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Abstract

:

In the dynamic landscape of renewable energy, the primary goal continues to be the enhancement of competitiveness through the implementation of cutting-edge technologies. This requires a strategic focus on reducing energy costs and maximizing system performance. Within this framework, the continuous online monitoring of assets is essential for efficient operations, by conducting measurements that describe the condition of various components. However, the execution of these measurements can present technical and economic obstacles. To overcome these challenges, the implementation of indirect measurement techniques emerges as a viable solution. By leveraging measurements obtained in easily accessible areas, these methods enable the estimation of quantities in regions that would otherwise be inaccessible. This approach improves the monitoring process’s efficiency and provides previously unattainable information. Adopting indirect measurement techniques is also cost-effective, allowing the replacement of expensive sensors with existing infrastructure, which cuts down on installation costs and labor. This paper offers a detailed state-of-the-art review by providing an in-depth examination and classification of indirect measurement techniques and virtual sensing methods applied in the field of renewable energies. It also identifies and discusses the existing challenges and limitations within this topic and explores potential future developments.
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1. Introduction


The growing awareness of fossil fuel depletion and its environmental impact underscore the urgent need for a transition to renewable energy sources to ensure a sustainable future. Currently, renewable energies account for approximately 40.3% of Global Installed Electricity Capacity (GIEC) [1]. Among alternatives, which we aim to evaluate in terms of GIEC, an indicator that assesses the current potential of a given energy source, Hydroelectric Power (HP) emerges as the dominant form of non-fossil energy production in the world, with a GIEC estimated at 1391 GW in 2022. It is followed by solar Photovoltaic (PV), which is considered as the fastest-growing renewable energy source, boasting an estimated GIEC of 1055 GW, and slightly surpassing Wind Turbines (WT), with a GIEC of 899 GW. Other forms of renewable energies, such as Bioenergy (BE), Geothermal Energy (GE), Concentrated Solar Power (CSP), and Marine Energy (ME), also contribute to the diverse energy mix. The installed capacities of all the aforementioned technologies from 2013 to 2022 are documented in Table 1. Additionally, while nuclear power is known for its low carbon dioxide emissions, making it a clean energy source, it does not fall into the renewable energy category because it relies on the use of fuels that are a finite resource on Earth, and can cause potential environmental problems [2].



To make these energy sources more competitive and attractive, their associated Levelized Cost of Electricity (LCOE) must be reduced; this includes initial investment costs, operating and maintenance costs, and financing costs, taking into account the system’s service life and power generation [3]. The current challenge lies in making investment costs profitable by minimizing operating costs (mainly from maintenance activities) [3]. As a result, maintenance has evolved from initially having a corrective (reactive) maintenance focus to having one of systematic maintenance, in order to avoid sudden shutdowns that lead to significant operational losses, especially when operations are of a strategic nature [4]. It is in this context that condition-based maintenance, also known as Condition Monitoring (CM), emerged, allowing to monitor the health status of equipment in real time, and intervening only when necessary [4]. This evolved into predictive maintenance, also known as prognosis, involving forecasting the future health status of assets based on their Remaining Useful Life (RUL) [5], allowing for more precise planning of interventions and minimizing economic losses to the greatest extent possible [4,5]. The Prognostic and Health Management (PHM) process has crowned all these advancements by generalizing CM, integrating both prognosis and decision-making to enable proactive management of anomalies and their associated risks, and covering six interdependent phases. The first stage is anomaly detection, which acts as an alarm signal and sends notifications for abnormal events; the second step is the description of the detected anomaly, which provides a detailed understanding of the event to ensure that the anomaly is not due to a sensor failure; the third stage is diagnosis, in which an attempt is made to find the root cause of the anomaly; the fourth stage is the prediction of future events that may be caused by the anomaly; the fifth stage is the prescription of the measures that should be taken and recommendations made; in the final stage, decisions are made to balance asset health, performance, and benefits. Sometimes, short-term operational gains are prioritized over the asset’s long-term health [6]. A detailed evaluation of the equipment’s condition, fault type, location, severity, remaining useful life projections, and operational guidelines is crucial.



To ensure continuous monitoring of assets within the scope of CM, and to evaluate the condition of their components, it is imperative to conduct measurements of physical quantities. This can be accomplished through traditional sensors, or as has been the case more recently, through virtual sensors, which represent advanced computational tools that can infer unmeasurable states or trigger alerts for anomalies. CM takes on significant importance when the reliability of an asset is strategic, such as with HP, PV, and WT, which are among the largest contributors to renewable energy globally, as shown in Table 1. Concerning bioenergy, which is considered a renewable resource due to its carbon neutrality, it encompasses solid biofuels, liquid biofuels, and biogas. Solid biofuels, also known as biomass, represent the largest segment of bioenergy, with a GIEC of 126 GW, accounting for 85% of bioenergy’s GIEC [1]. Biogas, produced through the gasification of biomass, follows with a GIEC of 21 GW, or 14% of bioenergy’s GIEC. Liquid biofuels have the smallest share, with a GIEC of 2 GW, constituting 1% of bioenergy’s GIEC. Biomass, notable for its significant GIEC, is harnessed for electricity generation through three main methods, pyrolysis, gasification, and direct combustion, with the latter being the most prevalent and efficient method for converting biomass into energy [7,8]. The conversion process involves the use of External Fired Gas Turbine (EFGT) power plants, usually within a cogeneration cycle. This approach is necessitated because the combustion gas produced is considered as dirty [9], and therefore unsuitable for direct use in the gas turbine. Instead, this gas is used to heat compressed air via a heat exchanger. After this heating process, the air expands within the turbine, enabling energy generation. Power generation efficiency is directly linked to the turbine inlet temperature; however, this efficiency is constrained by the maximum temperature tolerance of the materials used in heat exchangers, which is approximately 1000 °C, making these plants only suitable for micro and mini generation [7,8,9,10,11]. In such contexts, employing CM is not cost-effective, given the sophisticated technology required for relatively low-capacity power plants. Also, the use of GE, CSP, and ME is minimal, as indicated in Table 1. This limited use seems to make CM economically unfeasible due to the low GIEC of these techniques.



Regarding hydraulic turbines, the installations convert the energy of the forced flow of water, which is then used to rotate a runner driving a synchronous alternator. The runner is the critical component of the unit [12], and is susceptible to various forms of damage, including cavitation, corrosion, abrasion, and especially, cracking due to fatigue from vibrations [13]. The blade-crown and blade-band joints are particularly sensitive to strain resulting from the high stress concentration due to the characteristics of water flow [14]. Understanding the runner’s degradation mechanisms typically involves two methods: numerical simulations and experimental tests [15]. When dealing with high-dynamic regimes using numerical methods that combine Computational Fluid Dynamics (CFD) and the Finite Element Method (FEM), there are notable challenges to overcome. These regimes are characterized by complex fluid flow patterns, especially in the presence of turbulence and stochastic events [16,17]. The complexity and unpredictability of such phenomena substantially increase the computational requirements, potentially affecting the accuracy of simulations. CFD algorithms must navigate the challenge of precisely capturing the transient and turbulent aspects of fluid flow [16,17]. Furthermore, the incorporation of stochastic elements, marked by random variations and irregularities, introduces an additional layer to the prediction and modeling processes [16,17]. As a result of these limitations, experimental measurements are the only reliable method in this case [15]. This approach involves installing strain gauges in critical areas, although precise placement is challenging due to the complex geometry of the locations (blade-crown and blade-band joints). Consequently, sensors are often not positioned exactly at the critical areas, compromising accuracy. Installing sensors, especially strain gauges, in a submerged, rotating, and corrosive environment is complex, time-consuming, costly, and often requires several weeks to complete. Moreover, these sensors have a limited lifespan, and are prone to dislodgment by the flow, providing limited signals over time which cannot cover all operating modes, and are therefore unsuitable for online monitoring [14,18].



Another critical component of hydraulic turbines is the generator, which is connected to the runner via a shaft supported by bearings [19,20]. The most common mechanical failures in generators include fatigue, eccentricity, rotor or stator ellipticity, and bearing malfunctions [4,19,20,21]. Electrical faults such as inter-turn short circuits and broken damper bars also pose significant risks, leading to increased vibration levels, higher temperatures, or irregularities in stator currents [19,20]. To effectively monitor generators, it is common practice to place vibration sensors (accelerometers) and acoustic sensors (microphones) on the stator frame [19,20]. Using these vibro-acoustic techniques, valuable information can be obtained, as any alterations detected may indicate potential faults [19,20]. In order to identify faults without the need for machine shutdown, the signals are examined using various analysis techniques. Time domain analysis, through root-mean-square values, is employed, along with frequency domain analysis, which uses Fourier transform. Additionally, time-frequency domain methods such as the short-time Fourier transform and wavelet techniques are used. However, the task of extracting clean signals from the surrounding background noise poses a significant challenge, as the signals can be obscured by ambient noise [19,20]. Data pre-processing is thus necessary to address this issue [19,20]. Other monitoring techniques, such as strain gauges, twist measures, displacement measures for the shaft, along with lubrication analysis for bearings, are also employed [14].



While photovoltaic solar systems are a reliable source of renewable electricity, they are, however, prone to various failures and outages. These systems encounter challenges such as weather-related disruptions (changes in irradiance, cloud cover, wind speed, and temperature), electrical failures, and hardware malfunctions such as panel defects, inverter failures, and grid instability. These issues can significantly affect the system’s energy production and efficiency. To address these problems, monitoring methods including infrared thermography and electroluminescence, along with data analytics, are employed. These technologies allow to accurately identify and monitor issues, facilitating quick maintenance interventions and significantly enhancing system reliability and performance. Notwithstanding the advancements in PV systems, they still face inherent challenges related to predicting power generation based on the operating environment. This includes factors such as variable power output and solar irradiance, which necessitate the use of predictive models. These models are crucial for forecasting PV generation, which in turn enables smart demand response, efficient energy management, and ensures an adequate supply [22,23,24,25,26,27,28]. Forecasts can be categorized into three types, based on the time horizon: short-term (from a few minutes to several hours), medium-term (from 1 week to 1 year), and long-term (longer than 1 year) [29].



