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Abstract

This study investigates the extent to which demand-load prediction and adaptive load control in
photovoltaic heating systems depend on computationally intensive artificial neural network (ANN)
models. We propose a load-prediction algorithm and a corresponding control strategy designed to
streamline the computational workflow and reduce resource requirements. By optimizing the
algorithmic structure, the proposed method reduces the computational burden during operation
while preserving predictive accuracy. The streamlined workflow enables efficient load prediction
and adaptive control in real-time operation. Compared with conventional ANN models, the
proposed method achieves an overall (all-interval) mean deviation of -0.2%. Moreover, the proposed
adaptive load-control strategy requires only 3.9% of the computational resources needed by
conventional approaches. The method rapidly reallocates computational resources in response to
changes in real-time input data, thereby minimizing redundant computations. Overall, the results
indicate that the proposed algorithm substantially reduces computational complexity while
maintaining high predictive accuracy. This approach offers an effective alternative to traditional
ANN-based methods and facilitates the practical deployment of photovoltaic heating systems.

Keywords: adaptive load; photovoltaic heating system; artificial neural network; system modeling;
optimization of methodological models

1. Introduction

With the growing global emphasis on renewable energy, photovoltaic heating systems—
integrating solar-to-electric conversion with thermal energy delivery—have emerged as a major
research focus for improving building energy efficiency and enabling clean heating. By aligning
photovoltaic power generation with thermal demand, these systems can reduce reliance on fossil
fuels and improve overall energy-utilization efficiency [1]. However, optimizing system performance
remains challenging because it requires accurate dynamic load prediction and coordinated real-time
responses. These requirements jointly shape the trade-off between conversion efficiency and
operating cost [2]. Numerous maximum power point tracking (MPPT) methods have been developed
for photovoltaic (PV) systems [3], including particle swarm optimization (PSO), Lyapunov control
schemes (LCS), incremental conductance (IC), fuzzy logic control (FLC), artificial neural networks
(ANN), ripple correlation control (RCC), perturb-and-observe (P&O), and Fisher discriminant
dictionary learning (FDDL) [4-13]. These approaches are typically evaluated under varying
irradiance and shading conditions, often with additional environmental factors taken into account.
Prior studies indicate that ANN-based MPPT can harvest more electrical energy from PV arrays than
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many alternative methods under diverse irradiance profiles [14,15]. Accordingly, load prediction and
control in photovoltaic heating systems often rely on complex ANN-based models trained on large
historical datasets to capture nonlinear load dynamics and achieve high predictive accuracy [16,17].
Nevertheless, multi-layer parameter optimization and iterative computations can impose substantial
computational costs and increase response latency in practical implementations. In distributed
deployments (e.g., remote areas or small communities), these requirements may exceed local
hardware capabilities, thereby limiting adoption. Moreover, training and maintaining ANN models
typically require long-term, high-quality datasets, which can be difficult to obtain and maintain due
to data-collection costs and nonstationary environmental conditions. Although MPPT primarily
maximizes electrical power extraction from a PV array, its benefit in photovoltaic heating systems is
ultimately realized through downstream load matching and control. This is because the operating
point imposed by the thermal load (or the power-electronic interface) couples the electrical maximum
power point (MPP) to instantaneous heating demand and overall system efficiency.

To address these limitations, this paper proposes a load-prediction algorithm and an adaptive
load-control model that retain key advantages of ANN-based approaches while substantially
reducing computational complexity and resource requirements. By optimizing model structure and
parameter selection, the proposed method avoids the multi-layer iterations and complex
optimization procedures typical of conventional ANN implementations, thereby reducing
computational load while maintaining reliable predictive performance. The proposed method is
evaluated by comparing annual cumulative output power with that of a conventional ANN-based
adaptive load-prediction model.

