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PHOTOVOLTAIC GENERATION FORECASTING MODELS:
CONCEPTUAL ENSEMBLE ARCHITECTURES

Abstract. The decisions regarding power regulation, energy resource planning, and integrating “green”
energy into the electrical grid hinge on precise probabilistic forecasts. One of the potential strategies to
enhance forecast accuracy is the utilization of ensemble forecasting methods. They represent an approach
where multiple models collaborate to achieve superior results compared to what a single model could
produce independently. These methods can be categorized into two main categories: competitive and
collaborative ensembles. Competitive ensembles harness the diversity of parameters and data to create a
rich pool of base models. This approach may encompass statistical analysis, noise filtering, and anomaly
elimination. On the other hand, collaborative ensembles rely on the interaction among models to achieve
better outcomes. These methods encompass strategies such as weighted predictions, voting, aggregation,
and a combination of model results. The research of ensemble forecasting methods in the context of
photovoltaic generation is highly relevant, as solar energy represents a crucial source of renewable energy.
Accurate predictions of solar energy production address the challenges related to the efficient utilization
of photovoltaic panels and their integration into the overall energy system. This paper investigates
conceptual ensemble architectures for photovoltaic energy forecasting. These architectures encompass
various methods of aggregating base models within an ensemble, allowing for the consideration of different
aspects and peculiarities of solar data, such as solar irradiation intensity, meteorological conditions,
geographic factors, and more. These conceptual models are developed based on well-established
statistical, machine learning, and artificial intelligence methods. Therefore, this paper provides an
overview of ensemble forecasting methods for renewable energy, covering competitive and collaborative
ensembles, as well as developing conceptual models for solar energy forecasting. This work aims to elevate
the accuracy and efficiency of forecasts in the realm of renewable energy, representing a significant step
in the advancement of sustainable and environmentally friendly energy production.

Keywords: probabilistic solar forecasting, ensemble model, forecast combination, competitive ensembles,
collaborative ensembles, conceptual models.

1. Introduction

The growing global demand for energy poses challenges such as excessive strain on supply [1],
significant adverse environmental impacts [2] (rising temperatures [3], ozone layer depletion, climate issues,
etc.) [4], and the depletion of energy resources [5]. Over the past decades, new resilient energy systems and
methods for integrating renewable energy sources and energy storage systems into the electrical grid have been
researched and discussed extensively [6, 7].

The impact of new approaches to designing, developing, and managing energy systems focusing on their
resilience throughout their entire life cycle presents a significant challenge [8]. Key terms like “Smart Grids”
and “Nearly Zero-Energy Buildings” are frequently used in the context of various energy system subfields.
Still, it's essential to consider them within the framework of the overall energy system [9, 10]. An example of
this is the concept of intelligent energy systems, commonly referred to as “Smart Energy Systems” [9, 11].

The full potential of managing energy systems using computational resources has not been fully realized,
remaining a relevant topic for further research and development [12]. However, a crucial requirement is the
integration of all subsystems of energy systems on a global scale [10].

The formal definition of a smart energy system, as stated in [11, 13], is that it comprises “new
technologies and infrastructure that create new forms of flexibility, primarily in the energy system conversion
stage” [14]. Various sectors, including electricity and transportation, collaborate to compensate for the lack of
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flexibility resulting from using renewable energy sources [15-17]. The smartness of energy systems is closely
tied to the ability to predict their behavior in the future, making modeling, simulation, and forecasting essential.

Literature on forecasting in energy systems varies in terms of methods used, as noted in comparative
reviews [3, 15, 18]. These reviews demonstrate that there is no one universal method that outperforms all
others in all aspects. Primary research has focused on point forecasts, for which methods such as Artificial
Neural Networks (ANN) [19, 20], K-Nearest Neighbors (KNN) [21], Support Vector Regression [22], Random
Forests [23], and multi-factor linear regression models [24] are often considered optimal solutions. Traditional
statistical methods like Autoregressive Integrated Moving Average (ARIMA) [25] and Seasonal ARIMA
(SARIMA) are popular due to their simplicity, with the Box-Jenkins methodology often used for model
configuration selection. However, it's essential to consider that ARIMA models assume a linear correlation
structure between forecasts and past data, which may lead to poorer results in the presence of nonlinear
patterns. As real data often contain a combination of linear and nonlinear patterns [26], and solar irradiation
data exhibit intermittency and variability, ARIMA models may perform worse compared to other methods
used in the literature [27, 28].

Recent trends in probabilistic solar forecasting advocate for the use of probabilistic combinations of
individual forecasts as a viable approach to improve accuracy [18, 29, 30]. However, combining probabilistic
forecasts is significantly more complex than combining point forecasts, where simple weighted averaging is
often acceptable. When combining probabilistic forecasts, reliability and accuracy requirements must be met,
and it's crucial to preserve the essential characteristics of the probabilistic forecast in the combined forecasts.