Regarding wind turbines, their critical mechanical components, including the rotor, gearbox (GB), and bearings, are prone to fatigue, which represents the predominant failure mode for these components. Additionally, the blades are subject to erosion [3,4,30,31,32]. The rotor, comprising the hub and blades, is typically monitored using strain gauges. These installations, when installed on the blades, have a limited lifespan, and require frequent replacement, which poses challenges for online monitoring. Thus, a transmission system, either wired or wireless, is necessary for data transfer from the rotating part to the fixed part, and this introduces reliability issues due to potential interferences. Monitoring of gearboxes and bearings is mainly done through lubrication analysis, acoustic emission analysis, vibration analysis, or using operational data archived in Supervisory Control and Data Acquisition (SCADA) systems. Vibration and acoustic analysis using techniques such as the Fourier transform and Support Vector Machine (SVM) face challenges related to sensor failures (which are also difficult to locate) and interference caused by external sources (noise pollution) [21,30,33]. Lubrication analysis, which includes oil cleanliness, oil viscosity, and temperature assessment, is a low-cost and easy-to-implement anomaly indicator, but it cannot provide a detailed understanding of the origin of anomalies and often produces false positive results [21,33]. SCADA data are typically averaged over a 10-min period, corresponding to low frequencies, and are therefore not suitable for detecting high-frequency anomalies. The type of failures and CM challenges of HP, PV and WT are reported in Table 2.



1.1. Problem Statement


The aforementioned energy sectors share some common characteristics: sensors used for asset monitoring often have a limited lifespan, and require frequent replacements [14,15]. In some cases, the situation can be exacerbated by a lack of awareness regarding sensor malfunction, resulting in erroneous data being used for predictive purposes. This leads to significant downtime and direct economic losses, which are not ideal for online equipment monitoring. Additionally, the geometric complexity sometimes makes it nearly impossible to carry out precise sensor installations at critical locations [14]. Operators are then forced to place the sensors elsewhere, compromising measurement accuracy. Furthermore, some monitoring devices can be expensive, leading to concerns about their economic viability and managers’ ability to recoup investments [14].



Because such sensors cannot be used for continuous online monitoring of assets, the indirect measurements approach comes into consideration [14]. It brings about cost reductions with respect to installation and operations, particularly those related to frequent sensor replacements and production losses due to installation [14]. This approach simultaneously addresses technical challenges by enabling data collection in otherwise inaccessible areas from other easily accessible areas, and tackles economic challenges by proposing a model capable of substituting expensive sensors in critical areas while minimizing the costs and efforts required for their deployment [14]. Often integrated into virtual sensor architectures, this approach poses the special challenge of determining the relationship between the required variables of interest and accessible variables. This relationship is called the general transfer function, and can take the form of an analytical function, an artificial intelligence algorithm, or any other form. To the best of our knowledge, no general method for determining this transfer function using indirect measurement methods, especially in the context of renewable energy, has been proposed in the literature. Furthermore, the absence of any review article in this context underscores the need for us to fill this gap. We aim to address this by providing a comprehensive state-of-the-art review, and to proceed by compiling indirect measurement methods used in the renewable energy field.




1.2. Paper Organization


This paper is structured as follows. Section 2 outlines the indirect measurement approach and proposes a classification for methods used in the renewable energy arena. Section 3 offers a literature review of data-based indirect measurement methods. Section 4 reviews the literature on physics-based indirect measurement methods. Section 5 discusses the literature on hybrid indirect measurement methods. Section 6 delves into a discussion on these methods, emphasizing the existing gaps in the literature. Section 7 concludes the paper.





2. Indirect Measurements


An indirect measurement refers to the estimation of a latent physical quantity (or quantities) y by observing another physical quantity (or quantities) x, sometimes of a different physical nature [34,35]. This estimation relies on establishing a relationship between these two quantities, called the transfer function, expressed in the case of a Single-Input Single-Output (SISO) system as   y = f ( x )  . This function allows predicting the value of the quantity y being sought itself as a function of the directly measured quantity x. Generally, an indirect measurement is expressed as a Multiple-Input Single-Output (MISO) system, which is the most intuitive approach, but it can also be extended to a Multiple-Input Multiple-Output (MIMO) system [35].



This transfer function, which can take various forms such as an analytical function, a system of differential equations, or even an artificial intelligence model, must be capable of connecting the quantity of interest   y ∈ R   to the vector of measured quantities   x ∈  R n    (in the case of a MISO system), where n represents the number of established measurements [34,35]. Additionally, it should quantify the uncertainty associated with this method. When an estimated uncertainty   u x   exists in the measurement of  x , determining the uncertainty in the indirect measurement of y, denoted as   u y  , becomes essential to ensure reliable and accurate results [35]. Furthermore, it is critical to also consider epistemic uncertainties, which do not originate from the measurement data themselves, but rather, from inaccuracies in the modeling of the transfer function. These uncertainties reflect our limited knowledge about the model and its parameters, highlighting the importance of acknowledging and quantifying both types of uncertainties to achieve more robust and reliable outcomes [35].



Considering the case where the relationship between the output quantity of interest y and the input quantity x can be explicitly formulated as an analytical equation, this relationship is expressed in the Laplace domain in this case of a SISO system by Equation (1).


  Y ( s ) = H ( s ) · X ( s ) ,  s ∈ C  



(1)




where   H ( s )  ,   X ( s )  , and   Y ( s )  , respectively, denote the transfer function, the input function, and the output function, all expressed in the Laplace domain, where s is a complex variable that belongs to the set of complex numbers  C . The past relationship (Equation (1)) can be written in the time domain by Equation (2), where t is the time variable that belongs to the set of real numbers  R , and  τ  is a real-parameter.


  y  ( t )  = h  ( t )  ∗ x  ( t )  =  ∫ 0 t  h  ( τ )  · x  ( t − τ )  d τ ,  t ∈  R +   τ ∈  R +   



(2)







This approach requires a thorough exploration of the physical behavior of the structure under examination. The selection of essential and relevant variables of the structure, understanding the level of correlation between these variables, as well as identifying phenomena or variables that could compromise the accuracy of the model, are all critical aspects. An indirect measurement offers several advantages in various contexts, particularly when direct measurement is inaccessible or complex, when cost reduction is necessary, and when non-intrusive measurements are preferred. This type of measurement provides significant flexibility and versatility by allowing the measurement of different quantities using the same set of instruments.



The principle of indirect measurements is widely applied across various industries beyond renewable energies, often without explicit mention of the principle, as seen in manufacturing processes. On the one hand, Hamada et al. [36] proposed a method for assessing the quality of spherical containers produced with inner liners, where the equators do not coincide due to manufacturing differences. In this method, the main goal is to quantify the maximum distance between these equators, which is considered to be an indirect quality indicator. Using the concept of equivariance, it models the distribution of the distances, which follows an exponential distribution, and then determines the upper tolerance limit based on scale equivalence statistics. On the other hand, Moricz et al. [37] addressed the problem of milling tools wear used for drilling ceramic coatings. They presented an indirect method aimed at quantifying tool wear by analyzing geometric variations during machining operations and establishing correlations between these variations and tool degradation. This approach provides a precise and reliable alternative for monitoring tool wear, thus contributing to the optimization of machining processes in the industrial domain. Furthermore, in the same manufacturing context, De Paiva Silva et al. [38] used the same indirect measurement approach as [37] through correlations to evaluate the wear of tungsten carbide micro-milling cutters during the machining of Inconel 718 by measuring the diameter loss on micro-slots.



When it comes to renewable energies, indirect measurements are often integrated into virtual sensor architectures. While one of the primary functions of virtual sensors is to enable indirect measurements, their utility extends beyond this specific application, which represents only one aspect of their versatile capabilities [39]. In the field of virtual sensors mainly used for indirect measurements, three main categories stand out: data-driven sensors, physically modeled sensors, and finally, sensors that use a hybrid approach combining data and physical models.



Physics-based virtual sensors are founded on first-principles models, which can provide high accuracy but present challenges with respect to adaptation to real-world changes. Their modeling usually approaches the stable ideal case of the structure. In contrast, data-driven virtual sensors are increasingly popular in process industries and more accurately reflect actual process conditions. While close to reality, these virtual sensors face challenges related to their so-called black box nature and to a lack of interpretability of their results as well as a lack of generalizability when data-based models attempt to extrapolate beyond their trained range. However, ongoing technological advancements are promising when it comes to continued improvements of the field of data-based virtual sensors and of the accuracy and reliability of industrial systems [40].



In the following, we will examine existing works in the literature, classifying them according to the categories to which they belong (i.e., data-driven methods, physical models, or hybrid methods). It is worth noting that the boundaries between these categories are subtle, and that this classification may vary from one researcher to the next, which could potentially be confusing for readers based on their specific areas of expertise. Therefore, it is essential to clearly define the criteria that guide our classification from the outset. We provide a distinction between data-driven methods, physics-based methods, and hybrid approaches.



2.1. Definition of a Data-Based Method


Data-driven approaches, especially those used in virtual sensor environments, are characterized by being based on measured data, which distinguishes them from traditional physical system modeling. These methods use statistical correlations and/or machine learning algorithms to predict quantities of interest; further, they do not require direct consideration of the underlying physical laws that govern system behavior, and therefore represent a major shift in the modeling paradigm [34].



This paradigm allows the creation of models that are flexible and adaptable, properties that are particularly advantageous in situations where the physical processes are intricate and not well understood, or are too complex to be accurately represented by traditional equations [34]. In this case, traditional physics-based models may not be enough, and data-driven models can fill the gap. The power of data-driven models is a function of their ability to learn and adapt to training data [34].



However, despite the advantages of such models, they also face significant challenges, including their explainability and generalization [41]. Generally, data-based models struggle to predict situations that have not been encountered during training, which can be difficult and requires large amounts of data and computational power [34,39]. Their accuracy depends on feature engineering, particularly on the judicious choice of variables, as adding irrelevant variables to the model would introduce noise and complicate training, whereas reducing the inputs necessary for prediction would decrease the accuracy. Furthermore, in models in which temporal dependence is considered, the accuracy would depend on the choice of sampling frequency. Another important aspect is the propagation of uncertainties, which can lead to overconfidence in predictions. Artificial Intelligence (AI) appears to be very promising for solving these issues. Bayesian neural networks, which integrate Bayesian inference principles to quantify uncertainty, could help manage the propagation of uncertainties [42,43]. Contextualized AI aims to understand and take into account the context in which data is generated and used, potentially improving the generalization of data-based models. Moreover, causal AI focuses on understanding causal relationships rather than merely correlational ones, which could lead to better accuracy and the ability to generalize the model [42,43].



