameters in the PV conversion 
model. The key result is that the deviation between the simulated 
and measured annual energy is reduced to less than 2%. 
Moreover, with the proposed model the monthly energy deviations 
are limited to a few percentage points. This allows for significant 
improvements in the estimation of the production of grid-
connected PV systems. 

Index Terms—photovoltaic systems, modelling, optimization, 
stratified sampling. 

I. INTRODUCTION 
HE generation from renewable energy sources (RES) such 
as photovoltaic (PV) systems is highly variable, 
challenging the operation of the power systems to which 

RES are connected, up to the possible need for RES curtailment 
[1]. The PV power generated mainly depends on the irradiance, 
which can be predicted with good accuracy only during clear-
sky days. However, passing from irradiance to PV power is not 
an easy task, due to many aspects that affect the irradiance-PV 
power production chain (e.g., losses due to partial shading and 
imperfect maximum power point tracking). 

At the large-scale level, such as at the interface with the 
transmission and sub-transmission networks, the 
characterization of the PV production is crucial for setting up 
power system control. The goal of the control is to ensure that 
generation and demand are balanced during time, and that 
adequate resources are available to provide grid services [2]. 

On an even larger scale, e.g., for a wide territorial area such 
as a region or a country, the assessment of PV productivity is 
essential for planning purposes. Some results are relevant for 
the electricity market, to understand the expected contribution 
of PV production at different hours, including the integration 
with storage systems [3]. Further results refer to procuring the 
resources for ancillary services (e.g., to mitigate power 
fluctuations from non-controllable RES [4] or provide 
frequency support functions [5], if needed with PV power 
curtailment [6], and maintain available headroom for fast 

reserves [7]). The assessment of PV productivity ensures better 
economic dispatch carried out by the Transmission System 
Operator (TSO), based on the provisions indicated in the grid 
codes [8]. If the sum of the rated powers of the PV systems 
located in a given area is known, in the absence of 
meteorological information, the PV power in the limit case 
could be estimated based on clear-sky conditions. In real cases, 
the PV production could be similar to (at clear sky) or lower 
than (in cloudy conditions) the estimated one, and the possible 
missing production must be procured during time by means of 
ancillary services. If the PV models can be estimated better, 
there is less necessity to procure ancillary services with respect 
to the estimations based on clear sky data. On the other hand, in 
the case of global overgeneration with respect to consumption, 
the TSO may adopt, to ensure the stability of frequency, the 
power curtailment for the intermittent generation as for PV 
power. The modeling of power curtailment is not a difficult 
task, as will be explained in the following, provided that the 
relevant information is known. In this research work, the 
measured AC power data from the energy meters, installed and 
managed by the local Distribution System Operators (DSOs), 
are used as the benchmark for setting up the model of AC power 
for grid-connected PV systems. 

The photovoltaic power models can be categorized into two 

groups. The first group (from now “DC power models”) 

directly gives the DC power in the maximum power point 

without the knowledge of the current-voltage (I-V) curve. 

These models use an equation in which the generated power is 

proportional to irradiance, including or not a worsening factor 

depending on the increment in the PV cells temperature, with 

respect to the reference temperature (25°C). The first model 

(PESCR, [9]) is a basic model that simply considers the 

influence of irradiance, without the effect of the temperature. 

The second model [10] includes the calculation of low 

irradiance losses, but it does not yet consider the temperature 

effect (thermal losses). The third model [11] incorporates the 

proportionality with irradiance and the temperature losses, but 

the low irradiance losses are not considered. 

The second group (from now, “diode-based models”) 

includes equivalent circuit models, which are based on the 

equivalent circuit of the PV cells with a single or more diodes 

[12][13]. These models permit to calculate, the entire I-V curve, 

at each operating condition, including the maximum power 

point. The authors in [14] present a comprehensive review of 

the diode-based models: their accuracy is influenced by both 

the quantity of model parameters and the method used for 

parameters’ estimation. The main issue of the diode-based 

models is that they require the values of the equivalent circuit 

parameters, that can be obtained only by I-V curve 

measurements. Moreover, the implementation of the diode-
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based model requires a much higher computational effort with 

respect to the DC power models, because the I-V datapoints are 

results of numerical methods to solve transcendental equations. 

Regarding the thermal losses, the previous models, 

excluding the PESCR and Park models, require a calculation to 

determine the cell temperature, and so the worsening factor. 

The Normal Operating Cell Temperature (NOCT) model [15] 

requires the value of NOCT parameter from PV modules 

datasheet; manufacturers must provide this parameter 

according to [16]. This NOCT value could be corrected 

according to the installation condition (higher values must be 

considered in the case of PV modules with a worse heat 

dissipation, typical of building integrated PV generators. The 

main limitation of this simple model is that the effect of wind 

speed is not considered. Other cell temperature models 

[17][18][19] are based on semiempirical formulas, which could 

be very accurate in the temperature calculation, but the 

drawback is that they require many measurements for the 

determination of the parameters. In the model in [17] (from now 

called WIND model), the PV cell temperature linearly depends 

on irradiance, air temperature and wind speed. The same 

weather inputs are used in [18], which proposes a nonlinear 

calculation of the cell temperature. In [19], the temperature 

calculation is based on a simplified energy balance. In every 

model, if the external conditions are changed, the empirical 

parameters have to be recalculated by fitting new measurement 

campaigns. 

Starting from the model in [11], which is a good 

compromise between accuracy and simplicity [20] (not 

requiring the I-V curve measurement), in the present work, an 

improved version of [11] is adopted in a previous work of the 

authors [21], in which the losses due to low irradiance levels are 

taken into account. With this first improvement, the energy 

results are close to the results of the diode-based models [22]. 

Regarding the cell temperature calculation, [15] and [17] are 

considered in this paper; NOCT is simple and does not require 

measurements, while WIND takes into account also the effect 

of wind speed and requests temperature measurements. Among 

the temperature models which require measurements, model 

from [17] is simple, but it has the same performance of the other 

models [21]. A summary of the comparison of the PV power 

models is shown in Table I. 