In addition, we compare the data-call volume of the two control models to quantify the
computational savings achieved by the simplified controller. This study makes two primary
contributions. First, the simplified design alleviates the computational bottleneck of conventional
methods and improves the feasibility of lightweight deployment in photovoltaic heating systems.
Second, the method’s stability and accuracy under long-term operation are validated, providing
empirical support for engineering applications. Beyond photovoltaic heating, the proposed low-
complexity framework may be applicable to other distributed energy-management tasks, such as
wind-power load matching and microgrid scheduling. From a societal perspective, reducing
computational and operational costs can facilitate clean-energy deployment in resource-constrained
settings and support progress toward dual-carbon targets and improved energy equity.

2. Construction of the Load Prediction Model for the Photovoltaic Heating
System

2.1. Modeling and Simulation of Irradiance and Ambient Temperature

Using TRNSYS, we modeled the annual solar irradiance incident on a surface tilted at 39° and
the corresponding ambient-temperature variations [18]. The model generated hourly irradiance data
for periods in which irradiance exceeded 100 W/m? (Figure 1). As shown in Figure 1, the plane-of-
array (tilted-surface) irradiance ranges from 100.6 to 1287.3 W/m?, and the corresponding ambient
temperature varies from —22.2 to 33.3 °C. Hourly samples with irradiance in the 100-200 W/m? range
were excluded from the binning analysis and subsequent model construction; they were retained
only for completeness in the initial hourly irradiance dataset (Figure 1). For subsequent analysis,
irradiance values exceeding 200 W/m? were classified into five 200 W/m? intervals. To avoid
ambiguity at bin boundaries, the irradiance intervals were defined as half-open ranges: [200, 400),
[400, 600), [600, 800), and [800, 1000), with the final interval defined as [1000, ) W/m? (up to the
observed maximum of 1287.3 W/m?). Accordingly, boundary values (e.g., 400 W/m?) were assigned
to the upper interval [19,20]. The annual cumulative irradiance fractions within these intervals were
12.0%, 19.7%, 25.2%, 31.6%, and 11.6%, respectively (Figure 2). We also computed the annual mean
irradiance and the corresponding mean ambient temperature for each interval (Figure 3). These
results were used as inputs to the subsequent Simulink-based simulations.
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Figure 1. Monthly Irradiance on a 39° Tilted Surface (>100 W/m?) and Ambient Temperature Variations.
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Figure 2. Annual Proportion of Cumulative Irradiance in Each Irradiance Interval.
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Figure 3. Annual Average Irradiance and Average Temperature in Each Irradiance Interval.
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2.2. Establishment of the Simplified Load Solution Model for the Photovoltaic Heating System

The Ulica Solar UL-330M-60 module was used as the PV module model, and its key parameters
are summarized in Table 1. The module has a rated maximum power of Pmax=330W at the maximum
power point, with Vmpp=33.5V and Impp=9.85A. The datasheet also reports the open-circuit voltage Vo,
short-circuit current Is, and the temperature coefficients for voltage and current. These ratings are
specified under Standard Test Conditions (STC), ie. an irradiance of 1000 W/m? and a cell
temperature of 25 °C. Multiple PV modules were electrically interconnected to form an array.
Simulations were performed for an array configuration of NsxNp=2x1, where Ns and Np denote the
numbers of series- and parallel-connected modules, respectively. This array configuration was used
to evaluate the computational model and its design parameters.

Table 1. PV array parameters at STC (T=25"C and S=1000 W/m?).

Description Parameter
Cells per module (Ncell) Neen =60

Maximum power Puax =330 W

Voltage at P Vimpp =335V

Current at Puax Lnpp=9.85 A

Short-circuit current I«=10.26 A

Open-circuit voltage Voe=41.0V
Temperature coefficient of Vo -0.330 %/deg.C
Temperature coefficient of I +0.049 %/deg.C

2.2.1. Maximum Output Power and Internal Resistance Calculation

Based on an array comprising two PV modules connected in series (Table 1), we implemented a
no-load maximum power point (MPP) model in Simulink (Figure 4). In this model, irradiance Sand
cell temperature T were used as inputs. These inputs were set to the annual mean irradiance and the
corresponding annual mean cell temperature for the five irradiance intervals defined above.
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Figure 4. No-Load Simulink Maximum Power Point Simulation Model.