An example of a data-based measurement method within the renewable energy context is the prediction of wind turbine blade strain based on tower strain. In this case, a data-driven approach involves collecting strain measurements from both the blades and the tower. Subsequently, a statistical model is formulated to link these two quantities and identify appropriate correlations.




2.2. Definition of a Physics-Based Method


Unlike data-driven approaches, those that are physics-based rely on pre-established representations of the physical model to forecast the system’s state. The latter approaches are rooted in the comprehension and the use of the governing physical laws. The models are formulated based on these laws, serving as a theoretical structure for predicting the system’s behavior [34].



When using physics-based methods, data is used only to quantify the inputs of a system, such as in finite element models, or for validation purposes. This use of data does not have any impact on the outcomes of the predictions and does not involve any statistical modeling. However, when data is used to enhance the accuracy of predictions made by a physics-based model through the integration of a statistical model, such as in state-space models, this approach is then categorized as a hybrid method.



An example of a physics-based method within the context of renewable energy is the prediction of wind turbine blade strain. This method involves modeling the wind turbine structure as a mass-spring-damper system with multiple degrees of freedom, which is then discretized using the finite element method. By incorporating measured data, inputs to the structure, such as wind loads on the blades and the tower, are quantified. Ultimately, blade strain is determined by solving the system of equations derived from the finite element model.



Physics-based models have the ability to provide an in-depth understanding of how a system behaves and can be extremely precise when the underlying physical laws are well-established and the system can be accurately represented [34]. However, these models may face challenges when dealing with complex or poorly understood physical processes that cannot be effectively captured using traditional equations [34]. In these situations, data-driven models, with their flexibility and adaptability, can provide substantial benefits.




2.3. Definition of a Hybrid Approach


Hybrid models represent a fusion of physical and data-driven approaches to system modeling and prediction. These models feature integrated physical representations of systems, and include statistical models for predictive purposes.



In hybrid models, the physical representation provides a theoretical framework based on the known physical laws of the control system. This framework serves as the basis for the model, providing a priori insights into the system’s behavior. However, unlike purely physics-based models, this physical representation is not the only source of predictive power in hybrid models [13,44].



The physical representation is supplemented by statistical models created based on measured data collected by the system. The data-driven component of the hybrid model uses statistical correlation and machine learning algorithms to refine the predictions of the physical model. Statistical models are able to capture complex patterns and relationships in data that may not be easily obvious or easily modeled using only the laws of physics [44].



An example of a hybrid method within the context of renewable energy is the prediction of wind turbine blade strain. Initially, a physics-based approach using the finite element method is employed, as detailed in Section 2.2. Once the blade strain is analytically determined, it can be further refined by employing a statistical model that correlates the strain of the tower and the blade, as discussed in Section 2.1.



The goal of this hybrid approach is to leverage the strengths of physics- and data-based models to optimize prediction accuracy and robustness. By leveraging the physical understanding of the system and the statistical correlation of available data, hybrid models aim to provide the best of both worlds: the explainability of physics-based models and the adaptability and flexibility of data-driven models [44].



In essence, hybrid models represent a balanced approach to system modeling and prediction. They recognize the value of physical laws in providing a solid theoretical foundation, while recognizing the power of data in capturing the complexity of real systems. This balance enables hybrid models to adapt to new data and evolving system dynamics, making them powerful and versatile tools in the field of systems modeling and prediction. The proposed classification is shown in Figure 1.





3. Data-Based Methods


In the context of data-driven approaches, TayebiHaghighi et al. [45] suggest a classification into two main categories: classical statistical methods on the one hand, and those based on artificial intelligence, on the other. In this document, we introduce a classification based on applications identified in the literature on indirect measurements in the energy domain. We specifically examine methods using autoregressive models, as well as those using Machine Learning (ML), including Deep Learning (DL), SVM, Principal Component Analysis (PCA) and Gaussian Process Regression (GPR).



3.1. Autoregressive Models


For dynamic systems where the mathematical model is not known, the system identification method is used to build the model from observed data by monitoring input disturbances and analyzing the output. Among the models used in system identification, Autoregressive (AR) models are considered one of the pillars of system identification [46]. In an AR model, it is assumed that the current value of a time series is a linear combination of its past values from the same time series. In other words, the model is described as autoregressive because it regresses on itself. Specifically, an autoregressive model of order p, denoted as   A R ( p )  , uses the previous p-values to predict the current value. The basic form of a linear   A R ( p )   model is described in Equation (3).


  y  ( t )  =  ϕ 0  +  ∑  i = 1  p   ϕ i  · y  ( t − i )  + ϵ  ( t )   



(3)




where   y ( t )   represents the value of the time series at time t;   ϕ 0   and   ϕ i   are the coefficients of the model (autoregressive coefficients), and   ϵ ( t )   is a random error term at time t (a white noise following a normal distribution). The model coefficients are generally obtained using Yule-Walker equations.



Diagne [14] explored the application of purely autoregressive indirect measurement methods for predicting strain on the runner of a hydroelectric turbine using data from the turbine shaft (torsion, flexion, etc.). The study initially demonstrated the existence of linear correlations between sensors on the shaft (particularly torsion) and those on the runner (strain). However, it highlighted the insufficiency of these correlations for precise prediction. This led to the adoption of a dynamic model, specifically, an AR model, to enhance prediction accuracy. After conducting a comparative study of different AR models such as Autoregressive with eXogenous Inputs (ARX), Autoregressive Integrated with eXogenous Inputs (ARIX), Autoregressive Moving Average with eXogenous Inputs (ARMAX), and Autoregressive Integrated Moving Average with eXogenous Inputs (ARIMAX) models, the ARMAX model was identified as optimal. Model validation confirmed its consistency with real-world measurements, allowing for optimized startup sequences and reduced stress levels.



The Autoregressive Integrated Moving Average (ARIMA) model, as employed by Pasari et al. [47], was used to predict daily and monthly wind speeds and temperatures, without exogenous variables, by analyzing 15 years of hourly data. This method achieved Root-Mean-Square Error (RMSE) of 0.893 and 0.659 for temperature and wind speed, respectively, showing a good fit with actual data. Najdawi et al. [48] adopted a Vector Autoregression (VAR) model for forecasting short-term solar irradiance, using weather conditions (atmospheric pressure, temperature, and relative humidity) and solar irradiance, but faced limitations due to the model’s low lag order, capping the forecast at four hours. Zhang et al. [49] developed an Autoregressive Dynamic Adaptive (ARDA) model with no exogenous inputs, for real-time wind power forecasting, which, when compared with ARIMA and Long Short-Term Memory (LSTM) models, showed superior performance in accuracy, speed, and adaptability to wind data fluctuations.



The traditional AR models, while effective, are linear and may not accurately predict outcomes in highly nonlinear scenarios. To address this, combining autoregressive models with machine learning techniques, such as neural networks or SVM, has been proposed to capture the nonlinear aspects of predictions. Shukur et al. [50] suggest a hybrid approach, which will be discussed in Section 5, integrating neural networks and Kalman filtering with ARIMA to overcome the limitations of the latter with nonlinear wind speed data. Similarly, Babu et al. [51] employ a data-hybrid strategy for wind speed prediction, initially applying an ARIMA model for its linear prediction capabilities, and then enhancing it with a neural network to capture nonlinear dynamics. Wang et al. [52] introduced a forecasting model combining a Seasonal Autoregressive Integrated Moving Average (SARIMA) and SVM for ultra-short-term photovoltaic power generation prediction, using historical PV generation data as inputs of the model, which divides time series data into linear and nonlinear components, using SARIMA to model the linear part and SVM for the nonlinear part. Their findings show that this combined method outperforms traditional SVM and SARIMA models in forecasting accuracy, offering a solid foundation for safe PV grid operation and scheduling.



A second approach to account for the non-linearity in predictions uses the Nonlinear Autoregressive (NAR) model, expressed by Equation (4) [53].


  y  ( t )  = F  ( y  ( t − 1 )  , y  ( t − 2 )  , … , y  ( t − p )  )  +  ϵ t   



(4)




Unlike linear models (as shown in Equation (3), the above approach employs a nonlinear function F, often a neural network in virtual sensors applications [53]. This method retains the autoregressive model’s framework, but applies it through deep learning techniques, indicating a shift towards a purely deep learning application, which will be further discussed in part Section 3.2.1.




3.2. Machine Learning-Based Methods


There are four main categories of machine learning methods used for virtual sensing in the context of renewable energies: one that uses DL exclusively, and three approaches that incorporate techniques adapted from general machine learning, such as SVM, PCA and GPR.



3.2.1. Deep Learning-Based Methods


In the following, we present DL methods used for virtual sensing applied to renewable energies. Generally, these DL methods are either Feed-forward Neural Networks (FNN), Recurrent Neural Networks (RNN) or Convolutional Neural Networks (CNN).



FNN, a foundational neural network model using Multi-Layer Perceptron (MLP), is adept at pattern recognition. Presas et al. [54] applied an FNN model to predict static and dynamic strains of HP runner using vibrations, displacements, pressure and strain data from the stationary part [55], and, through the Levenberg-Marquardt learning method, found that a two-hidden-layer, 25-neuron configuration is optimal for minimizing the Mean Absolute Error (MAE). This setup achieved a high strain prediction accuracy, with an MAE of less than 1% for mean strain and around 3% for dynamic strain. Azzam et al. [56] designed a virtual sensor for 6 Degree of Freedom (DOF) load measurements on a wind turbine gearbox using FNN and a multi-body simulation model used to produce time-series data to train the model by generating a simulated wind field, demonstrating the virtual sensor’s effectiveness in accurately capturing gearbox loads.



Regarding photovoltaic power generation prediction models, Das et al. [57] concluded in a 2018 review that FNN models and SVM models perform well under rapidly changing environmental conditions. Refs. [58,59,60,61,62,63,64] all proposed FNN methods that use various inputs such as index data, aerosol data, and traditional weather parameters such as temperature, humidity, and wind speed, to predict a PV system’s 24-h power output. In particular, Chen et al. [61] introduced previous power measures to examine temporal dependencies. Martin et al. [65] and Pedro et al. [66] compared FNN with AR methods and highlighted the performance of FNN relative to AR prediction methods in the 1 h to 3 day forecast range.



