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The energy output of photovoltaic (PV) systems is determined 
by various environmental factors, including solar irradiance, 
temperature, humidity, wind speed, dust accumulation, 
shading, and pollution (Jathar et al., 2023). The orientation 
and tilt angle of  PV modules are significant installation 
parameters that have a  direct effect on the  system‘s yield 
(Hasan et al., 2021). The substantial effect of  tilt angle and 
incident solar radiation intensity has also been validated 
in recent work (Aslam et al., 2022). Numerous mathematical 
procedures for optimal tilt calculation have been compiled 
in  previous publications (Li and Lam, 2007). For instance, 
global calculations of optimal tilt angles were performed for 
every country using NREL‘s PVWatts program (Jacobson and 
Vijaysinh, 2018). Regionally specific studies have explored 
annual PV tilt variability using several predictive models 
(Hua et al., 2020).

Recent progress includes the  application 
of  computational methods for analysing the  impact of  tilt 
angle on PV system performance, employing algorithms 
based on diverse optimisation criteria (Zeeshan and Aized, 
2023). For large-scale PV system evaluation, artificial 
intelligence techniques have been introduced to further 
model and analyse performance (Abubakar et al., 2022). 
Regression and statistical approaches assist in  energy 
balance evaluation and provide quantitative tools for 
PV system modelling (Mostafavi et al., 2013). However, 
conventional models often focus on isolated tilt angle 
optimisation, rarely integrating dynamic system-level 
relationships.

This contribution presents a  multidimensional 
optimisation approach founded on transfer function 
modelling and artificial neural networks to advance 
the  characterisation of  PV system energy balance. 
The  methodology surpasses single-parameter models 
by enabling comprehensive system-level modelling and 
robust performance evaluation (Chinchilla et al., 2021). 
Comprehensive energy balance optimisation has been 
investigated by Libra et al. (2024).

A novel stepwise computational framework is proposed 
for determining optimal tilt angle, utilising complex variable 
models for more straightforward identification of empirical 
relationships in experimental data. Modelling with complex 
variables offers an alternative to purely analytical or AI-based 
solutions, and their robustness can be further validated 
by artificial intelligence (Mellit and Kalogirou, 2021). 
Time-dependence in  system response is described using 
a differential equation with constant coefficients. Functional 
similarities, such as shape resemblance at different steady 
states, are used to describe experimental results effectively. 
The  resulting transfer function allows for testing models 
under varied boundary conditions to simulate experimental 
scenarios (Jacobson and Vijaysinh, 2018). Dynamic system 
identification and comparison of  model predictions with 
experimental observations are also addressed (Benkaciali 
et al., 2016). The  main aim of  this research is the  creation 
of  a  novel procedure for modelling the  time dependency 
of  PV system energy balance as a  function of  tilt angle. 
Quantitative indicators provide criteria for evaluating 
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the  validity of  complex variable models, and a  dedicated 
algorithm enables direct comparison between complex 
variable and regression-based models (Abubakar et al., 
2022). The  methodology focuses on crucial quantification 
parameters for characterising energy balance at specific tilt 
angles while preserving the practical simplicity of regression 
analysis. 

This study presents a  novel computational framework 
integrating complex variable modelling, transfer function 
analysis, and artificial neural networks for optimising 
photovoltaic system tilt angles. The  principal innovation 
lies in developing a validation methodology for regression 
models using complex variable techniques, providing 
enhanced flexibility and precision through automated 
frameworks. The  research demonstrates considerable 
novelty by achieving exceptional predictive accuracy with 
neural network confidence rates and establishing strong 
empirical relationships with high correlation coefficients.

The description of  experimental photovoltaic system and 
the  methodology of  data collection, data processing, 
creation and validation of  the  mathematical model is 
summarised in this section.

Description of experimental photovoltaic system
A 291.4 m² experimental photovoltaic installation occupies 
the  infrastructure of  Masaryk University, Brno, Czech 
Republic with a  southwest azimuth (Fig. 1). The  system 
consists of two segments:

	– A 5 kWp building-integrated photovoltaic section (48 × SI 
72-110 modules, vertical 90° inclination). 

	– A 30 kWp roof-mounted section (288 × identical modules, 
25° tilt).
The SOLARTEC SI 72-110 photovoltaic modules are 

composed of 72 monocrystalline silicon cells, each with an 
active area of (10.16 × 10.16) cm². A single module provides 
a  nominal peak power output of  110 W, with an open-
circuit voltage of  21.6  V, a  short-circuit current of  6.76  A, 
a maximum power point voltage of 17.4 V, and a maximum 

power point current of 6.32 A. The maximum system voltage 
of 760 V is reached at the level of a series-connected string 
of  modules. Each module is internally configured as two 
parallel cell strings, with 36 cells connected in series in each 
string, which corresponds to the  measured open-circuit 
voltage of  approximately 21.6 V. Power conditioning 
employs FRONIUS IG40 (4100 W maximum output) and 
IG60HV (5000  W maximum output) inverters. These 
enable bidirectional grid interconnection via institutional 
switchgear. 