Prior studies indicate that the temperature difference between ambient air and PV cell
temperature typically ranges from 20 to 30 °C [21,22]. Here, we adopted a conservative offset of 30 °C;
therefore, the cell temperature was set to the annual mean ambient temperature plus 30 °C. Based on
the results in Section 2.1, the annual mean irradiance S for the five intervals was 1053.2, 898.6, 699.8,
4974, and 302.4 W/m?, respectively. The corresponding annual mean cell temperatures T were 43.5,
41.2, 39.0, 40.9, and 41.8 °C. For each interval, the model outputs the maximum power and the
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corresponding MPP voltage under the specified Sand T conditions. Using Ohm’s law, we calculated
the equivalent internal resistance at each MPP as 6.1, 7.1, 9.3, 13.2, and 21.3 Q (Figure 5).
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Figure 5. Maximum Output Power and Internal Resistance at Different Irradiances and Cell Temperatures (No-
Load Condition).

Based on the maximum power transfer theorem, we implemented a loaded MPP model in
Simulink (Figure 6). The resulting maximum output powers after load connection were 628.2, 542.3,
429.2,302.2, and 180.7 W across the five irradiance intervals (Figure 7).
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Figure 6. Loaded Simulink Maximum Power Point Simulation Model.
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Figure 7. Maximum Output Power and Internal Resistance at Different Irradiances and Cell Temperatures
(Loaded Condition).

By comparing the loaded model (Figure 6) with the no-load model (Figure 4), we obtained
relative power errors of 2.9%, 3.1%, 2.9%, 2.8%, and 3.0% across the five intervals (Figure 8). This
error analysis supports the reliability of the proposed modeling approach and provides a basis for
subsequent calculations of annual cumulative power output.
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Figure 8. Comparison of Simulink Maximum Power Output Simulation Models under No-Load and Loaded

Conditions.

2.3. Construction of the Adaptive Load Power Prediction Model for the Photovoltaic Heating System

Prior studies indicate that artificial neural networks (ANNs) are among the most effective
approaches for modeling the power characteristics relevant to maximum power point tracking
(MPPT) in photovoltaic systems. To evaluate the predictive performance of the simplified load model
in Section 2.2, we developed an ANN-based adaptive load—power prediction model (Figure 9). The
model comprises three modules: a data-input interface, a trained ANN model, and an output
interface. The workflow is summarized as follows. The input interface provides irradiance and cell
temperature to the trained ANN model. The trained ANN then estimates the maximum output
power at the corresponding operating point via inference. During inference, the ANN performs a
forward-propagation pass using stored network weights (i.e, weight retrieval followed by
feedforward evaluation) to estimate the output; no online iterative optimization or parameter
updating is performed. Finally, the output interface returns the predicted value.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 9. Artificial Neural Network-Based Maximum Output Power Prediction Model.

Constructing the trained ANN model is a key step in the proposed predictive framework. The
training dataset comprises maximum output power values corresponding to discrete irradiance
levels and cell temperatures. Based on the meteorological data in Figure 1, irradiance values above
200 W/m? were discretized into 10 bins with a 100 W/m? step over 250-1150 W/m?, and the midpoint
of each bin was used as the representative value. Ambient temperature was discretized into 13 bins
with a 5 °C step over -30 to 30 °C. As defined in Section 2.2.1, cell temperature was set to ambient
temperature plus 30 °C, yielding a range of 0-60 °C. Using the above discretization scheme and the
no-load Simulink MPP model (Figure 4), we systematically computed the maximum output power
and equivalent internal resistance for each irradiance bin across all temperature bins. Figure 10
illustrates the maximum output power across the 13 cell-temperature bins (0-60 °C) at an irradiance

of 1150 W/m2.
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Figure 10. Maximum Power Point at Irradiance S = 1150 W/m? under Different Temperature Conditions.