The purpose of this article is to elucidate the essence and content of the concept of “ensemble
forecasting” while investigating the principles and providing conceptual models for ensemble solar
forecasting.

2. Global Ensemble Concept

The concept of ensemble modeling is a powerful approach in machine learning (ML) and statistics that
involves combining predictions or outputs from multiple individual models to create a more accurate and
robust overall forecast. Ensemble modeling is based on the idea that by aggregating the results of several
models, the variability and impact of deviations in predictions can be reduced, leading to improved overall
performance. This approach is widely used in various fields, including data science, predictive analytics, and
ML, to enhance the accuracy and reliability of forecasts and classifications.

An ensemble can be seen as the collaboration of a group of models. The process of modeling a problem
is quite complex, as it involves many entities working together. One of the main challenges is the constant
change in the state of entities. They can become part of the collaboration or leave it, as well as change their
state and adapt to new conditions. Despite various methods that can be used for ensemble modeling, it is
essential to combine them to achieve better results.

One approach to ensemble modeling is the HELENA approach proposed in [31]. Here, ensemble
modeling is defined in terms of roles and their interactions for the shared achievement of a specific goal, which
can be used as a basis for the system development process. In each system, there is a set of different states that
allow us to define the components — ensemble participants and the role they play. The state of both is
determined by the values of their attributes.

In the context of the task, ensembles are combinations of several models, and the individual forecasts
are combined in a certain way to create the final forecast.

An ensemble consists of a set of individually trained classifiers, such as neural networks or decision
trees, whose predictions are combined when classifying new instances. Each ensemble member is expected to
work collaboratively and complement each other. If the ensemble models used are complementary, the
probability of detecting an error in the prediction increases, as well as the possibility of correcting it with other
models. Instead of many traditional ML algorithms that create a single model, ensemble learning methods
generate multiple models. The ensemble passes a new example to each included model, receives their
predictions, and combines them accordingly.

Fig. 1 illustrates the overall architecture of the ensemble.
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Fig. 1. The common ensemble architecture

As can be observed in Fig. 1, initially, the training data is divided into multiple datasets, and then several
base models are created, which can be executed sequentially or in parallel. Finally, the models are combined
on the base models [32, 33].

In general, the process of building an ensemble also involves several other steps:

1. Choosing a method by which variety is introduced into the basic models.
2. Choosing a method for combining models.
3. Selecting the type of base model.

Key concepts and components of ensemble modeling include:

Base (underlying) Models: Ensemble modeling starts with selecting base models or individual
predictive models. These base models can be of different types or variations of the same model with different
hyperparameters.

Aggregation: Ensemble methods employ various strategies to combine the predictions of base models.
There are two primary types of aggregation:

e averaging (pooling): Calculating the average (for regression tasks) or majority (for classification
tasks) of predictions made by individual models;

e weighted averaging (voting): Weighting the predictions of each model based on its effectiveness or
expertise, giving more weight to better-performing models.

Pooling is primarily used for combining numerical outputs, while voting is used for combining nominal
outputs [34]. “Voting” is the most popular method, where each base classifier votes for a specific class, and
the class with the most votes is the ensemble's prediction.

The majority voting falls into the category of ensemble combination methods, whereas ensemble selection
methods try to choose the best base models from the available set [35].

Diversity: The effectiveness of an ensemble often depends on the diversity of the base models. Different
models tend to make different types of errors, and when combined, these errors can compensate for each other,
leading to more accurate predictions. Diversity can be achieved through different model architectures, subsets
of training data, or subsets of features.

Ensemble Methods: There are several popular ensemble methods, including:

e bagging (Bootstrap Aggregating): Training multiple instances of the same base model on different
data samples;

e boosting: Boosting algorithms such as AdaBoost and Gradient Boosting combine predictions from
several weak models to create a “stronger” model;

e random forest: It combines bagging with random feature variation to create an ensemble of decision
trees;

e stacking: Combining predictions from multiple models by training a meta-model (the final ensemble
model) that learns to optimally combine their outputs.

Cross-Validation: To ensure that ensemble models generalize well to new data, cross-validation is often
used to assess their performance. Cross-validation helps prevent overfitting, especially when there are many
base models in the ensemble.

Hyperparameter Tuning: Ensemble models may have hyperparameters that require tuning to optimize
their performance. “Grid search” or “random search” is used to find the optimal hyperparameter settings for
both base models and the entire ensemble.
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The ensemble development process involves two main stages: model training and model combination.
During the training process, each model is trained using the same training examples but with different subsets
of input features.