Although the  PV system consists of  two parts, for 
the purposes of the presented model verification algorithm, 
the  overall power and energy balance was taken into 
consideration. Energy balance data were obtained in 2021 
year.

Data processing and creation 
of mathematical models 

Data acquisition for the photovoltaic system encompassing 
temporal, energetic, and meteorological parameters 
sampled at five-minute intervals over a  three-year period 
to capture seasonal variability. Data preprocessing and 
initial statistical analysis were conducted using MS 
Excel and Statistica software. Subsequent mathematical 
modelling employed regression analysis in MATLAB R2024b, 
revealing governing polynomial non-linear relationships 
for energy production. The resulting regression coefficients 
established an experimental-analytical modelling 
framework. The  identification of  seasonal representative 
days was performed through systematic assessment of daily 
operational parameter profiles. Model validation utilised 
an artificial neural network (ANN) implemented in  Python 
3.12.3, featuring a ReLU-activated neurons without standard 
normalisation. The  ANN processed monthly segmented 
daily energy balance data as inputs, with modelled 
mean energy balance as output variable for comparative 
validation of PV data. For evaluation of the PV-system energy 
balance, a  model day was computed from the  average 
values of the produced energy. The model day was utilised 
as a  reference value for energy production in  time based 
on the  best covariance on average values of  produced 
electricity in analysed time range.

Material and Methods

Fig. 1	 Experimental PV system
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highlights the  variations observed from January through 
December.  The statistical significance of  differences 
(p  ≤0.05) was evaluated by the  non-parametric analysis 
of variance (ANOVA), whilst Pearson‘s correlation coefficient 
quantified the  characteristics of  relationships between 
temporal variables.

The statistical analysis employed a  comprehensive 
methodology including confidence interval estimation, 
Pearson‘s correlation coefficients, and one-way ANOVA 
significance testing. Data are presented as mean ± standard 
error of mean (SEM), with statistical comparisons evaluated 
at a  95% confidence level (p ≤0.05).  The standard errors 
of  the  mean produced energy varied between months. 
The  lowest standard error was identified in  January 
(±286.26 kWh), indicating more stable data, and the highest 
in  August (±1204.5  kWh), suggesting greater variability or 
fewer values. Higher errors in May, June, and September also 
point to less reliable averages.  The experimental monthly 
averages range from approximately 0.7 kWh (winter 
months) to 7.8 kWh (summer months), which is consistent 
with the 35 kWp system‘s daily performance under Central 
European conditions.

Energetic balance of representative model day
Energy yield comparison between summer-optimised 25° 
tilt angle (678.9 kWh July; 685.4 kWh June; 616.6 kWh August; 
5230.3 kWh annual) and year-round 35° tilt (656.4  kWh 
July; 665.7 kWh June; 611.6 kWh August; 5254.9  kWh 
annual) showed statistically insignificant differences (up to 
3.5% monthly). A model day was selected by the maximal 
covariance between experimental 25° tilt PV data and 
seasonal analytical models to ensure representative 
system performance characterisation (Poncelet et al., 
2017; Cereghetti et al., 2003).  The selection process 
incorporated automated correlation coefficient calculations 
for all candidate days, identifying the  representative day 
exhibiting the  highest statistical correlation with seasonal 
mean behaviour.

The regression analysis demonstrated that PV energy 
output follows a  non-linear polynomial trend, with 
the  experimental regression spanning from the  second 
to fourth-degree polynomic functions. The  fourth-degree 
polynomial (Eq. 2) was selected for its optimal fit to 

A dedicated algorithm was implemented for 
the photovoltaic system analysis through sequential phases: 

	– data acquisition interfaces with photovoltaic installations 
to collect time series, energetic, and meteorological 
parameters for comprehensive operational 
characterisation; 

	– centralised processing converges data streams using 
designated computational tools, with mathematical 
computations executed in  specialised software 
environments and statistical operations performed 
in standardised analytical platforms; 

	– the modelling framework implements parallel analytical 
and complex-variable methodologies to enable 
comparative analysis and enhance robustness; 

	– energy balance synthesis integrates model outputs into 
final quantifications, consolidating analytical procedures 
to comprehensively characterise photovoltaic energy 
processes while ensuring scientific validity and 
reproducibility. 
The identification by transfer function in  complex 

variable was used to evaluate experimental data from the PV 
system and validate the  regression model. The  transfer 
function analysis incorporated a steady-state value and rise 
time of  transfer function to assess the  dynamic behaviour 
of  investigated data. The  transfer function of  the  complex 
variable is given by Eq. (1). 