A mandatory step to obtain the AC power is the assessment 

of the inverter efficiency, including the MPPT (Maximum 

Power Point Tracker) effectiveness. The possible models for the 

conversion losses are polynomial functions [23], in which the 

second degree is usually the compromise solution [24]. 

This paper addresses large-scale PV system integration by 

providing accurate modelling of power conversion in PV plants. 

The effect of this accurate modelling is to enhance the 

estimation of the overall PV plant production over a relatively 

long-term period (e.g., one year). For this purpose, specific 

improvements to the existing PV power conversion model are 

introduced, based on the comparison between simulated results 

and measured data, with a large-scale validation carried out on 

several PV power plants with different sizes and locations. 
The initial concepts were presented in the conference paper 

[21], of which this paper is the extended version. In [21] a 
comparison of different models for the calculation of PV 
module temperature has been presented, with a validation 
performed considering the data of the PV plants in an Italian 
region. This paper extends the analysis by introducing three 
main levels of novelty: 
1. The improvement of the PV conversion model by changing 

not only the temperature parameters, but also the irradiance-
PV conversion efficiency. Then, a new quadratic formula is 
introduced to better compute AC power during cloudy-sky 
days, and a global coefficient is used to include all other 
sources of losses not considered in the literature model. 

2. The use of a double-step procedure to enable the optimal 
determination of the model parameters. The excellent 
performance of the proposed double-step optimization is 
shown by the comparison with the single-step optimization 
in which the choice of the parameters is obtained throughout 
the entire year, without distinguishing the seasons. 

3. The application of the proposed procedure to a bigger 
dataset of PV systems, i.e., three groups of PV systems, 
respectively in Northern, Central, and Southern Italy. 

The next sections of this paper are organized as follows. 
Section II describes how to elaborate the weather data inputs 
and the model for PV power generation. Section III presents the 

TABLE I.   COMPARISON OF PHOTOVOLTAIC POWER MODELS 

 
Thermal 

losses 

Low 

irradiance 

losses 

Effect of wind 

speed on PV cell 

temperature 

Effect of irradiance and 

air temperature on PV 

cell temperature 

Independent of I-V 

curve 

measurements 

Independent of 

measurements of PV 

cell temperature 

[9]     X  

[10]  X   X  

[11]+[15] X   X X X 

[11]+[17] X  X X X  

[11]+[19] X  X X X  

[11]+[18] X  X X X  

[12]+[15] X X  X  X 

[12]+[17] X X X X   

[12]+[19] X X X X   

[12]+[18] X X X X   

[21]+[19] X X X X X  

[21]+[18] X X X X X  

   [21]+[15]  * X X  X X X 

   [21]+[17]  * X X X X X  

*Models considered and improved in the present work  
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proposed improvements to better match the actual PV 
production patterns. Section IV describes the overall data 
analysis and model correction procedure, including data 
filtering, statistical analysis, optimal determination, and 
definition of the energy deviation parameters. Section V starts 
with a description of the PV plant groups under analysis and 
shows the improvements in the calculation of the AC power 
patterns of PV generation thanks to the proposed procedure. 
Section VI contains the conclusions. 

II. MODELLING OF THE PV POWER INJECTED INTO THE GRID  

In the literature, the power conversion models for PV plants 
are generally created to calculate the energy output of well-
working PV systems that operate in clear-sky days. Thus, the 
higher deviations between the real PV power patterns and the 
simulations of AC power occur during cloudy-sky days, 
especially in winter [25]. Moreover, the models do not consider 
additional losses, such as the losses referring to incorrect 
installations, low quality components, poor maintenance, etc., 
or include more details but refer to a single small PV plant [26]. 

The details of the PV conversion model are illustrated in this 
section, with the following organization. Subsections II.A and 
II.B present the elaboration of the weather data inputs for the 
PV production model, i.e., irradiance on the horizontal plane 
and air temperature, respectively. For the calculation of the PV 
module temperature starting from the air temperature, two 
different methods are presented, and the results obtained with 
these models are compared in the analysis of the optimization 
results. Subsection II.C describes in detail one of the most used 
models for calculating the PV production, identifying the 
possible improvements needed.  

A. Plane of Array Irradiance from the ASHRAE Model 

The irradiance data required in the PV production model 
refer to the global irradiance G (W/m2) that reaches the inclined 
plane of the PV modules (Plane of Array Irradiance, PAI). In 
many cases, the databases (e.g., [27]) contain only irradiance 
data measured on the horizontal plane; these patterns shall be 
corrected to represent the inclined-plane irradiance. The PAI is 
obtained from the ASHRAE model [28]: 

 G = BHI⸱cos(θ)/cos(θz) + DHI⸱FCS + ρ⸱GHI⸱(1-FCS) (1) 

The physical quantities in (1) are defined as follows: 

• BHI is the direct irradiance. It is the component of irradiance 
that reaches the horizontal plane without having undergone 
reflections in the atmosphere. 

• DHI is the diffuse irradiance. It is the irradiance component 
that reaches the horizontal plane following reflections and 
absorption in the atmosphere. 

• GHI is the global irradiance. It consists of the sum of the 
various components of irradiance, including the reflected 
(albedo component) irradiance Gr: 

 GHI = BHI + DHI + Gr (2) 

• z is the zenith angle. It is the angle between the Earth-Sun 

line and the zenith direction: z = 0° only in tropical sites. 

• cos(θ) represents the incidence of the sunlight, where  is 
the angle between the direction normal to the inclined plane 

and the Earth-Sun line:  = 0° if beam is normal to the plane. 

• FCS is the plane-to-sky view factor. 

• ρ is the albedo coefficient. It considers the reflection of the 
surroundings. 

It is noted that the ASHRAE model refers to clear sky 

conditions, while actual irradiance components will be used in 

the proposed procedure. 