3. Proposed conceptual architectures of ensemble models
3.1. Architecture with voting-based aggregation
The first architecture developed by the authors and described in [9] is shown in Fig. 2.
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Fig. 2. Ensemble architecture based on the voting of basic models [9]

Historical and current data on photovoltaic (PV) panels, weather data along with calendar variables, and
geographical location serve as input data for this forecasting system architecture. These data are used by the
base probabilistic models to create individual probabilistic forecasts. In the end, the forecast quantiles returned
from the base models are used as input data for the ensemble for their proper combination. During the forecast
combination stage, calendar variables and geographical location may or may not be used, differentiating the
estimation parameters. The output of the combination procedure is the probabilistic forecast of PV panel
power.

3.2. Architecture with aggregation based on averaging of base model forecasts
In the ensemble architecture with averaging, the Second-Level model (Forecast Combination in Fig. 2)
is replaced by Equation (1).

[ﬁ ]:(alyal+az)7a2 +otayY,)
' (8, +a, +...+a,) (1)

where [yf ] is overall average forecast of Level 1, Ya1r--+Yon are forecasts, which are given by every single

N model of Level 1, & &, --- » &y are the weights assigned to the outputs of Level 1.
Such architecture is depicted in Fig. 3.
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Fig. 3. The ensemble architecture based on averaging the base models

The contribution of each base model located at the first level is considered proportionally to its
confidence or performance. In Ensemble Architecture 1, the base models are combined in such a way that the
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outputs of one level are treated as input data for the next level. Each individual model provides forecasts that
are then aggregated into a training dataset for the second level, where the forecast is evaluated.

In Ensemble Architecture 2, after averaging the results of the first-level base models, a second regression
model “Model k” is added, which learns the errors made by the previous models. Thus, the primary
contribution of the second-level model is to minimize the errors of the previous models.

3.3. Architecture with combined aggregation
Fig. 4 displays simplified ensemble models.
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Fig. 4. Ensemble architecture with combined aggregation:
a) simplified competition, b) simplified averaging

In Ensemble 1 (Fig. 4, a), pre-filtered data is provided as input data to the basic models.

Ensemble 2 (Fig. 4, b) provides a weighted average of basic model forecasts as PV generation. The most
suitable weights for each model are determined through trial and error. Weights that yield the lowest
forecasting error are selected.

When considering a generalized ensemble model that can be applied to any PV station, the ensemble
model with the minimum training error should be assigned to the corresponding PVs. Figure 5 depicts the
generalized ensemble model.
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Fig. 5. Combined ensemble architecture with combined aggregation

The output power of a solar energy system primarily depends on direct and diffuse solar irradiation, i.e.,
the total solar irradiation received on the tilted PV panel. If the irradiation equals zero (e.g., at night), PV plant
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generation will be zero. Therefore, when the total irradiation equals zero, the generation is set to zero without
using a forecasting model. This filter for nighttime can help reduce forecasting errors and computational time
during testing. Thus, the accuracy and computational efficiency of the ensemble model can be improved.
Composite, cascade, and hybrid ensembles deserve special attention.
Composite Ensemble (Fig. 6): A composite ensemble is a type of stacking where base models are
organized into several layers, each serving a specific purpose.

Fig. 6. Composite ensemble architecture

The first level includes base models that make individual forecasts. Subsequent levels may include
models that combine the forecasts from the first level and make further predictions (MetaModel). Complex
ensembles can be quite powerful but also more challenging to develop and train.

Cascade: Cascade ensembles are designed to filter cases that are easy to classify at the beginning of the
forecasting process, so that subsequent models can focus on more challenging cases. Each model in the cascade
is trained to be more selective than the previous one, aiming to improve overall efficiency.

Hybrid Ensembles: Hybrid ensembles combine various ensemble techniques or architectures to leverage
their strengths. For example, a hybrid ensemble may use bagging to diversify base models and then use
boosting to enhance prediction accuracy.

4. Conclusions

This study discusses various strategies for combining individual probabilistic forecasts of PV generation
to create more accurate aggregated forecasts than individual predictions.

The article analyzes conceptual approaches to understanding the concepts of an “ensemble” and
“ensemble forecasting”. It is noted that there is no consensus among researchers regarding a specific approach
to forming an ensemble model. The choice of architecture depends on the specific task, data characteristics,
and trade-offs between model complexity and effectiveness. Ensemble methods are a powerful tool in the field
of machine learning and can significantly improve forecasting accuracy compared to individual models.