	 G(s) =  
bmsm + bm - 1 sm - 1 +... + b1s + b0

 	 (1)

where:	 G(s) – transfer function; a  – constant coefficient 
of  numerator; b – constant coefficients 
of  denominator; n – number of  zeros; m – order 
of dynamic system

The average values of  the  energy produced by the  PV 
system were modelled using the transfer function. 

Statistical analysis
The statistical significance of  differences (p ≤0.05) was 
evaluated by the  non-parametric analysis of  variance 
(ANOVA). Pearson‘s correlation coefficient quantified 
the  characteristics of  relationships. Model robustness was 
evaluated using the  coefficient of  determination (R²) and 
mean absolute percentage error (MAPE). The ANN was used 
to predict system performance. 

Statistical evaluation of annual energy production 
The photovoltaic system was evaluated continuously over 
an entire calendar year at a  fixed tilt angle of  25°.  Daily 
average energy production data were collected and 
processed to generate monthly mean values expressed 
in  kilowatt hours (kWh).  A month-to-month comparison 
using statistical analysis revealed a  significant increase 
in  energy yield between March and April (p ≤0.001). This 
can be considered as good fit of  experimental PV data 
like time series dependency. The  comprehensive monthly 
energy production data are depicted in  Fig. 2, which 

Results and discussion

Fig. 2	 Annual statistical evaluation of  daily average energy 
produced by the  PV system  (kWh)  (mean ± 95% 
confidence interval)
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Fig. 3 experimental data (Eq. 4).  The model robustness 
was evaluated using the  coefficient of  determination 
(R²) and mean absolute percentage error (MAPE), with 
a comprehensive validation assessment conducted through 
cross-validation techniques.  The function dependence 
for the  average data of  energy produced by the  PV 
system depicted in  Fig. 3 is represented by the  regression 
relationship (Eq. 3). These parameters were incorporated to 
enable accurate total energy balance calculations for the PV 
system. Annual experimental data (Fig. 3) demonstrate 
comparable morphology between empirical observations 
and theoretical transfer functions. Statistical processing 
yielded 95% confidence intervals quantifying estimation 
uncertainty (p >0.05) and considered as insignificant 
differences between energy data. Given the  continuous 
tendency of  the  investigated parameter, regression 
modelling was applied to describe photovoltaic energy 
generation throughout the annual cycle. The nature of data 
distribution was verified by Kolmogorov-Smirnov test 
for goodness-of-fit to a  normal probability distribution 
(p >0.05).

	 E = a₄t⁴ + a₃t³ + a₂t² + a₁t + a₀	 (2)

	 E = 0.011 t4 - 0.26 t3 + 1.77 t2 - 1.66 t + 0.71	 (3) 

	 E = 0.011 t4 - 0.26 t3 +1.77 t2 - 1.67 t + 0.73	 (4) 

where:	 E –  daily average  energy produced by the  PV 
system (kWh); t – time value (month)

The polynomial coefficients in Eq. 3 have the following 
dimensional units to ensure dimensional consistency: 
a₄  =  0.011 (kWh·month-⁴); a₃ = -0.26 (kWh·month-³); a₂ = 
1.77 (kWh·month-2); a₁ = -1.66 (kWh·month-1); and a₀ = 
0.71  (kWh). Similarly, for Eq. 4: a₄ = 0.011 (kWh·month-⁴); 
a₃  = -0.26 (kWh·month-³); a₂ = 1.77 (kWh·month-2); a₁ = 
-1.67 (kWh·month-1); and a₀ = 0.73 (kWh).

The annual energy balance analysis across tilt angles 
(0° ÷ 90°) revealed optimal performance at a 35° inclination, 
yielding (8.59 ±4.70)  kWh. However, long-term system 
performance must also consider reliability characteristics 
and actual operational lifetime of  PV panels, which may 
differ significantly from manufacturer declarations (Poulek 

Fig. 3	 Annual PV  daily average  energy data  (kWh)  with 
comparison of  average energies produced by the  PV 
system (blue solid line is related to the  fourth order 
polynomial regression of produced energy by Eq. 2)

et al., 2024). Validation through 12-month operational 
data confirmed predictive accuracy, with measured 
versus predicted correlations achieving R² = 0.929 ±0.017. 
The energies produced in the annual seasons are statistically 
insignificantly different (p >0.05) to the  model day (Fig. 
4).  Statistical validation incorporated Student‘s t-tests 
for paired comparisons. Statistical metrics demonstrate 
the robustness of the analytical approach under real-world 
operational conditions.  Multiple recent sources indicate 
that tuning regression setup and the  selection of  input 
variables  – especially weather data – critically influence 
forecast accuracy (Markovics and Mayer, 2022; Starke et al., 
2021). This aligns with global studies finding high correlation 
between sunlight and PV power during these daily periods 
(Starke et al., 2021; Senger et al., 2024). 