B. Module Temperature Models from the Literature  

For the calculation of the temperature T of the PV modules, 
the model in [15] is based on the Normal Operating Cell 
Temperature (NOCT) (in the sequel, “NOCT model”). The 
environmental data used as inputs for the cell temperature T are 
the air temperature Ta and the irradiance G: 

 T = Ta + (NOCT − Ta,NOCT)·G/GNOCT (3) 

NOCT is the experimental temperature indicated by the 
manufacturer in the module datasheet. It is measured in steady 
state conditions, i.e., Ta,NOCT = 20 °C, GNOCT = 800 W/m2 with 
module at 45° inclination in stable open circuit conditions and 
wind speed of 1 m/s. As a result, the NOCT of commercial 
crystalline silicon (c-Si) modules is between 42÷50°C [29].  

Another possible solution is given by a formula based on a 
measurement campaign of weather data and PV modules 
temperature [17]. In this model (in the sequel, “wind model”), 
the module temperature is calculated as a function of air 
temperature Ta (in °C), irradiance G, and wind speed ws (m/s): 

 T = aT·Ta + bT·G − cT·ws + dT (4) 

where the parameter aT = 0.943 is dimensionless, bT is equal to 

0.028 (°C⸱m2/W), cT = 1.528 (°C·s/m), and dT = 4.3 °C. 

C. PV Power Conversion Model from the Literature 

The paper [21] presents a simple equation to compute the 

active power PAC injected into the grid by a generic PV system. 

This equation is useful to estimate the production of a well-

working PV system. In this case, it is calculated as the product 

of DC power PDC (supposing a MPPT stage) times the 

efficiency of the DC/AC converter. PDC can be computed by a 

model proportional to the irradiance G and dependent on the 

temperature of the PV modules [17]: 

 PAC = PDC⸱ηconv = G⸱A⸱ηSTC⸱ηlow,G⸱CTh⸱ηmix⸱ηl⸱ηconv (5) 

• ηSTC=PSTC/(GSTCA) is the rated PV plant efficiency defined 
in the Standard Test Conditions (STC) with irradiance 
GSTC=1000 W/m2, module temperature TSTC = 25 °C and Air 
Mass AM=1.5. PSTC is the rated power of the PV system, and 
A is the area occupied by the PV modules. 

• ηlow,G is the parameter introduced to incorporate the low-
irradiance losses that are mentioned by the PV module 
manufacturer, but usually not quantified. In this case, 
instead of a complex polynomial equation [30], the PV 
conversion efficiency depends on the irradiance G 
according to a simple hyperbolic relation: 

 low,G = 1 − G0/G (6) 

where G0 is the low-irradiance threshold, below which the 
PV modules do not produce due to too low irradiance 
(10÷50 W/m2). As a result, the PV module efficiency 
increases with the increase of G and remains almost 
constant if G > 500 W/m2. 

• CTh is a parameter useful to compute the temperature 
correction of PDC that describes the linear dependence of the 
PV production on the PV module temperature: 

 CTh = 1 + γT ·(T−TSTC) (7) 

When the module temperature T is above TSTC = 25°C, the 

production decreases proportionally by γT. It is the thermal 
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coefficient of power, which is in the range -(0.3÷0.5) %/K 

for c-Si technology [15]. 

• ηmix = ηlife ηdirt ηrefl ηmis ηcable is the formula of the overall 
performance of the plant. These experimental loss 
parameters are considered constant for all plants [31]. In 
particular, the PV production decreases due to the reflection 
effect (ηrefl=0.973) and dirt deposited on the glass of the 
modules (ηdirt=0.976), the mismatch of current-voltage (I-V) 
curves (ηmis=0.97) and joule losses in cables (ηcable=0.99). 

• The loss by ageing ηl = 1-γlife·nlife is proportional to the 
product of the age of the plant nlife times the annual loss 
coefficient γlife. According to the specifications included in 
the datasheet of the modules, the modules are certified to 
reduce their efficiency down to 80% of the initial value after 
20 years (γlife= -1%/year). Nevertheless, experimental 
results reported in [32] and [33] show that the efficiency 
reduction is lower, so that γlife=-0.5%/year. 

• ηconv represents the non-linear performance of the AC/DC 
converter that takes into account the efficiency of the 
Maximum Power Point Tracking (MPPT) and the inverter 
losses. The generic yield at the AC side is determined by a 
quadratic model, based on experimental data in [24][34]: 

Ploss= P0 + CL·PDC+ CQ·PDC
2 (8) 

The model includes no-load losses P0 (W) due to the supply 
of auxiliary circuits. Linear losses are expressed by using 
the parameter CL (W-1) that considers the conduction of 
diodes and IGBTs and the switching losses. Finally, the 
quadratic losses are expressed by using the parameter CQ 
(W-2) for the conduction of MOSFETs and the resistive 
contribution. As a result, in commercial devices, the 
maximum efficiency is about 98% [34]. The formula for the 
calculation of the converter efficiency is the ratio between 
the AC power output (PAC) and the DC power input (PDC). 
By expressing PDC as the difference between input and 
losses, the resulting formula for the calculation of ηconv is: 

 conv = (PDC−P0−CL·PDC−CQ·PDC
2 )/ PDC (9) 

To use the same model for different plants, the previous 

formula is normalized by the rated power of the inverter. 

The formula (5) permits to calculate the AC production for 
a PV plant, but it does not include limitations in the power 
injections due to the adequate operation of the grid. Requests of 
power limitation can be remotely sent to the PV plant by the 
transmission system operator in any moment. The simplest 
curtailment technique leads to the disconnection of the plants 
(or of parts of the plants) from the grid. In this case, to take into 
account the curtailment, it is necessary to import in the model 
the power limitation values PAC,lim. For each considered time 
step, the power production will be the minimum value between 
PAC and PAC,lim. 

III. PROPOSED IMPROVEMENTS IN THE MODELLING OF THE 

PHOTOVOLTAIC PRODUCTION 

The proposed improvements in the model parameters are 
the adjustment of the low-irradiance threshold G0, the thermal 
coefficient of power, and the parameters used for determining 
the module temperature in both models presented in Subsection 
II.B. Moreover, two adjustment coefficients are proposed to 
better compute the production of PV plants during cloudy days 
and in case of other sources of losses such as component 

failures, poor maintenance, etc. The next subsections explain 
the effects of changing the parameters under analysis. 