Nevertheless, FNN models, which do not explicitly take into account temporal dependence, treat all inputs discretely and equivalently, making them less suitable for time series prediction. In contrast, RNN are more suitable for sequence models [67], where input features represent sequences and weighted connections between cells enable the learning of temporal properties of the signal. Dimitrov et al. [68] conducted a comparison between these FNN models and an LSTM model (which is RNN) for the estimation of the bending moment at the root of the blade, the wake center position, and the blade tip deflection of wind turbines using SCADA data. The study results highlighted the importance of memory in predicting time series signals of wind turbines. Using at least one step memory, particularly with LSTM models, showed improvements over using only the current state, demonstrating the superiority of LSTM over FNN in time series prediction. Also, the relative errors of the models ranged from 10% to 50% of the standard deviations of the estimated signal. Gulgec et al. [69] used the same LSTM cells approach to estimate the strain responses in a mechanical structure using acceleration sequences as inputs, demonstrating the high accuracy of the model even for unmeasured locations and varying loads. Park et al. [70] used an LSTM model to forecast the natural frequency degradation of offshore WT. Initially, they constructed a 3D finite element model that took into account aero/hydrodynamic loads to predict the turbine’s dynamic response. This response, along with vibration and strain data, served as inputs to train the model. Validation was performed using various wind distributions, demonstrating the model’s ability to successfully predict the natural frequency degradation trends over three years, based on input data from the previous six years. Balluff et al. [71] similarly developed an RNN model for short-term wind speed and energy production forecasts for offshore wind farms. They used the wind speed, wind direction, temperature, and surface pressure data as inputs, achieving acceptable prediction results. Han et al. [72] employed a similar approach for mid-to-long-term wind and PV power prediction. They used historical data on wind and PV power generation, along with key meteorological factors, as inputs, demonstrating the effectiveness of the model employing data from various countries.



Regarding the application of RNN in the PV sector, particularly for short-term solar irradiance forecasting, Yu et al. [73] first employed LSTM for this task by incorporating historical meteorological data and the clearness index as inputs, thus enhancing the model’s ability to handle weather variability. Their research highlighted notable advancements in forecasting accuracy, especially under cloudy and mixed weather conditions, across diverse locations. This approach was further refined through the integration of a Variational Quantum Circuit (VQC) with LSTM, as detailed by Yu et al. [74], to tap into the potential of quantum computing to improve the LSTM’s predictive accuracy by optimizing the weight parameters of the LSTM gates. The inputs for this enhanced model included meteorological and solar radiation data, with the outputs being the forecasted solar irradiance values. Both models exhibited significant performance improvements, as evidenced by metrics such as RMSE and MAE, with the hybrid model combining quantum computing and deep learning demonstrating superior results. Wang et al. [75], Konstantinou et al. [76], and Gao et al. [77] each proposed a model for predicting PV power generation. Wang et al. [75] suggested a one-day in advance prediction model by using irradiance and temperature data adjusted to a 15-min temporal resolution for training. Additionally, they enhanced the accuracy of predictions by integrating temporal correlations, yielding significant improvements over conventional methods. Additionally, Konstantinou et al. [76] focused on predicting PV power output accurately 1.5 h ahead, leveraging historical data from a PV plant. Their validation revealed the model’s effectiveness, achieving an RMSE of 0.11 and a standard deviation of 0.016. Despite acknowledging limitations stemming from the inherent unpredictability of weather conditions and solar irradiance, their approach showed promising results. Furthermore, Gao et al. [77] developed a one-hour PV power production prediction model using LSTM, incorporating historical PV power data and meteorological conditions as inputs. Their model demonstrated improved prediction accuracy, with RMSE values for forecasting using LSTM in the four seasons being 5.34%, 9.57%, 13.86%, and 9.26%, respectively.



NAR models, which are introduced in Equation (4), use a non-linear function F that is often implemented as a neural network. This function takes into account temporal dependencies and is considered a type of RNN because its output is recycled as its input. Given that NAR models are a form of neural network, they are referred to as Non-Linear Autoregressive Neural Networks (NARNN). When the system is supplemented with exogenous inputs, it evolves into a Non-Linear Autoregressive with eXogenous inputs Neural Network (NARXNN). A unique feature of this network is the inclusion of tapped delay lines that store previous values of input and output sequences. The output of the NARXNN is then fed back into the network input with a delay, as shown in Figure 2 [28].



Bimenyimana et al. [78] predicted the output power of PV modules based on meteorological data, using the NARXNN model for monthly and annual power prediction. Inputs include temperature data and other environmental parameters. The model achieved good accuracy under different temperature conditions, with regression values exceeding 70%. On the other hand, Wang et al. [79] and Garcia et al. [80] used NARXNN for WT forecasting. Wang et al. [79] used a NARXNN model fed by 10-min SCADA data to predict gear oil temperature, in a bid to detect anomalies in WT. The inputs included power, nacelle temperature, and 2 previous gear oil temperature values (AR-terms). When the model is used without the autoregressive terms, it does not follow the data well at all, indicating that the autoregressive terms are dominant and that the exogenous inputs contribute little. Additionally, Garcia et al. [80] combined a SARIMA model with a NARNN to forecast the daily energy output of a wind turbine. The SARIMA model was used to forecast high-power samples with seasonal patterns while the NARNN was used to forecast low-power samples without clear seasonal patterns. The performance of these models was compared against a persistence model, and showed improvements in forecasting accuracy with them.



As an RNN subset, NARXNN faces the problem of a vanishing gradient to some degree. After a certain number of inputs, RNN stops learning and negatively affects the prediction accuracy. This challenge occurs when the gradient descent is reduced by long-range dependencies, leading to memory reduction issues. The LSTM network was introduced to resolve the vanishing gradient problem in the RNN architectures. A combination of NARXNN and LSTM, called the NARX-LSTM model, which incorporates LSTM’s capabilities to tackle the vanishing gradient issue, and takes into account the NARX architecture, is proposed to yield better results [28].



Massaoudi et al. [28] investigated the prediction of PV power from meteorological data using a NARX-LSTM approach. First, the NARXNN model acquires data to generate residual vectors, which were then implemented by LSTM, together with the original data. The aim here was to reduce the sensitivity of the network to time dependence, allowing to predict the PV performance and the associated uncertainty. The performance of the model was compared with that of various methods, including LSTM, NARXNN and FNN. The NARX-LSTM method outperformed the baseline method under various weather conditions, with an overall Normalized Root Mean Square Error (  N R M S E  ) of 1.98% and 1.33% for the Australian and US datasets, respectively. Inspired by the work of [28], Gagnon et al. [81] proposed three architectures for strain prediction on hydraulic turbine blades based on shaft displacements. The proposed methodology aimed to replace missing or erroneous values in blade strain measurements, and comprises the following architectures: NARX-LSTM, Injector MA-Net, and a combination of both. The authors evaluated their method in four data loss cases, using virtual sensors. They showed that the Injector MA-Net and the combined architecture are capable of capturing the dynamic behavior of the blades, even with poorly correlated inputs, whereas the NARXNN, which performs well in cases where inputs are strongly correlated with outputs, struggles to capture variations between blades or instabilities of the draft tube. They emphasize the need to quantify the uncertainty, which is not addressed.



RNN can also be used for prediction through its combination with Autoencoders (AE), which are especially adapted for anomaly detection. Zhang et al. [82] proposed a method to estimate daily photovoltaic energy production at 15-min intervals under changing weather conditions. Input parameters included temperature, relative humidity, wind speed, total cloud cover, solar radiation, and derived features such as solar zenith angle and time series attributes. Gensler et al. [83] proposed an LSTM-AE model for photovoltaic power prediction using meteorological data. The model’s performance (as evidenced by the RMSE and MAE metrics) was significantly better than that of FNN, achieving the best average RMSE of 0.07 and MAE of 0.03, with excellent correlation with real data. Chen et al. [84] proposed an LSTM augmented model using Variational Auto-Encoders (VAE) for anomaly detection of WT gearboxes. The inputs were SCADA parameters such as wind speed, power, generator voltage, rotor speed, blade angle and ambient temperature, and the outputs were gearbox oil and shaft temperature parameters. This model has been validated by actual cases and can effectively alert and locate transmission anomalies, having a lower false alarm rate than other models.



Regarding the use of CNN, Huang et al. [85] proposed a multiple-input deep CNN model for short-term PV power forecasting over the next 24 h. This model leverages meteorological data such as temperature, solar radiation, and historical PV system output data. The model’s performance shines through its lower MAE of 109.4845 compared to alternative models such as LSTM (MAE = 124.0625), MLP (MAE = 196.6818), and SVM (MAE = 147.3763). Furthermore, Li et al. [86] introduced a combination of CNN and LSTM for wind speed prediction aimed at addressing inaccuracies and missing measurements from physical wind speed sensors. This approach, which is somewhat similar to an AR-model, combines the CNN’s ability to extract spatial features from wind speed data across multiple turbines with the strength of the LSTM in capturing temporal dependencies. The method demonstrated an enhancement in sensor reliability in reconstructing missing or inaccurate wind speed data, achieving an RMSE of 0.45.




3.2.2. SVM-Based Methods


SVM is a supervised machine learning method used for classification and regression. Its goal is to find a higher or equal dimension data space that optimally separates object classes. Support Vector Regression (SVR), a variant of SVM, is used exclusively for regression by seeking a function that optimally predicts the real variable of a continuous variable based on training data while minimizing the error margin. SVM offers a highly flexible non-linear model for prediction due to its ability to learn without prior knowledge, unlike neural networks. Additionally, SVM does not encounter issues with local minima, as do neural networks. It facilitates the simplification of complex mathematical problems that may be associated with PV forecasting. However, SVM is highly sensitive to the parameters used in developing a forecasting model, making the appropriate selection of these parameters one of its challenges [87].