Results of PV data comprehensive modelling 
The dynamic behaviour of  the  PV system in  the  complex 
variable plane was described using a  fourth-order transfer 
function with one zero, incorporating a time-derivative term 
as outlined in relevant literature (Farooq et al., 2025).

Transfer function parameters were systematically 
analysed across different tilt angles. Table 1 summarises 
the  dependence of  the  steady-state value and rise time 
of transfer function (Eq. 5) on the panel tilt angle. 

Table 1	 Characteristics of  transfer function dynamic 
markers on different tilt angles of the PV system 

Tilt angle (°) Steady-
state value

Rise time of transfer 
function (s)

0 7300 1884

25 6808 1880

30 6861 1083

35 6638 2059

45 6150 2529

90 5811 3180

Coefficient of correlation 
on tilt angle

-0.95 0.74
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Fig. 4	 Statistical evaluation of  daily average energy (kWh) 
produced by the  PV system in  annual seasons with 
comparison to a  model day (mean value ± standard 
error of mean)
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A strong negative nonlinear correlation was identified between the steady-
state value and tilt angle, indicating that the system‘s long-term output decreases 
as the  tilt increases. In  contrast, rise time showed a  strong positive linear 
correlation with tilt, reflecting slower system response at higher angles. 

For the representative case of 25°, modelling was based on monthly averages 
of  the energy balance. The fitted transfer function (Eq. 5) for this configuration 
achieved R² = 89.20%. Table 1 provides the parameter values across the different 
tilt angles. 

	 G(s) =  
0.000933 s4 + 0.0002055 s3 + 0.00268 s2 + 0.0001527 s + 0.000404

	 (5)

where:	 G(s) – transfer function of average modelled case; s – Laplace‘s operator

Table 2	 Dynamic characteristics of average modelled energy by the PV system

Characteristic parameter Average produced energy 
(25°)

Significance  
(vs. other tilt angles)

Steady-state gain 4119 p ≤0.01

Rise time (s) 1.15 p ≤0.05
 

Recent adaptive and interval-based forecasting approaches, as promoted 
in new research (Wang et al., 2023; Ni et al., 2017), permit dynamic adjustment for 
shifting weather or operation, notably improving prediction reliability. 

The model accuracy was further assessed by the  coefficient 
of  determination  and mean absolute percentage error (MAPE). The  artificial 
neural network (ANN) model trained on average daily energy balance values 
achieved the best coefficient of determination value of 99.15% and MAPE value 
of 5.99% with one hidden layer and 12 neurons, confirming robust agreement 
with observed data. 

Table 3	 Performance of energy production by the PV system via selected ANN architectures

Model case ANN architecture R² (%) MAPE (%)

Average produced energy
(tilt angle 25°)

1 hidden layer with 2 neurons 72.77 57.29

1 hidden layer with 12 neurons 99.15 5.99

2 hidden layers, each with 12 neurons 95.90 22.75

As shown in Fig. 5, the case yielded 
optimal results when the  network 
architecture was configured with one 
hidden layer including 12 neurons, 
reflecting the  strongest confidence 
with experimental values and 
the  minimum value of  MAPE. At two 
hidden layers, the  model was already 
overtrained (MAPE value of 22.75%). 

Recent advances in  artificial 
intelligence have enabled 
the  development of  highly accurate 
models for predicting and optimising 
photovoltaic system performance 
under diverse environmental 
conditions (Ma et al., 2022; Dimovski et 
al., 2020).

Conclusion 
The photovoltaic system performance 
is influenced by environmental 
and installation-specific factors, 
demanding advanced modelling 
for reliable predictions. This study 
introduces a  key novelty: a  validation 
method for regression models using 
complex variable modelling, which 
significantly enhances the  flexibility 
and precision of PV analysis.

A principal benefit of the proposed 
approach is its dynamic framework that 
incorporates statistical comparison, 
transfer function analysis, and neural 
networks. This methodology achieves 
high reliability in  energy balance 
predictions, in  case of  25° tilt angle 
with confidence rates of  93.9% for 
the regression model which is validated 
by ANN on confidence reliability up to 
99.15% and 89.20% for the  complex 
variable model. The  benefits also 
include streamlined data processing, 
robust model verification, and 
the  ability to accurately capture 
both long-term energy trends and 
detailed system dynamics. Future 
research should focus on leveraging 
these novelties and benefits for smart 
energy management and the  scaling 
of the approach to larger photovoltaic 
installations. 

Fig. 5	 Best correlation between real and estimated energies produced by the  PV 
system via ANN modelling (1 hidden layer with 12 neurons)
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