A. Adjustment of the Low-Irradiance Threshold G0 

The optimization of G0 permits to better include the non-
linearities occurring at low irradiance levels in the irradiance-
electrical power conversion.  

 
Fig. 1. Effect of G0 variation on the efficiency ηSTC⸱ηlow,G. 

Fig. 1 shows the effect of the variation of G0 on the relation 
between irradiance and the product of the rated efficiency of the 
modules ηSTC=22% times the efficiency ηlow,G. By increasing 
G0, the model can better consider not only the irradiance-
electrical power conversion non-linearities, but also additional 
optical losses that increase at low irradiance level and with 
sunbeams away from orthogonality with the PV module plan. 

B. Improvement in the Calculation of the Module Temperature 

The improvement in the calculation of the module 
temperature consists of changing the literature parameters with 
new ones. In the “NOCT model”, the NOCT value is the only 
parameter to be changed. On the other hand, in the “wind 
model”, it is possible to change one up to all the four semi-
empirical parameters (e.g., aT, bT, cT and dT). A priori selection 
of the most effective parameter variation is not easy: it depends 
on the PV plants installation and on the weather conditions. For 
example, a ground-mounted PV plant installed in a windy site 
is strongly affected by wind speed. A building-integrated plant 
can be better modelled by changing the parameters proportional 
to irradiance and temperature. On the other hand, changing all 
the four parameters has a higher computational burden, without 
knowing if there will be an improvement of the model. A 
comparison of the different options is presented in this work. 

C. Adjustment of the Thermal Coefficient of Power 

Fig. 2 is created for a PV plant (PSTC=1 kW) in a clear sky 
day. To present the differences, it shows data from sunrise to 
midday, since the rest of the patterns are almost mirrored. 

 
Fig. 2. Effect of the variation of the thermal coefficient of power γT on the DC 

power pattern of a generator with rated power of 1 kW during a clear-sky day. 
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At midday, the irradiance G≈1 kW/m2, while the air 
temperature Ta≈27°C. The DC power output pattern is 
calculated with a thermal factor γT in the range -0.3÷-0.5%/K. 
The significant effect of the variation of γT on the power 
production is demonstrated by the energy deviation, mainly 
occurring at high temperature and irradiance levels. By 
changing γT from the standard value (-0.5%/K for c-Si modules) 
to -0.3%/K, CTh increases from 0.88 to 0.93. Thus, the effect of 
adjusting the parameter γT is the stretching of the PV power 
pattern mainly at midday, with higher effects in the summer. 

D. Adjustment Coefficient for Non-Ideal Plants 

The proposed Ideality Factor IF is multiplied to the nominal 
power of the system PSTC to consider the phenomena not 
included in the original model created for perfectly working 
plants (for which IF=1). For example, an aspect to consider is a 
high mismatch in the I-V curves of the PV modules. It can be 
due to a non-uniform installation (different tilts and azimuths), 
to the use of PV modules with different specifications, or to PV 
modules with unusual ageing and failure. Other losses 
identifiable with a low AC power can be the disconnection of 
parts of the PV plant [35], or large amounts of dirt [36]. 

E. Adjustment Coefficient for Non-Clear-Sky Days 

The PV conversion model has been created to simulate 
clear-sky days rather than cloudy ones. It has been designed to 
estimate the PV production more accurately during the most 
productive days. Thus, there is a production overestimation in 
the winter. A multiplicative corrective factor called the “Non-
Clear-Sky Day Factor” (fncsd,i) for the i-th day, is introduced. 
This corrective factor corrects the AC power production 𝑃AC to 
obtain the new weighted value PAC,w, as follows: 

 PAC,w=PAC⸱(1- fncsd,i) (10) 

This corrective factor is calculated for each plant and for 
each i-th day, with the following quadratic relation: 

 fncsd,i =aDID⸱DIDi
2+ bDID⸱DIDi+ cDID (11) 

where aDID, bDID and cDID are the coefficients of the quadratic 
expression. The parameter Daily Irradiation Deviation (DID) is 
the relative deviation between the global daily measured 
irradiation 𝐻𝑖  and the global daily irradiation calculated in clear 
sky conditions 𝐻ClearSky,𝑖 [37]: 

 DIDi=(HClearSky,i - Hi)/HClearSky,i  (12) 

Thus, for each plant under analysis, the hourly irradiation 
pattern in clear sky days is calculated for each i-th day of the 
year. The clear sky irradiation calculation can be performed 
according to [38] and [39]. Fig. 3 shows the calculation of fncsd,i 
as a function of the DID. The values used in these quadratic 
formulas are the optimized values in two configurations of the 
case study explained in Section V. 

 
Fig. 3. fncsd,i as a function of Daily Irradiation Deviation (DID). 

IV. PROCEDURE FOR THE ANALYSIS OF PV PLANT GROUPS 

The procedure for the analysis of a large set of PV plants 
requires the collection of the data about the plants, the measured 
production patterns, and the weather data. After that, the 
production patterns are filtered to remove bad data, and the PV 
plant grouping is performed. The grouping is necessary to 
check the statistical validation of the data remaining after the 
filtering with respect to the whole set of plants. After the 
definition of the group of PV plants that represents the whole 
dataset, the models are optimized to calculate the production 
patterns with reduced energy deviation with respect to the 
measured energy. Finally, the energy deviations are presented 
to compare the model performance and the optimization steps 
(single or double) under analysis. The key points of this 
procedure are shown in the next subsections. 

A. Import of Weather Data and PV Plant Information 

The measured production patterns of the PV plants can be 
analyzed, and simulation can be performed, only if the same 
basic information is available. First at all, the rated power PSTC 
is necessary to analyze the measured patterns and to perform 
simulations. As explained in the next subsection, the rated 
powers are also the variables used to classify the plants. The site 
coordinates are essential to obtain meteorological data [27][33]. 
The tilt and azimuth of the PV modules can be obtained by the 
layout of the plants, by inspections, or by satellite/street images. 
This information is necessary to obtain the irradiance on their 
surface at each considered time step. Finally, the installation 
year is necessary to calculate the degradation losses [40]. 