Maximum power outputs under the remaining irradiance conditions were computed using the
same procedure. Using the complete set of simulation results, we constructed the trained ANN model
with 10x13=130 nodes (Figure 11). These 130 nodes correspond to the 10 irradiance bins and 13
temperature bins (i.e., 10x13 combinations).
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Figure 11. Traditional Artificial Neural Network Database Dataset.
3. Results and Discussion

3.1. Output Power Calculation of the Simplified Model

Following the approach described in Section 2, the simplified model partitions irradiance into
five intervals, each associated with a corresponding cell temperature. Using Simulink, five equivalent
internal resistances r1-r5 were calculated as 6.1, 7.1, 9.3, 13.2, and 21.3 Q), respectively.

The equivalent internal resistance at the maximum power point (MPP) was computed as follows:

Iy =?— (1)
mpp

where Vmpp and Impp denote the voltage and current at the maximum power point, respectively.

According to the maximum power transfer theorem, maximum power is delivered when the
load resistance equals the corresponding internal resistance (i.e., Rt1-Ris = r1-75).

We propose an adaptive-load photovoltaic direct-heating system; its operating principle is
shown in Figure 12. The system dynamically selects among five load resistors (Rii-Ris) based on the
real-time measured plane-of-array irradiance S. Specifically, when S€ [200,400) W/m?2, contactor
KM5 closes to connect RL5; otherwise, KM5 remains open. Similarly, for S &[400,600), [600,800),
[800,1000), and [1000,1200] W/m?, contactors KM4-KM1 close, respectively, to connect RL4, RL3, RL2
and RL1, thereby supplying power for water heating. To prevent parallel activation of multiple loads,
contactors KM1-KM5 operate in a mutually exclusive (interlocked) mode such that only one
contactor can be closed at any time, corresponding to the active irradiance interval. To avoid
ambiguity at bin boundaries, the irradiance intervals are defined as half-open ranges: [200, 400), [400,
600), [600, 800), and [800, 1000), with the final interval defined as [1000, 1200] W/m?. Accordingly, a
boundary value (e.g., 400 W/m?) is assigned to the upper interval, whereas 1200 W/m? is included in
the final interval. The contactor coils are powered by an external AC supply.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 12. Operating Principle of the Simplified Control Model for the Adaptive Load Photovoltaic Heating
System.

Using the hourly plane-of-array irradiance from Figure 1, together with the cumulative
irradiance fractions, mean irradiance values, and interval power outputs from Figures 2, 3, and 7, the
system computes the cumulative output power for each interval (Figure 13).
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Figure 13. Annual Cumulative Output Power Comparison between the Conventional and Optimized Artificial
Neural Network Prediction Models.

3.2. Cumulative Output Power Calculation Using the Artificial Neural Network

Using the hourly plane-of-array irradiance from Figure 1, together with the cumulative
irradiance fractions, mean irradiance values, and interval power outputs from Figures 2, 3, and 7, the
system computes the cumulative output power for each interval (Figure 13). Using the same
procedure, the hourly plane-of-array irradiance from Figure 1 was fed into the ANN-based output-
power prediction model (Figure 9). The load was assumed to respond dynamically to the input
conditions and to utilize all generated power (i.e., no curtailment). The simulation outputs were post-
processed to obtain the ANN-predicted cumulative output power for each interval (Figure 13).

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Comparison of the two models across the five intervals shows that the deviation between the
ANN model and the simplified model ranges from —0.9% to 0.1%. The overall (all-interval) mean
deviation is —0.2%. Given the small deviation, the simplified model achieves accuracy comparable to
the ANN baseline and is therefore suitable for practical engineering applications.