The synthesis of various approaches to ensemble models has led to the development of conceptual
architectures that utilize well-known aggregation methods and their combinations, which can be
complemented by a weather parameter classification block. The application of these architectures can
contribute to solving current challenges in integrating PV energy into the energy system with high efficiency.
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AHoOTaNiA. Piwenna wooo pezynos8anHas NOMYN*CHOCMI, NIAAHYBAHHA eHepeemUyHuUxX pecypcie ma
inmezpayii «3enenoi» emepeii @ eleKmpuuHy Mepedicy 3aiexHcamsv 6i0 MOUHUX IMOBIPHICHUX NPOSHO3IE.
Oouicio 3 nomenyitinux cmpameziii NIOBUWEHHA MOYHOCMI NPOZHO3I6 € BUKOPUCMAHHA Memoois
ancambneso2o npoznosysanns. Lle nioxio, npu sKomy Kinbka mooenell npayioms CniibHo, 00CA2a0YU
Kpawux pe3yibmamie nopieHaHO 3 mMuM, wo Modce 3abesneuumu okpema mooenv. Lli memoou
NOOLIAIOMbCS. HA 08I OCHOBHI Kameeopii: KOHKYpewmHi ma cnignpayiowui ancambni. Konxypenmmi
ancamoni BUKOPUCIOBYIOMb DIZHOMAHIMHICMb napamempie i Oanux Oisi CMEOPeHHs basamoi epynu
bazosux moodeneu. Taxuil nioxio Mooice GKIIOYAMU CMAMUCUYHUL aHATi3, Gitbmpayiio wymie ma
yCyHeHHs: aHoMARil. 3 iHwo20 60Ky, Cnisnpayooyi ancamoni 0a3yiomovcs Ha 83AEMOO0IT MIdC MOOeasmu 01
oocseHen s Kpawux pesynomamie. [o yux memooie nanedxcams cmpamezii, maKi sAK 36adceHi npocHo3u,
207I0CYBAHNs,  A2pecy6anHs ma KoMOiHyeanns pe3yibmamie Mmoodeneu. [ocniodcenns memooig
ancamobne8o20 NPOSHO3Y6AHHs Y KOHMEKCMI homoenrekmpuyHoi eenepayii € Ha036UYaHO aKmyaibHUuM,
OCKIIbKU COMAYHA eHepeisi npedCmasisic adicauee 0iicepeno GioHoenoeanoi euepeii. Touni npoznosu
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BUPOOHUYMEA COHAYHOI eHepeii eupiulyloms npoodnemMu, nog’sA3aHi 3 epeKmueHUM GUKOPUCIAHHAM
@omoenexmpuunux naumenei ma ix inmezpayiclo 6 3a2anvHy eHepeemuuny cucmemy. Y Ooauiii cmammi
00CTIOAHCYIOMbCA KOHYENMYANbHI apXimeKmypu ancamoni 01 NpoSHO3y8aAHHs homoeneKmpuunoi enepeii.
Li apximexmypu oxonmoromu pisHi Memoou azpezy8anus 6a306ux mooenei y mexicax amcamono, ujo
00360/15€ 6pAX06Y8AMU PI3HI ACNEKMU Ma 0COOIUBOCMI COHSYHUX OAHUX, MAKI 5K IHMEHCUBHICMb
COHAUHO20 BUNPOMIHIOBAHHS, MeMeopoa0ciuHi yMosu, 2eocpagiuni pakmopu mowo. Li konyenmyanvHi
Mooeni po3pobiieHi Ha OCHOBI NepesipeHUx Memooié CIMamucCmuKy, MauUHHO20 HAGYAHHA MA WMYYHO20
inmenexmy. Taxum uunom, Oana podOOmMa HAOAE 0271510 MemooOi8 AHCAMONE8020 NPOSHO3YE8AHHA Ol
BIOHOBI08AHOI eHep2ii, OXONIIoIYU KOHKYDEeHMHI mda CRIBnpayioryi ancamoOii, a makoxc po3pooKy
KOHYenmyanbHux Mmooenell O1a NPOSHO3VBAHHA COHAYHOI eHeplii. Lle Oocnidodcenns mae Ha memi
niosuwumu MoYHicmv i eeKmueHicms NpocHo3i8 y cepi 8i0HOBII0BAHOI eHepeemMUKU, NPeoCcmasiic
8AXICIUBUL KPOK Y PO3GUMKY CINIIIKO20 A eKONI02TUHO YUCTO20 UPOOHUYMBA eHepaii.

Kawuosi cioBa: HMOBIpHICHUI COHSYHUII MPOTHO3, aHcaMOJieBa MOJEib, KOMOIHAIlS MPOTHO3iB,
KOHKYPEHTHI aHCaMOJIi, CITIBIIPaIioIoyi aHcaMOJ1i, KOHIIENTYyaJIbHi MOJIEI.

Haoitiwna oo peoroneeii: 08.10.2024
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