B. Production Pattern Filtering 

The production patterns obtained by distributed meters can 
be affected by errors that occur in data measurement, 
transmission, and storage. In many cases, it is not possible to 
define the source of the bad data. Patterns with unexpected 
trends could be the results of plant shutdowns and failures of 
the components. Thus, an accurate filtering process of the data 
is necessary. The procedure presented in [41] deals with the 
filtering of thousands of patterns, without the possibility of 
accessing detailed information of the plants. The only available 
information is the basic information described in the previous 
sub-section. The first criterion is the check of the absence of 
production during night hours, as such production is obviously 
physically impossible. The second criterion is the check of the 
absence of days of data, due to the failure of the monitoring 
infrastructure. In fact, the patterns with missing weeks or 
months of data (especially during summer) affect the 
calculation of the performance of the plant. The third criterion 
is the check of the typical territorial range productivities. In 
particular, if the yearly specific production in kWh/kW/year is 
out of the accepted range, the performance is too low or too high 
and the pattern is removed. Productivity maps, such as those 
available in [33], can be used to define the boundaries of the 
acceptable performance ranges, depending on the site location. 

C. Data Classification Based on PV Plant Rated Power  

Inferential statistical methods allow us generalizing the 
results to an entire population of elements with an acceptable 
confidence, by analyzing a small sample of elements. These 
methods can be used in the present work, i.e., in case of large 
groups of PV systems, where many data about the PV plants 
(the power patterns) are affected by errors. Thus, the 
representative elements of the population are the rated powers 
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of the PV plants. The Neyman’s Stratified Sampling (SS) 
technique [42] has been applied. As described in [41], the SS 
technique indicates how many PV production patterns (among 
the ones that remained after data filtering) are significantly 
enough to statistically represent the entire population of PV 
plants. 

D. Model Optimization and Energy Deviations Calculation 

The goal of the optimization is to find the best parameters 
(described in Section III) to minimize the differences, over a 
defined time frame, between the measured and calculated 
production patterns. In this paper, the parameters optimization 
is performed in a double-step procedure. The first step involves 
the optimization of most of the parameters (with the exception 
of the parameters appearing in the quadratic formula of the 
corrective factor fncsd,i described in subsection IV.F). In this 
case, the period under analysis is from April to September (from 
now on, “summer semester”). In the second step, the 
optimization of the parameters in the formula of fncsd,i is carried 
out only from October to March (from now on, “winter 
semester”) keeping constant the other previously optimized 
parameters. The rationale of this choice is the largest presence 
of non-clear-sky days in the winter semester. 

Regarding the determination of the optimal parameters, the 
deviation between measured and simulated patterns is 
calculated as the sum of their root mean square differences at 
each time step of the period under analysis. For the analysis of 
a portfolio of j = 1, …, J plants, the average quadratic deviation 
is calculated on the difference between the estimated power 
values PAC and the measured values PACm. For each plant, this 
quantity is normalized with respect to the rated power PSTC of 
the PV plant. The calculation is performed over the time 
optimization horizon topt discretized with k time steps. 
Considering the vector x that includes all the variables defined 
in Section III, the optimization problem is formulated as: 

 min σ(x)    subject to xlb ≤ x ≤ xub (13) 

 𝜎(𝐱) = ∑ √
1

𝑇opt
∑ (𝑃AC,𝑘

(𝑗)
 (𝐱)– 𝑃ACm,𝑘

(𝑗)
)

2𝐾

𝑘=1
𝑃PV,𝑗⁄

𝐽
𝑗=1  (14) 

where 𝐱lb and 𝐱ub are the lower and upper bounds, respectively, 

set up on the entries of the vector x. 

To perform the double-step procedure more easily, the 

vector x is divided into three sub-vectors of variables. The first 

sub-vector x1 includes the thermal factor γT%, the low irradiance 

threshold G0, and the ideality factor IF: 

 𝐱1 
 = [𝛾𝑇%,  𝐺0, 𝐼𝐹]T  (15) 

The second sub-vector x2 includes the variables to be 

modified for better calculation of the cell temperature T. In case 

of the "NOCT model” (3), only the NOCT value is optimized. 

Such equilibrium condition is strongly affected by the 

installation conditions, which often do not permit an optimal 

heat dissipation in actual PV plants. This happens, e.g., in case 

of building-applied or building-integrated plants, in which the 

PV modules have steady-state temperatures at Ta=20°C and 

GNOCT = 800 W/m2 higher than the declared NOCT. 

 x2_NOCT = [NOCT] (16) 

In the “wind model” defined in (4), all the four parameters 

can be modified. The change of the parameter aT quantifies the 

effect of air temperature on the module temperature. The same 

approach is individually applied by considering bT and cT for 

the effect of irradiance and wind speed, respectively. If all the 

four parameters are changed, the vector is: 

 𝐱2𝑤 
 = [𝑎T, 𝑏T, 𝑐T, 𝑑T]T  (17) 

The third sub-vector x3 includes the parameters for the 
calculation of the coefficient fncsd,i for non-clear-sky days. They 
are modified for better calculation of the winter production: 

 𝐱3 
 = [𝑎DID, 𝑏DID, 𝑐DID]T  (18) 

Concerning the constraints, for the parameters referring to 

technical aspects of PV plants, the lower and upper bounds 𝐱lb 

and 𝐱ub are defined in the literature. For example, the thermal 

coefficient of power is in the range -(0.3÷0.5) %/K for c-Si 

modules. The coefficient IF could be close to unity, but a 

specific range cannot be defined at priori, so that large limits 

are imposed to avoid reaching the limits. 