To improve wind speed (U) estimation for WT, Ji et al. [88] developed a virtual sensor using SVR enhanced by Sequential Minimal Optimization (SMO) to overcome the SVR’s inherent challenges, particularly the extensive time required to process large datasets. They used readily measurable variables, such as the rotor rotation speed ( Ω ), generator power (P), and blade pitch angle ( β ), expressing their model as a nonlinear function   U = f ( Ω , P , β )  . The SVR algorithm, which addresses a quadratic programming problem, benefits from the efficiency of SMO. This method accelerates the optimization process by adjusting only two Lagrange multipliers simultaneously. In comparison with an FNN model using simulation data, their findings show that the SVR model, when integrated with SMO, surpasses the neural network both in predictive accuracy and generalization capabilities. Also, Yamin et al. [89] used the SVR approach to enhance the wind speed prediction spanning from 1 to 24 h in a wind energy production forecasting context. The SVR model integrated wind speed alongside other atmospheric conditions as input parameters, resulting in an 8 to 9% enhancement in forecasting accuracy compared to persistence models. Further contributions to WT forecasting include proposals by Wang et al. [90] and Shamshirband et al. [91]. Wang et al. [90] introduced a strategy for optimal power point tracking to maximize energy capture in WT through SVR. This approach dynamically adjusts system parameters for optimal wind energy capture, significantly enhancing the dynamic performance of generator speed control with inputs such as wind speed and turbine parameters (pitch angle, etc.). Meanwhile, Shamshirband et al. [91] investigated the use of SVR with polynomial and Radial Basis Function (RBF) kernels for predicting the WT reaction torque, incorporating inputs such as wind speed and rotor speed. Their methodology exhibits a superior predictive accuracy and generalization ability over conventional models.



Regarding the application of SVR in PV power prediction, Shi et al. [92] focused on enhancing the accuracy of PV system power output predictions by integrating weather classification with SVM. Their methodology involves classifying weather conditions and then using SVM for power output forecasting, thereby improving the prediction accuracy by adapting forecasts to specific weather conditions. Essential inputs for this model include weather data and historical power output. Its accuracy is contingent upon the quality of weather classification and the input data. On the other hand, Wolff et al. [93] aimed at forecasting PV power output using SVR, incorporating inputs from PV power measurements, numerical weather predictions, and cloud motion vector irradiance forecasts. Their approach concentrated on optimizing the SVR parameters and training sizes to accommodate data under various cloud conditions. The study highlighted the effectiveness of SVR in scenarios where detailed specifications of the PV system are unavailable. Furthermore, Pan et al. [94] proposed an ultra-short-term PV power prediction method using an Ant Colony Optimization (ACO)-optimized SVM. The model predicts active power and measures received-delivered active energy, with input parameters including atmospheric temperature, relative humidity, global horizontal radiation, diffuse horizontal radiation, wind direction, and sampling time. The ACO-SVM model exhibited a regression coefficient (  R 2  ) of 0.997, demonstrating high PV power prediction accuracy and indicating a significant performance for ultra-short-term forecasting periods.




3.2.3. PCA-Based Methods


PCA is a statistical technique used for dimensionality reduction in data analysis. It transforms a set of possibly correlated variables into a smaller set of uncorrelated variables, called principal components. These components are ordered such that the first few retain most of the variation present in all of the original variables. PCA simplifies the complexity in high-dimensional data while retaining trends and patterns.



Tarpø et al. [95] aimed to enhance structural health monitoring in offshore wind turbines by estimating dynamic strain. They employed the PCA method on vibration data to reduce the dimensionality of these inputs, retaining only relevant elements for deformation prediction. Using the eigenvector obtained through this process, they constructed a transformation matrix to map the inputs into the domain of principal components. This transformation allowed them to estimate the deformation response. The PCA-based virtual sensing technique was validated through a two-month monitoring campaign, demonstrating precise strain estimation over extended periods, with minimal training data, and a normalized error of 2.95%, thus offering a robust alternative to traditional monitoring methods.




3.2.4. Gaussian Process-Based Methods


Gaussian Process (GP) is a non-parametric supervised machine learning method, widely used in regression and classification tasks. Especially in indirect measurement contexts, GP is used to solve regression problems [96,97].



Consider a MISO regression problem, where we have a function f that takes an input vector   x ∈  R D    and produces a scalar output y, as shown by Equation (5). The output is subject to additional noise  ϵ , which is assumed to be a Gaussian white noise in basic GPR, i.e.,   ϵ ∼ N ( 0 ,  σ n 2  )  . Equation (5) can be represented graphically by Figure 3.


  y = f ( x ) + ϵ  



(5)







To build a GPR model following the common practices in machine learning, a training dataset   D =   {  x i  ,  y i  }   i = 1  n    is used, consisting of n pairs of input vectors and the corresponding observed outputs. It is hypothesized that a latent function f correlates with the training data, as demonstrated by Equation (6).


   y i  = f  (  x i  )  +  ϵ i   



(6)







The primary assumption of GPR is based on assuming a priori that the function values behave according to a multivariate Gaussian distribution, where   f =   [ f  (  x 1  )  , f  (  x 2  )  , … , f  (  x n  )  ]  T    is a vector of latent function values, as shown by Equation (7).


  p  ( f |  x 1  ,  x 2  , … ,  x n  )  = N  ( 0 , K )   



(7)




where  K  is a covariance matrix, and elements   K  i , j    are given by the kernel function k evaluated at each pair of training inputs, as stated by Equation (8).


   K  i , j   = k  (  x i  ,  x j  )   



(8)







This kernel function governs the family of functions which comprise the prior knowledge, and the choice of this function is critical to the performance of the GPR [96,97]. An instance of typically adopted kernel function is the squared exponential kernel, or the basic linear function as shown by Equation (9).


  k  (  x i  ,  x j  )  =  σ f 2    x i    x j T   



(9)




where   σ f 2   is a hyperparameter. It should be noted that selecting the best kernel is a challenging task, and there are no one-size-fits-all solutions. Practitioners should prioritize finding the right covariance function before starting any modeling with GPR [96,97].



Pandit et al. [98] used GPR models incorporating the rotor speed, blade pitch angle, wind speed and power output to improve WT power curve predictions, demonstrating high accuracy with their approach, with an   R 2   coefficient of 0.9960. Similarly, Paiva et al. [99] applied GPR to estimate wind speed from SCADA measurements such as the active power, rotor speed, and pitch angle of the blades, achieving remarkable accuracy with a median errors of less than 1% compared to traditional methods such as LiDAR measurements. Rajiv et al. [100] developed Gaussian process metamodels, including GP, Variational Heteroscedastic Gaussian Process (VHGP), and Sparse Spectrum Gaussian Process (SSGP), to simulate the dynamics of floating offshore WT, using the wave force and moment data to predict the platform movements (displacement and rotation). The model demonstrated improved prediction accuracy with lower computational demands. Moreover, Haghi et al. [101] explored the use of GPR to forecast WT Damage Equivalent Load (DEL) across different wind speeds. They combined SCADA measurements with simulated data as inputs and validated the model’s accuracy through comparison with actual measurements. The aforementioned studies emphasized GPR’s capability in enhancing WT performance assessment and health management, despite facing challenges related to the necessity for precise input data and overcoming computational complexity.



Regarding the use of GPR for PV power plant predictions, Kanwal et al. [102] conducted a comparative analysis between GPR and SVM for PV power output forecasting. They used irradiance and temperature data as inputs to predict the power generation of the PV system. The results showed that SVM surpassed GPR in terms of solar power prediction accuracy, as indicated by the lower RMSE values associated with SVM. This superiority suggests that SVM is more able of handling the variability in PV power output under diverse weather conditions.






4. Physics-Based Methods


Physical models use mathematical equations to simulate the dynamics and physics of structures, typically described by partial differential equations. Due to their non-linear nature, these equations often lack a unique solution and are challenging to solve analytically. Their derivation is a complex process, influenced by the chosen model and assumptions, which usually deviate from real-world scenarios. In practice, data-based or hybrid models are commonly employed, although purely physical models remain of significant interest for their precise representations.



Regarding the PV sector, Dolara et al. [103] conducted an evaluation of various physical models in predicting the PV power output. The central idea revolves around using equivalent electric circuits to represent PV cells, capturing their electrical behavior under different conditions. These circuits use parameters such as series resistance, shunt resistance, and diode characteristics to simulate how PV cells convert radiation into electricity. The complexity of these models varies: three-parameter models are simpler, employing fewer variables, while five-parameter models provide more detailed representations for improved accuracy. By closely mimicking the physical and electrical properties of PV cells, these models aid in understanding and predicting PV power output. Environmental and operational data serve as inputs, while the predicted power output of PV modules constitutes the output. Notably, the study reveals that the model performance depends on the calibration data used, and that complex models do not consistently outperform simpler ones. Additionally, limitations include reliance on accurate calibration data and varying effectiveness across different PV module types.



In their study, Ibrahim et al. [104] introduced a digital twin technology as a virtual sensor for WT. The purpose was to address inaccuracies and failures associated with physical wind speed sensors. To this end, they employed a test bench featuring a direct-drive WT equipped with a permanent magnet synchronous generator for the physical model. The virtual model was constructed by proposing an equivalent electrical circuit for the generator and an equivalent mechanical model for the drive train. Firstly, the electrical block of the virtual model receives input parameters such as current, voltage from the stator, and rotor rotation speed. Using these inputs, it calculates the power produced by the generator. After that, the mechanical block of the virtual model combines the generated power with the rotor speed and torque input. This combination allows to estimate of the wind speed required to produce a specific mechanical power output. The assumption here is that the wind turbine system operates within certain efficiency and power capture characteristics, which are integrated into the mathematical model. The researchers validated their model using real-world data, demonstrating its significant potential in estimating wind speeds with notable accuracy. However, they acknowledge limitations related to external environmental factors that were not fully taken into account in the simulation.



In the literature on asset monitoring within the energy sector via physical modeling-based methods, modal analysis emerges as the predominant approach. This method involves examining the natural modes of a structure to predict its dynamic behavior. Researchers at Vrije Universiteit Brussel in Belgium have applied this approach with the goal of predicting vibrations and strains in areas of offshore wind turbines that are inaccessible (submerged) [105,106,107,108,109].