The deviation was quantified as the relative error with respect to the ANN baseline. For each
interval i, the relative error was defined as follows:

P —P
o= AW 100% )

ANN

Where Psimp and Pann denote the cumulative output power predicted by the simplified model
and the ANN model, respectively.
The overall (all-interval) mean deviation was computed as an irradiance-fraction-weighted
mean of the interval-wise relative errors, defined as follows:
- 5

8overall = z Wisi 5 1‘5:1 "Vl = 1 (3)
i=1

Where wi denotes the annual irradiance fraction (or time-share) associated with interval i, and 0i
is the corresponding relative error.

3.3. Comparison of Data Requirements for Control Output of Two Models

To reduce the computational burden of maximum output-power prediction, we simulated local
meteorological conditions and extracted hourly irradiance and temperature data. The annual
irradiance time series was grouped into five intervals with a 200 W/m? step, and the annual mean
irradiance and corresponding mean temperature were calculated for each interval. A no-load
Simulink model was established to compute the maximum output power and the equivalent internal
resistance at the maximum power point (MPP) for each of the five operating points. A loaded
Simulink model was then built to compute the maximum output power and the equivalent internal
resistance at the MPP after load connection for each of the five operating points. Based on these results,
we implemented a simplified ANN-based control model (Figure 14) for adaptive load matching.
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Figure 14. Optimized Artificial Neural Network Control Model.

The controller uses a single input— plane-of-array irradiance—and includes five ANN nodes.
For a given irradiance input, the controller identifies the corresponding interval, selects the associated
node value, and switches in the matched load to initiate water heating. Owing to its low
computational demand, the controller enables rapid response. For the ANN-based maximum-power
prediction model, we used the same meteorological simulations to obtain hourly irradiance and
temperature data. The annual irradiance time series was discretized into 10 intervals with a 100 W/m?
step, and ambient temperature was discretized into 13 intervals with a 5 °C step.
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A no-load Simulink model was used to compute the maximum output power and the equivalent
internal resistance at the MPP for all 130 operating points. A loaded Simulink model was further used
to compute the maximum output power and the equivalent internal resistance at the MPP after load
connection for the same 130 operating points. Based on these results, adaptive load matching was
performed using the ANN-based controller (Figure 15).
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Figure 15. Traditional Artificial Neural Network Control Model.

The controller uses two inputs—plane-of-array irradiance and PV cell temperature—and
contains 130 ANN nodes. Given irradiance and cell-temperature inputs, the controller determines the
corresponding intervals, retrieves the associated node value from the 130 candidates, and switches
in the matched load to initiate water heating. Consequently, this approach requires substantially
greater computational resources and incurs higher implementation cost.

4. Conclusion

This study systematically compares conventional ANN-based prediction and control models
with simplified counterparts using TRNSYS-generated meteorological data for training and
validation. The main findings are summarized as follows:

(1) For annual cumulative output power, the absolute deviation between the conventional and
simplified prediction models ranges from 0.1% to 0.9%, and the overall (all-interval) mean deviation
is —0.2%. This narrow deviation range indicates that the simplified prediction model achieves
accuracy comparable to the conventional model.

(2) Regarding data-call efficiency, the conventional controller uses 130 nodes, whereas the
simplified controller uses five, corresponding to 3.85% of the conventional model’s node count. This
reduction indicates that the simplified controller can substantially decrease computational demand
and associated hardware cost. Consequently, the simplified controller provides a practical alternative
to computationally intensive ANN-based approaches by offering a favorable trade-off between

performance and cost.
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Abbreviations

The following abbreviations are used in this manuscript:

MPP Maximum power point;

ANN Artificial neural network;

Voc The open-circuit voltage of PV module, V;

Isc The short-circuit current, A;

Vinpp The optimal voltage at maximum power point, V;
Impp The optimal current at maximum power point, A;
Re Load resistance
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