E. Power Patterns Comparison and Energy Deviations 

The results are analyzed by comparing the hourly estimated 

pattern with the measured production. The patterns are 

calculated by using the energy model (5) and one of the 

temperature models (3) and (4). The error between the different 

patterns is assessed in energy terms: 

 ∆𝐸%,s,

∆𝑡

𝑖 
 = 100 ∙ (𝐸s,𝑖 − 𝐸m,𝑖) 𝐸m,𝑖⁄ |

∆𝑡
 (19) 

where 𝐸s,𝑖 is the simulated energy in the sth model and 𝐸m,𝑖 is 

the measured energy for the ith plant, for the same timeframe Δt 

(one year). To compute errors for shorter times (e.g., one day), 

it is useful to compute the residual ratio for each configuration: 

 𝑅s,𝑖
∆𝑡

 
 = 𝐸s,𝑖 𝐸m,𝑖⁄ |

∆𝑡
 (20) 

The error calculated with (20) is positive when the model 
overestimates the production with respect to the measurements. 
In that case, the residual ratio is higher than unity. 

V. CASE STUDY AND OPTIMIZATION RESULTS 

The set of PV plants under analysis includes plants installed 
in Lombardy, a region in northern Italy, Latium (central Italy) 
and Sicily (southern Italy). In 2018, there were 125,284 plants 
(2.3 GW) in Lombardy, 54,285 in Latium (1.3 GW), and 52,731 
in Sicily (1.4 GW). Thus, the sum of the rated powers of the 
whole dataset is ≈5 GW and the total number of plants is 
232,300. Only ≈2% of these plants has rated power higher than 
120 kW but correspond to about 64% of the total installed 
power. Moreover, 89% of these plants have polycrystalline 
silicon modules, while ≈10% have m-Si modules. The general 
data available for the PV plants are the coordinates of the 
installation sites, rated power, and installation year. The hourly 
production patterns are measured by the DSOs and transferred 
to the TSO, according to a regulated procedure. These hourly 
AC powers are not available for all the plants; they are provided 
for a subgroup of 20,471 plants for Lombardy, 11,061 for 
Latium and 11,113 for Sicily (total 42,645 patterns). 

Subsection V.A presents the plants classification based on 
the 232,300 rated powers, and the result of the filtering 
procedure on the 42,645 hourly patterns. Subsection V.B 
presents the results of the optimization of the production models 
on the plants remaining after the filtering procedure. 

A. Rated Power Clustering and Hourly Pattern Filtering 

The clustering procedure described in [41] is applied to the 
232,300 values of rated power. The result is the definition of 10 
classes of plants (Table II). In parallel to the creation of the 
classes, the data filtering procedure is applied to the 42,645 
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power patterns. Following the procedure in [41], patterns 
affected by issues (i.e., errors in data measurement and storage, 
or poorly functioning generators) are removed, and a sample of 
PV plants is selected for optimizing the model parameters. A 
drastic selection process that rejects any pattern having even a 
single inaccuracy has been applied, so that most patterns have 
been removed, and 366 plants are used in the optimization. 

TABLE II.  CLASSES OF PLANTS AND RELATED POWER RANGES  

 Power ranges (kW) Number of plants 

Class  Lombardy Latium Sicily 

1 P ≤ 3.5 49,290 22,170 15,710 

2 3.5 < P ≤ 6.5 49,605 22,377 24,242 

3 6.5 < P ≤ 12.5 7,482 4,320 4,870 

4 12.5 < P ≤ 25 8,118 2,923 4,443 

5 25 < P ≤ 70 4,693 1,086 1,476 

6 70 < P ≤ 120 3,316 586 1,079 

7 120 < P ≤ 500 2,021 439 403 

8 500 < P ≤ 1200 696 248 393 

9 1200 < P ≤ 3600 54 81 66 

10 3600 < P 9 55 49 

Table III shows the distribution of the 366 plants in the 
classes (the empty classes are not shown). Finally, to statistically 
validate the subgroups of 139, 73, and 154 PV plants with 
respect to the whole dataset, the stratified sampling procedure 
has been applied, as defined in Section III. 

TABLE III.  DISTRIBUTION OF PLANTS AFTER FILTERING IN THE CLASSES  

Class 4 5 6 7 8 9 10 

Number of 

plants after 

filtering 

Lombardy 1 10 26 25 66 9 2 

Latium 1 6 15 11 18 15 7 

Sicily 2 8 68 15 45 7 9 

The result is that the statistical validation is confirmed 
mainly for the classes including the biggest PV plants (e.g., in 
Lombardy, classes 6, 8, 9 and 10), as shown in Table IV. The 
first consideration is that generally bigger PV plants have better 
maintenance and individual monitoring of the energy 
production; thus, the production patterns are correct. 
Nevertheless, in case of Sicily, there is a lack of correct patterns 
also for big plants. Secondly, the data collection infrastructure 
should be improved, especially for small PV plants. In fact, 
classes from 1 to 3 are empty, and also class 4 is never validated. 

TABLE IV.  DISTRIBUTION OF PLANTS AFTER FILTERING IN THE CLASSES  

Class 4 5 6 7 8 9 10 

Validation 

Lombardy no no yes no yes yes yes 

Latium no yes yes yes yes yes yes 

Sicily no yes yes no yes no no 

B. Reduction of the Energy Deviations 

In the present work, the optimization is performed 
minimizing the differences between measurements and 
simulations on hourly values. The key point for the improvement 
is the use of a double-step procedure, in which the parameter 
optimization is performed on different periods. After analyzing 
different time frames, the best results were obtained with the 
following configuration. In the first step, the vectors of 
parameters related to the literature model (x1 and x2) are 
optimized comparing measurements and simulated patterns only 
during the summer semester. The reason is that the model was 
created mainly for clear sky days. In the second step, the 
parameters for the calculation of fncsd,i are adjusted only in the 
winter semester. Following this procedure, the performance of 
all the models increases. As an example, Fig. 4 and Fig. 5 show 
the improvement of the use of this double-step procedure in both 

summer and winter days for a PV plant in Sicily. The day with 
passing clouds (Fig. 5, top) exhibits the highest variations in 
hourly AC power. The proposed double-step optimization 
matches the measurements better than the single step 
optimization also in this case, as for all the other days. As 
expected, the clear-sky daily production patterns (already close 
to the measurements) are less affected by the use of fncsd,i with 
respect to cloudy days. 

 

 
Fig. 4 Examples of optimized production patterns vs. measurements in a 

cloudy day (top) and in an almost clear-sky day (bottom) in winter. 