Iliopoulos et al. [105] used the modal expansion method on WT to predict acceleration responses at locations where measurements were unavailable, relying on sparse acceleration data from accessible points. They first developed a finite element model to numerically estimate the natural modes of the structure composed of n-DOF, with calibration performed using experimentally obtained natural modes. The Modal Assurance Criterion (MAC) is used to assess the agreement between numerical and experimental results. When the agreement is sufficiently good in accessible areas, corresponding to a-DOF, it can be concluded that the numerical model accurately represents the areas where measurements are unavailable, corresponding to b-DOF, and giving rise to the global modal matrix   Φ  n × m   , where m denotes the number of considered modes. The global modal matrix is composed of two sub-matrices: one for the measurable a-DOF   Φ  a × m  mes   and the other for the unmeasurable b-DOF   Φ  b × m  um  , where (  m e s  ) indicates measurable quantities and (  u m  ) refers to the unmeasurable DOF. Similarly, the acceleration vector   a ( t )   of the total n-DOF, where   n = a + b  , consists of two sub-vectors: one measurable   a mes  , and the other unmeasurable   a um  . If   m = a  , then the matrix of measurable natural modes is square and therefore invertible. Using modal expansion, the acceleration of the n-DOF of the structure is given by Equation (10).


   a ( t ) = Φ · q ( t )   



(10)




where   a   ( t )   1 × n     is the acceleration vector at the DOF of the structure.  Φ  is the matrix of the structure’s natural modes, composed of n natural modes corresponding to n-DOF. However, it is possible to consider a reduced number of modes, denoted by m (i.e., opting for an approximation rather than a complete discrete analysis) with   m < n  , and in this case, the matrix is of dimension   Φ  n × m   . Furthermore,   q   ( t )   1 × m     corresponds to the modal coordinates.



The measurable accelerations   a mes   at the a-DOF can be conveniently expressed as given by Equation (11).


   a mes   ( t )  =  Φ mes  · q  ( t )   



(11)







As for the b unmeasurable DOF, the relation between their accelerations and the modal (natural) coordinates is expressed in Equation (12).


   a um   ( t )  =  Φ um  · q  ( t )   



(12)







The modal coordinates   q ( t )   can then be obtained from the following expression if the number of modes is equal to the number of measurable DOF   ( m = a )  , i.e., in the case where the matrix   Φ mes   is square and invertible, as shown in Equation (13).


  q  ( t )  =  Φ  mes   − 1   ·  a mes   ( t )   



(13)







And in this case, the unmeasurable accelerations are expressed by Equation (14).


   a um   ( t )  =  Φ um  ·  Φ  mes   − 1   ·  a mes    ( t )    



(14)







If the matrix   Φ  m e s    is not square and thus not invertible (if   m < a  ), the expression of   q ( t )   is established using the Moore-Penrose pseudo-inverse, and given by Equation (15).


  q  ( t )  =   (  Φ  mes  T  ·  Φ mes  )   − 1   ·  Φ  mes  T  ·  a mes   ( t )  =  Φ  mes  †  ·  a mes   ( t )   



(15)







And in this case, the unmeasured accelerations are expressed by Equation (16).


   a um   ( t )  =  Φ um  ·  Φ  mes  †  ·  a mes   ( t )   



(16)







This approach allows predicting acceleration in inaccessible areas of wind turbines using modal expansion. The method is validated by comparing the predictions obtained with on-site measurements under various loading conditions, using the Time Response Assurance Criterion (  T R A C  ), which, along with the analysis of measured and predicted signals, demonstrates excellent agreement between predictions and measurements. The Fourier amplitude spectrum of modal accelerations, obtained by double differentiation of modal displacements in the frequency domain, reveals the distinct influence of each mode. Three regions are identified, indicating signal decomposition into specific frequencies, thus leading to the prediction of strains in critical areas [106] with limited acceleration and strain measurements, employing the same modal expansion approach established by Equation (17), where   ϵ ( t )   represents the strain and  Ψ  is the modal shape matrix of strains.


  ϵ ( t ) = Ψ · q ( t )  



(17)







The results of the prediction of dynamic strains under shutdown conditions show excellent agreement between measured and predicted signals. However, although the accelerometers used perform well for predicting dynamic strains, they have limitations in the case of quasi-static strains, as they are insensitive to low-frequency vibrations corresponding to this type of strain.



To overcome this limitation, Iliopoulos et al. [107] introduced the principle of multi-band modal decomposition, which consists in dividing the prediction regions into 3. The first is the near-static region for frequencies   f < 0.05   Hz corresponding to aero and hydrodynamic load perturbations, captured by strain sensors. The second region is between 0.05 and 0.5 Hz, corresponding to the fundamental mode, known as the low-frequency dynamic region where one accelerometer is used to capture the dynamic response. Finally, the third region goes from 0.5 to 5 Hz, and is called the high-frequency dynamic region, and includes harmonic modes, where multiple accelerometers are used. The strain corresponding to the high-frequency zone was estimated through a double integration of acceleration modal coordinates. Furthermore, the authors estimated the quasi-static strain, attributed to low-frequency wind and wave loads, through static analysis employing a tuned finite element model of the WT and load approximation at the tower’s top, derived from measured bending moments in the pile [108,109]. The validation of the proposed approach was conducted using strain data obtained from an offshore WT situated in the Belgian North Sea.




5. Hybrid Models


In addition to data-driven methods and those based on physical models, hybrid approaches combining these two methods also exist. Such methods generally start with a State-Space (SS) modeling approach, followed, in most cases, by the use of a Sequential Bayesian Updating (SBU), such as Kalman Filter (KF). Nonetheless, there have been recent advances in hybrid methods such as Physics-Informed Gaussian Processes (PIGP), which include Gaussian Process Latent Force Models (GPLFM). Furthermore, Physics-Informed Neural Networks (PINN) have emerged as another noteworthy hybrid approach.



5.1. SS Hybrid-Based Methods


The SS modeling approach, also known as an SS representation, is used to describe dynamic systems through state and measurement equations, expressed in terms of state variables. This approach allows predicting the temporal evolution of a dynamic system. For a linear, time-invariant system with m-inputs, q-outputs, and n-state variables, the state-space representation is given by Equation (18).


       x ˙  = A x + B u       y = C x + D u      



(18)







Here,   x ( t )   is the state vector of dimension n,   u ( t )   is the vector of deterministic inputs of dimension m, and   y ( t )   is the measurement vector of dimension q. The matrices   A  n × n   ,   B  n × m   ,   C  n × n   , and   D  n × q    represent, respectively, the state, input, output, and transfer matrices of the system. The first equation is the state equation, and the second is the measurement equation.



The transition from the SS model to the use of SBU allows for a more accurate and robust estimation of a system’s state by integrating new measurement data. SBU is a statistical method based on Bayesian inference, which updates the probability distribution of a system’s state with each new set of data. This approach relies on Bayes’ theorem to merge new evidence (the likelihood of observing new data, given the state) with prior beliefs (the prior probability of the state), thus forming an updated belief (the posterior probability of the state). This recursive process is particularly useful for handling uncertainties and continuously integrating new information, making state estimates more precise and robust against noise and various uncertainties. In practice, SBU enables the sequential updating of state estimates as new data becomes available, provides predictive estimates of future states, combines data from multiple sources, and estimates non-observable states by linking observable outputs to hidden states.



The methodology introduced by Nabiyan et al. [110] involves a sequential Bayesian approach for FEM updating in the context of digital twins for offshore WT. The approach aims to enhance the accuracy of digital twin models by incorporating sparse real-world measurement data, such as strain responses from the turbine structure, as inputs. By using a time-domain framework, the method allows for the simultaneous estimation of unknown model parameters and the history of input forces, such as the wind load, acting on the turbine. The outputs of this methodology include not only the updated digital twin model, which reflects the real condition of the wind turbine more accurately, but also, detailed information on the system’s unmeasured responses. This means the method can predict how the WT will respond to various conditions, even in areas where sensors may not be present. Nabiyan et al. [110] compared the proposed methodology with a classical modal-based updating method. Performance was evaluated on a 2 MW offshore WT at the Blyth wind farm, demonstrating both methods’ effectiveness in accurate response prediction, with the Bayesian approach showing slightly better results and additional capabilities in terms of input load identification and uncertainty quantification. In addition, Teymouri et al. [111] developed a Bayesian Expectation-Maximization (BEM) methodology for coupled input-state-parameter-noise identification in dynamical systems, incorporating dummy observations to stabilize estimations. This advanced approach aims to enhance the accuracy of system identification and damage detection by quantifying uncertainties and propagating them through model parameters and input forces. Using vibration data, the inputs are operational and environmental conditions, while outputs include the estimated states, parameters, and noise characteristics. The BEM model demonstrates improved accuracy in state and parameter estimations across numerical and experimental examples, highlighting its potential for real-time applications, with limitations including challenges in handling partial knowledge systems and sparse measurements.



Also, the Kalman filter, in all its form (linear, augmented, etc.), is a specific application of sequential Bayesian updating, tailored to the context of dynamic systems. This filter allows estimating the state of a dynamic system from measurements which may be incomplete or noisy. In a discrete environment, the Kalman filter is a recursive Bayesian estimator that relies solely on previous state estimates and current measurements, without requiring a complete history of observations and estimates. The process of the Kalman filter is divided into two main phases: prediction, where the future state is estimated using the system model, and update, where actual measurements adjust the initial prediction. The linear Kalman filter assumes that the actual discrete process   (  x t  )   follows a linear evolution defined by Equation (19) below, where   w t   is the process noise, following a centered normal distribution.


   x t  = A  x  t − 1   + B  u t  +  w t   



(19)







To deal with nonlinear systems, variants of the Kalman filter have been developed. The Extended Kalman Filter (EKF) linearizes the model equations around the current estimate, while the Unscented Kalman Filter (UKF) employs a nonlinear approach without explicit linearization, based on a set of sigma points, to estimate the probability distribution of the system state. The Unscented filter provides better performance in highly nonlinear situations.



Perisic et al. [112] introduced a cost-effective approach for CM in wind turbines by modeling their mechanical transmission as a 2-DOF dynamic system. Their research aimed to enhance wind turbine maintenance strategies without the high costs associated with traditional measurement equipment. They applied an Augmented Kalman Filter with Fading Memory (AKFF) to predict the shaft torque from typical wind turbine data. Inputs for their model were the generator torque and the angular velocities of both high- and low-speed shafts, with the output being the estimated shaft torque. Their approach outperformed existing models such as the standard Augmented Kalman Filter (AKF), demonstrating better accuracy across various load conditions and noise levels. This indicates its practical utility in predictive maintenance for wind turbines. In the same context of WT gearbox torque prediction, Cappelle et al. [113] presented an approach based on an Augmented Extended Kalman Filter (AEKF). The model inputs are vibration measurements on high and low-speed shafts, as well as strain gauges positioned on the gearbox casing. The performance is evaluated through numerical validation, achieving high accuracy in torque estimation with an   N R M S E   of 1.27% and 0.02% for the low- and high-speed shaft torque, respectively, under specific sensor configurations.



In another context, where offshore WT face technical measurement constraints in the submerged part of the structure, Maes et al. [114] aimed to predict a continuous strain for fatigue assessment in WT using Kalman filtering techniques. They developed a response estimation technique to estimate the strain at critical, inaccessible locations of a WT, using a limited set of response measurements and a system model. Their method was validated with data from a monitoring campaign on an offshore Vestas V90 3 MW wind turbine. The inputs for the model included acceleration and strain measurements, while the outputs were the estimated strains at unmeasured locations. The Kalman filter successfully predicted strains at the minimum measurement height available (  h = 19   m  ), demonstrating excellent agreement with measured strains. Noppe et al. [115] explored fatigue stress estimation for offshore WT using a Kalman filter and accelerometers. They compared the modal decomposition and expansion (presented in Section 4) using KF techniques, using data from an offshore WT. The model inputs included accelerations and a measured thrust load signal, aimed at reconstructing the strain history at critical points. Their findings showed that both techniques performed well in time domain analysis, with modal decomposition and expansion offering slightly better results in the frequency domain. Shukur et al. [50] presented a hybrid Kalman Filter-Artificial Neural Network (KF-ANN) model, grounded in the ARIMA model, to enhance wind speed forecasting accuracy. This methodology combines ARIMA’s effectiveness in initial data structuring with the Kalman filter stochastic uncertainty management and neural network nonlinearity handling. Inputs include daily wind speed data, processed to predict wind speeds accurately. The hybrid KF-ANN model outperforms its individual components and other models such as ARIMA in forecasting accuracy, demonstrating its potential for reliable wind speed prediction, albeit with the inherent limitations of computational complexity and data quality dependence.



Branlard et al. [116] developed a digital twin model for real-time load and fatigue estimation of WT. This model combines OpenFAST linearizations with a Kalman filter algorithm to estimate WT loads and fatigue states from SCADA measurements, including tower-top acceleration, pitch, generator torque, and rotational speed, without extensive physical instrumentation, enhancing wind turbine monitoring and maintenance. Validation against GE 1.5 MW turbine measurements showed an average accuracy of about 10% in estimating tower bottom moment loads, demonstrating the model’s potential for practical application in wind energy operations. Mehlan et al. [117] also developed a digital twin framework for online fatigue damage monitoring of wind turbine gearboxes, using vibration and SCADA data for dynamic state estimation. The methodology involves inverse methods for load estimation, specifically the Kalman filter, least squares, and quasi-static approaches. Inputs include the generator torque and vibration data, with outputs being the estimated gearbox bearing loads and fatigue damage. The performance evaluation showed a moderate-to-high correlation (R =   0.50 − 0.96  ) of estimated loads with actual measurements, and fatigue damage estimation errors ranged between 5 and 15%. The study highlighted the approach’s potential for enhancing maintenance efficiency through improved monitoring capabilities. The same methodology was extended to include the estimation of drivetrain loads and accumulated fatigue damage [118], calculated using the Palmgren–Miner model. The performance evaluation in a numerical case study showed moderate to high correlations between estimated and actual measurements, with fatigue damage estimation errors ranging from 5% to 15%. Kamel et al. [119] developed a data-driven virtual sensor for estimating the internal loads on the drivetrain bearings of WT using SCADA data (generator rotation and power, gear displacements, and bearing acceleration). They first identified a linear state-space model, and instead of applying a Kalman filter as is usually done, they attempted to explore a linear state-space model augmented by a FNN to predict the error between the dynamic response of the linear model and the actual system response. This approach achieved a 98% correlation coefficient in the time domain and accurate frequency signature matching, indicating a high performance in online load estimation for wind turbine monitoring and predictive control applications.



Regarding the use of SS-SBU methods in the PV sector, Tuyishimire et al. [120] developed a Kalman predictor approach for forecasting solar PV power generation, targeting real-time market scenarios with 15-minute-ahead predictions based on one-minute interval data. It contrasts two designs for a steady-state variance versus a transient response, using data from a 13 kW PV array. The model aims to improve the forecasting accuracy for solar power generation, with inputs being the high-resolution operational data of PV systems. Outputs include forecast power generation values. The study demonstrates the potential of the KF in enhancing solar PV forecasting, although it acknowledges trade-offs in design choices affecting the performance.




5.2. PIGP-Based Methods


Unlike traditional GPR, which relies on observed data for prior statistics, PIGP models use stochastic differential equations derived from physical models.



Tartakovsky et al. [121] introduced a PIGP model adapted for real-time forecasting and state estimation within WT power grids. This method enhances standard GPR by integrating physical laws, through stochastic differential equations, and thus offers improved prediction of the phase angles, angular speeds, and wind mechanical power. The model used inputs that include sparse measurements of observed states (e.g., phase angles, angular speed) and unobserved states (e.g., wind mechanical power) which are treated as stochastic processes. The PIGP model addressed both observed and unobserved grid states, leveraging stochastic processes for inputs and showing significant advancements, in terms of accuracy and computational efficiency, over conventional forecasting techniques, such as the Kalman filter and ARIMA.



Additionally, GPLFM integrates Bayesian machine learning techniques with physical modeling frameworks to analyze complex systems. Using Gaussian processes, the GPLFM infers latent or unidentified forces acting upon a system, offering a dynamic and robust methodology for internal dynamics simulation. This approach is notably effective in embedding prior physical laws into statistical models, thus improving the accuracy of predictions and enriching the comprehension of fundamental processes.



Bilbao et al. [122] explored the application of GPLFM for the monitoring of fatigue loads on wind turbine towers through virtual sensing, by employing acceleration measurements to forecast the dynamic strain. This model facilitates the estimation of both the dynamic loading applied and the resultant strain responses, with its validity is confirmed by comparison with actual strain gauge measurements. The evaluation of the model’s performance reveals its proficiency in precise strain response estimation, suggesting a pathway to more efficient structural health monitoring for wind turbines. Nevertheless, the model’s effectiveness is contingent upon the availability of accurate acceleration data and the intricacy involved in optimizing its hyperparameters. Further, Zou et al. [123] investigated the use of GPLFM for virtual sensing in offshore WT to estimate the dynamic strain under the mudline. This approach addressed the challenges associated with direct strain measurement in such complex environments. The model’s performance was confirmed by actual strain data, demonstrating its potential for continuous monitoring. However, its application is limited by the necessity for precise prior knowledge and the difficulties in adapting to varied operational contexts.




5.3. PINN-Based Methods


PINN combine deep learning with physical laws to tackle both forward and inverse problems in nonlinear partial differential equations. They incorporate physical constraints into the training process, providing a strong framework for finding solutions to complex equations and even identifying the equations themselves. This breakthrough in computational science enables accurate predictions and a deeper understanding of complex system behaviors. It represents a major advancement in applying machine learning to the physical sciences [124].



Li et al. [125] introduced a physics-informed deep learning approach that combines RNN and Deep Residual RNN (DR-RNN) architectures with the structural dynamics of wind turbines to forecast their responses under dynamic operational conditions. This model used inputs such as the wind speed and turbine control settings, in order to predict structural outputs such as displacements and forces, showcasing enhanced prediction accuracy and robustness compared to traditional methods, particularly for long-term forecasts. However, it encounters challenges in accurately predicting the high-frequency responses, underscoring the necessity for further development to integrate system SS equations across various operational scenarios. Further, Cobelli et al. [126] investigated the application of PINN in modeling the wind fields within wind farms, employing sparse velocity data from numerical simulations for training. Their findings illustrate PINNs’ capability to accurately simulate the wind fields around WT, presenting a computationally efficient alternative to conventional simulation techniques. This study validates the effectiveness of PINN in wind field modeling, though it suggests the need for model refinement and broader application to complex wind farm layouts.





6. Discussion


After reviewing various methods of indirect measurement applied to the field of renewable energies, it is clear that data-based methods are the most prevalent. Deep learning-based methods are currently the most used. The simplest approach in deep learning involves the use of FNN, which represents the foundation of basic deep learning, and demonstrates remarkable efficiency. However, the main limitation of FNN models is their inability to take into account temporal dependencies, rendering them less suitable for time series prediction, when time dependence is expected. Most monitored physical quantities are dynamic in nature, meaning that the temporal effect is present, and sometimes even predominant, which accounts for the effectiveness of AR models in cases where the system is linear. For this reason, RNN can excel in time series prediction due to their recurrent memory effect, which takes into account the temporal effect. It is important to highlight that the effectiveness of RNN models is strongly influenced by the nature of the data sequence being processed. When attempting to capture long temporal dependencies in data characterized by high-frequency phenomena, which exhibit weak temporal dependencies, there’s a risk of introducing noise into the model. This approach can, therefore, decrease the accuracy of the predictions. Conversely, overlooking long temporal dependencies in situations where they are relevant can also reduce the model’s effectiveness. It should be noted that models purely based on data may not be sufficient to answer all questions, highlighting their intrinsic limitations. Furthermore, it’s crucial to consider the high computational cost associated with the use of data-based methods, particularly for RNN. This factor represents a significant challenge in the implementation and optimization of these models, requiring special attention during their design and use.