 

 
Fig. 5 Examples of optimized production patterns vs. measurements in a 

day with passing clouds (top) and in a clear-sky day (bottom) in summer. 

The improvements due to the double-step optimization are 
significant both for the single plant and the whole group. Fig. 6 
shows a box plot related to the whole group of plants in Sicily. 
It shows the monthly energy deviation (%), where a positive 
value corresponds to an overestimation made by the model. Each 
rectangle is the interquartile range (IQR) and includes 50% of 
the population, while segments are delimited by the maximum 
and minimum values. As shown in Fig. 6 (top), a single-step 
optimization (SSO), carried out on the whole year, leads to an 
overestimation of the winter semester production and a slight 
underestimation during the summer semester, which 
compensate for each other on a yearly basis. The proposed 
procedure mainly solves these issues reducing the deviation 
down to values generally lower than ±8% for the IQRs in most 
of the months (bottom of Fig. 6). In December, the deviation is 
higher but the energy contribution is low (about 5% of the PV 
annual group production). 
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Fig. 6 Montly energy deviations between measurements and simulated 

patterns with a single-step (top), and double-step optimization (bottom). 

C. Energy Deviations for PV Plants Classes in Sicily 

The improvements described in the previous subsection are 
quantified in Table V for the group of plants in Sicily. This table 
shows, for each class of plants, the comparison of the yearly 
energy deviations (simulations vs. measurements). The 
optimization of each class is independent of the other classes, 
and the obtained parameters are different. The analyzed 
configurations are the following: 

• CONFIG#1 and #2: NOCT (3) and wind (4) models are used 
with default parameters and no optimization is performed. 

• CONFIG#3: in addition to the parameters γT%, G0, IF, the 
NOCT is adjusted in a single step, x=[γT%, G0, IF, NOCT]T. 

• CONFIG#4: in addition to the parameters γT%, G0, IF, the 
parameter depending on air temperature in the wind model 
(4) is adjusted in a single step x=[γT%, G0, IF, at]T. 

• CONFIG#5: with respect to CONFIG#4, in the wind model 
(4) the parameter depending on irradiance is the only one 
adjusted (in a single step) x=[γT%, G0, IF, bt]T. 

• CONFIG#6: with respect to CONFIG#4, in the wind model 
(4) the parameter depending on wind speed is the only one 
adjusted (in a single step) x=[γT%, G0, IF, ct]T. 

• CONFIG#7: with respect to CONFIG#4, the difference is 
that all the parameters in the wind model (4) are adjusted in 
a single step x=[ γT%, G0, IF, at, bt, ct, dt]T. 

• CONFIG #8: the first step optimizes xstep1=[γT%, G0, IF, 
NOCT]T in the summer semester. The second step optimizes 
xstep2=[aDID, bDID, cDID]T in the winter semester. 

• CONFIG #9: the first step optimizes xstep1=[γT%, G0, IF, at]T 
in the summer semester. The second step optimizes 
xstep2=[aDID, bDID, cDID]T in the winter semester. 

• CONFIG #10: the first step optimizes xstep1=[γT%, G0, IF, bt]T 
in the summer semester. The second step optimizes 
xstep2=[aDID, bDID, cDID]T in the winter semester. 

• CONFIG #11: the first step optimizes xstep1=[γT%, G0, IF, at, 
bt, ct, dt]T in the summer semester. The second step optimizes 
xstep2=[aDID, bDID, cDID]T in the winter semester. 

The lowest yearly deviations are obtained with the double-
step optimizations (<2%). Deviations in the ranges ±(2÷5)% are 
obtained in the classes in which the number of plants is very low 
(in class 4 and 5, there are only 2 and 8 plants, respectively). 
Among all, CONFIG #8 and #11 are the best configurations. 

The improvement due to the double-step optimization is a 
lower deviation not only on yearly basis, but also on both the 

winter and summer semesters. Table VI shows the energy 
deviations in the winter semester, generally with an important 
overestimation of the production by using literature models. 

TABLE V.  ANNUAL ENERGY DEVIATIONS (%) FOR THE CLASSES OF PV 

PLANTS IN SICILY 

Config# Class 

 4 5 6 7 8 9 10 

Literature models without optimization and default parameters 

1 1.1 -9.2 -7.1 5.8 -2.9 -6.3 -11 

2 5.8 -4.6 -2.5 11.2 2.1 -1.3 -6.5 

Single-step optimization 

3 1.3 9.7 5.4 9.1 6.3 6.5 2.6 

4 -3.7 9.9 5.6 10.7 5.5 7.5 3.7 

5 -4.7 9.6 6.6 10.5 6.6 7.5 4 

6 -6.4 10.1 4.9 11 6.1 8 3.5 

7 5.7 11.9 6.5 11.6 6.6 8.8 5.5 

Double-step optimization 

8 0 5 0.9 0.8 1 0.8 -2.5 

9 -4.9 4.7 0.9 1.4 0.9 0.8 -2.5 

10 -4.9 4.7 1 1.2 0.9 1 -2.2 

11 -0.1 4.6 1 1.7 0.8 1 -2.1 

TABLE VI.  ENERGY DEVIATIONS (%) IN WINTER SEMESTER (OCTOBER-
MARCH) FOR THE CLASSES OF PV PLANTS IN SICILY 

Config# Classes 

 4 5 6 7 8 9 10 

Literature models without optimization and default parameters 

1 -3.6 -1.5 -1.0 20.7 6.8 4.0 -2.7 

2 0.9 3.7 4.2 27.3 12.7 9.7 2.4 

Single-step optimization 

3 -2.2 18.5 14.1 23.7 15.9 17.6 11.8 

4 -3.1 20.1 14.1 26.4 14.4 19.9 14.7 

5 -6.2 19.1 17.0 26.4 17.4 19.5 15.0 

6 -11.5 20.8 12.2 27.0 15.9 20.1 13.9 

7 11.7 26.9 16.7 28.4 17.2 23.0 18.9 

Double-step optimization 

8 -6.2 4.7 0.9 -0.9 1.8 2.2 -2.1 

9 -6.9 4.7 0.5 -1.1 2.3 2.2 -2.1 

10 -6.7 4.6 0.9 -0.8 2.3 2.3 -2.0 

11 -6.3 5.1 0.8 -0.9 1.9 2.1 -1.9 

D. Energy Deviations and Optimized Parameters Obtained 

for the PV Plant Group in Sicily 

After the optimization of the PV production models class by 
class, the procedure is repeated considering all the PV plants of 
the group, regardless of their rated power.  

TABLE VII.  ENERGY DEVIATIONS  FOR ALL PV PLANTS IN SICILY 

Config# 
Energy deviation (%) 

Yearly Apr-Sept Oct-March 

Literature models without optimization and default parameters 

1 -1.3 -7.4 9.4 

2 3.8 -2.8 15.4 

Single-step optimization 

3 2.1 3.3 11.4 

4 2.6 -2.9 12.1 

5 4.2 -3 16 

6 -2.7 -2.8 13.7 

7 3.7 -3.1 15.3 

Double-step optimization 

8 -2.4 -3.3 -0.8 

9 -2.2 -3 -0.8 

10 -2.2 -3 -0.8 

11 -2.3 -3.1 -0.8 
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The double-step optimization reduces the deviations, 
especially in the winter semester, from values higher than 10% 
down to <1%. On a yearly basis, the deviations are in the range 
-2÷-3% (Table VII). The optimized parameters for the two best 
configurations, i.e., CONFIG #8 and CONFIG #11, are shown 
in Table VIII. There are minor differences in the parameters in 
the two configurations. Moreover, IF is >1: the reason could be 
an ageing parameter overestimation. Only the parameters of the 
coefficient fncsd,i are different; nevertheless, the effect on these 
differences is negligible on the production pattern computation. 

TABLE VIII.  OPTIMIZED PARAMETERS FOR THE WHOLE GROUP IN SICILY 

Parameter CONFIG #8 CONFIG #11 

Conversion 

model 

γT% (1/K) -0.004 -0.005 

G0 (W/m2) 11 14 

IF (-) 1.022 1.036 

Module 

temperature 

NOCT (°C) 47 - 

at (-) - 0.537 

bt (°C⸱m2/W) - 0.053 

ct (°C⸱s/m) - 2.513 

Cloudy days 

aDID (-) 0.810 0.458 

bDID (-) 0.138 0.374 

cDID (-) 0.004 0.011 

Also, the SSO cannot drastically reduce the deviations; 
indeed, the annual SSO leads to a better match of the summer 
production, with a consequent worse match in the winter. On the 
contrary, the double-step optimization always reduces the 
deviations. Excluding classes 4 and 5 characterized by a low 
number of small plants, the deviations are in the range ±2.5%. 

E. Results for the Other Groups of PV Plants 

The results shown for Sicily are similar to the main results 
for the other two groups of PV plants in Latium and Lombardy. 
In all the analyzed regions, the double-step procedure reduces 
the energy deviations on annual basis, both on the winter and 
summer semesters. The best results are obtained for the classes 
with the highest number of PV plants. Considering the whole 
groups, regardless of the nominal power classes, the energy 
deviations after the double-step optimization are always <2%, 
and the deviations in the winter semester are <3%. Also in these 
regions, the differences between the use of the double-step 
optimized NOCT (3) and wind (4) models are negligible. The 
only noticeable difference in the parameters of the entire groups 
is the ideality factor IF, which is in the range 1.04÷1.07 in 
Latium, and 1.06÷1.09 in Lombardy. Thus, the geographical 
position of the three groups did not affect the procedure. 

F. Smoothing Effect of the Aggregation of PV Plant Profiles 

Besides the daily PV energy production, the difference 
between the AC average power at two successive hours is 
relevant to establish the need for the TSO to procure ancillary 
service at different hours and at different scales (substation, 
region, national). In this respect, the ratio 𝜒 between the hourly 
power variation and the PV rated power can provide useful 
information. From the real data of 154 hourly profiles of 
Sicilian PV systems in a day with partially cloudy sky, this ratio 
could reach about 0.5 for a single plant, especially for small 
plants (Fig. 7 left). However, if the PV plants are aggregated, 
there is a smoothing effect that reduces the hourly average 
power variations and the corresponding ratio 𝜒agg. From the 

aggregate daily pattern (Fig. 7 right), the sum of the rated power 
values is 112 MW, and the maximum ratio 𝜒agg is 0.19 at hour 

16:00. 

 

 
Fig. 7 Daily profiles for 154 PV plants (left) and their aggregation (right). 

By considering all the days in the year, Fig. 8 shows that the 
CDF of the ratio 𝜒agg is at most 0.26, while it is lower than 0.2 

for 97.7% of the hours and lower than 0.077 for 50% of the 
hours. In practice, taking the aggregate average power at a given 
hour, in most cases the variation of the aggregate average power 
at the next hour is lower than 20%. This result is significant for 
assisting the ancillary service procurement by the TSO. 

 
Fig. 8 CDF of the hourly average power ratio for the 154 PV plants. 

VI. CONCLUSIONS 

This paper has proposed a procedure that enhances the PV 
production model at first in the summer semester, then in the 
winter semester. The first optimization step includes the 
parameter of irradiance to power conversion, and the 
temperature coefficient of maximum power. Moreover, an 
ideality factor is introduced to consider all the other phenomena 
not included in the literature model. The second optimization 
step reduces the deviations between simulation and 
measurements in the winter: the parameters of a novel quadratic 
formula are optimized to better simulate the PV production in 
cloudy days. The results demonstrate the effectiveness of the 
proposed procedure: the energy deviations are generally <2% on 
an annual basis, and <3% during winter months. After 
optimizing the model for classes of PV plants based on the rated 
power, the procedure is repeated for the PV groups in three 
different regions of Italy. Increasing the number of PV plants 
and considering together generators with different rated powers 
lead to yearly deviation <3% in the different geographical areas. 
Future work will address the data quality of the PV production 
patterns, adjusting the data filtering to obtain a statistically 
significant  number of data for all the classes of PV plants under 
analysis. 
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