Another data-driven approach involves the use of SVM, which offer high flexibility, and unlike neural networks, do not have to deal with the local minima problem. Several applications of SVM have been proposed for monitoring wind turbines and photovoltaic systems and have been shown to be as efficient as neural networks, although they are still not as powerful as neural networks in terms of adaptability and overall generalization capabilities. Meanwhile, the PCA approach remains underused in the renewable energy sector, making it difficult to assess its effectiveness. Additionally, over the past five years, the adoption of GP, representing advanced methodologies in probabilistic machine learning, has marked a significant evolution, particularly in the wind energy sector. These techniques have proven effective for predicting and optimizing the performance of wind turbines, exhibiting remarkable accuracy. The flexibility of GP and their inherent ability to model uncertainty provide a robust framework for predictive modeling and analysis. However, their application in the renewable energy domain remains less widespread compared to that of deep learning. In this context, models combining Gaussian processes and neural networks, known as Neural Network Gaussian Processes (NNGP), represent a promising avenue. Nonetheless, to our knowledge, this approach has not yet been explored in the renewable energy sector.



Overall, there is a trend towards the use of RNN models in virtual sensors for predicting various physical quantities across the three types of energy sources. However, it must be acknowledged that the choice of neural network architecture and training approach significantly influences the accuracy of predictions. Moreover, machine learning methods generally create a virtual sensor which operates within a fixed system health state [41,42]. Once degradation occurs and the behavior changes, thus the model encounters data not seen during training, the entire model becomes obsolete (due to out-of-distribution issues), often without any warning [40,41,42]. Furthermore, while deep learning has made significant strides, there is a pressing need for further improvements, especially in terms of interpretability [42]. Additionally, the current lack of focus on uncertainty estimation in studies highlights an area that requires more comprehensive exploration in future research to ensure the accuracy of predictions.



Physics-based methods continue to garner increasing interest, particularly in the context of wind turbines, but they present either a very complex mathematical formulation or sometimes an overly simplistic one. When the mathematical formulation is complex, its implementation in computational models becomes difficult, and the computational cost becomes even higher [15,34]. On the other hand, using simplifying assumptions reduces computation time at the expense of accuracy. It is also noted that the use of physics-based models is less prevalent in virtual sensor structures as compared to their counterparts (data-based and hybrid approaches), but they are instead used indirectly in research proposing models that could be extended to a virtual sensor structure. In the context of offshore wind turbines, modal expansion is widely used. However, the accuracy of this method heavily depends on the defined model. To achieve significant accuracy, the analytical formulation of the model becomes very complex, leading to numerous challenges in computation, and in the modeling of certain phenomena that are still poorly understood [13,15,34,44].



Regarding hybrid methods, we have observed a growing interest among researchers in hybrid approaches that demonstrate excellent performance by combining the advantages of data-based methods with a foundational layer of physics. The vast majority of these methods rely on sequential Bayesian updating, although recent attempts have been made to integrate state-space models with neural networks, as demonstrated by the application mentioned in the work of [119]. Other methods that blend physics with machine learning exist but have not yet been exploited enough in the context of virtual sensors applied to renewable energies, such as PIGP and PINN, which have the ability to incorporate the knowledge of physical laws governing a dataset into the learning process.



This analysis also underscores that research on indirect measurements in the area of renewable energy is relatively nascent. Studies concentrate mainly on the implementation of virtual sensors, which have yet to achieve technological maturity. The proposed models in these studies are highly diverse, pointing to the need to develop a comprehensive and tailored methodology—a gap that none of the reviewed studies have yet addressed. Furthermore, it must be acknowledged that most research efforts are confined to a single dimension or attempt to estimate just one relevant quantity, leaving many potential avenues unexplored. This comprehensive examination reveals the intricate dynamics of indirect measurement methods in renewable energy, highlighting the critical need for enhanced methodologies, accuracy, and understanding to advance the field.



Furthermore, it would be relevant to develop a general methodology for conducting indirect measurements in the renewable energy arena. Adopting a strictly physics-based approach as a general method seems impractical, given the complexity of modeling both structural dynamics and fluid dynamics of an energy asset. As previously highlighted, the mathematical formulation is extremely challenging, and certain phenomena remain poorly understood to this day. Moreover, a complex model induces a significant computational load, while an overly simplified model can significantly reduce the accuracy of the results. By choosing a data-driven approach, one might consider using RNN or GP, which seem to better adapt to asset variations. However, these models suffer from a lack of interpretability, a common limitation of data-based methods, thus complicating diagnosis. Additionally, the uncertainty of predictions, often neglected in the literature, and the risk of model obsolescence when encountering new, unseen data during training, remain major challenges, although these approaches outperform physical models in terms of flexibility. Kalman filters, mainly used in the wind turbine sector, represent a promising alternative that, in some cases, may surpass RNN in accuracy [127]. However, their effectiveness heavily depends on the underlying physical model, making it difficult to generalize their performance. Approaches such as PIGP and PINN show significant potential for creating a general model of indirect measurements but remain underexploited in the renewable energy field. In conclusion, to develop a generic model applicable to renewable energies, capable of conducting indirect measurements through a virtual sensor structure, viable paths include FNN, RNN, KF, PINN, GP, PIGP, and NNGP.



A summary of all the methods discussed is provided in Table 3 below.




7. Conclusions


In conclusion, it can be stated that the use of indirect measurements represents a beneficial method for monitoring assets. This approach simplifies installation, reduces expenses, and minimizes the need for frequent sensor replacements. Moreover, it effectively addresses technical obstacles by allowing data collection in areas that would otherwise be inaccessible, using data from easily reachable locations. Furthermore, it tackles economic challenges by proposing a model that can replace costly sensors in crucial areas, thereby minimizing deployment costs and efforts.



Although there are clear advantages to consider concerning the use of indirect measurements, the task of establishing relationships between measurable quantities and quantities-of-interest is a significant obstacle, and a general method for determining such relationships is currently unavailable. This highlights the need for more research and progress in virtual sensing field, as significant gaps remain that have not yet been addressed. The purpose of this review was to take a step towards closing this gap by examining the current literature in a bid to motivate researchers to develop a comprehensive indirect measurement approach.



Our review highlights the significant potential and challenges of indirect measurement methods in the renewable energy arena. Data-based methods, especially those using deep learning, have shown promise in capturing the dynamic behavior of renewable systems, but nevertheless face challenges related to model obsolescence and the need for improved interpretability. Physics-based methods remain interesting, notwithstanding their complexity and accuracy limitations. Emerging hybrid approaches, which combine data-driven insights with physical principles, offer exciting prospects for overcoming existing limitations. However, the field is still in its early stages, and there is a clear need for more comprehensive methodologies and a broader exploration of predictive models. Future research must focus on developing sophisticated and interpretable models that can navigate the complexities of renewable energy systems, marking a path toward optimizing and sustaining renewable energy resources.
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The following abbreviations are used in this manuscript:





	ACO
	Ant Colony Optimization



	AE
	Autoencoders



	AEKF
	Augmented Extended Kalman Filter



	AKF
	Augmented Kalman Filter



	AKFF
	Augmented Kalman Filter with Fading Memory



	ANN
	Artifical Neural Networks



	AR
	Autoregressive



	ARDA
	Autoregressive Dynamic Adaptive



	ARIMA
	Autoregressive Integrated Moving Average



	ARIMAX
	Autoregressive Integrated Moving Average with eXogenous Inputs



	ARIX
	Autoregressive Integrated with eXogenous Inputs



	ARMAX
	Autoregressive Moving Average with eXogenous Inputs



	ARX
	Autoregressive with eXogenous Inputs



	CNN
	Convolutional Neural Network



	DL
	Deep Learning



	EKF
	Extended Kalman Filter



	FNN
	Feedforward Neural Network



	GPLFM
	Gaussian Process Latent Force Model



	GPR
	Gaussian Process Regression



	KF
	Kalman Filter



	LSTM
	Long Short-Term Memory



	ML
	Machine Learning



	NAR
	Nonlinear Autoregessive



	NARNN
	Nonlinear Autoregressive Neural Network



	NARX
	Nonlinear Autoregressive with eXogenous Inputs



	NARXNN
	Nonlinear Autoregressive with eXogenous Inputs Neural Network



	PCA
	Principal Component Analysis



	PIGP
	Physics Informed Gaussian Process



	PINN
	Physics Informed Neural Network



	RNN
	Recurrent Neural Network



	SARIMA
	Seasonal Autoregressive Integrated Moving Average



	SBU
	Sequential Bayesian Updating



	SS
	State-Space



	SVM
	Support Vector Machine



	SVR
	Support Vector Regression



	UKF
	Unscented Kalman Filter



	VAE
	Variational Autoencoders



	VAR
	Vector Autoregression



	VQC
	Variational Quantum Circuit
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Figure 1. Indirect measurement methods classification. 
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Figure 2. NARXNN model architecture [28]. 
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Figure 3. Graphical model of the Gaussian process [96]. 
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Table 1. Global Installed Electricity Capacity (GIEC) of different types of renewable energies [1].
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	Energy
	HP
	PV
	WT
	BE
	GE
	CSP
	ME





	GIEC in 2013 (GW)
	1137
	137
	300
	84
	10
	3
	0.51



	GIEC in 2022 (GW)
	1392
	1055
	899
	150
	14
	6
	0.52










 





Table 2. Types of failures and condition monitoring challenges for hydraulic turbines, photovoltaic systems, and wind turbines.
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	Energy
	Types of Failure
	CM Challenges





	HP
	Fatigue, cavitation, corrosion, and abrasion
	Placement difficulty and limited lifespan of strain gauges; complex environments for sensor deployment



	PV
	Weather-related disruptions, electrical issues, hardware failures
	Managing variable power output and daylight dependence; the need for advanced predictive models



	WT
	Fatigue and erosion
	Difficulties in sensor placement and durability; complexity associated with gearbox and bearing monitoring










 





Table 3. Summary of methods used for indirect measurements.
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	Method
	Energy
	Year
	Reference
	Input Data
	Output Data





	ARMAX
	HP
	2016
	[14]
	Shaft torsion
	Blade strain



	ARIMA
	PV-WT
	2020
	[47]
	Wind speed, temperature
	Wind speed, temperature



	VAR
	PV
	2023
	[48]
	Weather conditions, solar irradiance
	Solar irradiance



	ARDA
	WT
	2021
	[49]
	Wind power
	Wind power



	ARIMA-FNN
	WT
	2023
	[51]
	Wind speed
	Wind speed



	SARIMA-SVM
	PV
	2023
	[52]
	PV power
	PV power



	FNN
	HP
	2019–2021
	[54,55]
	Shaft vibrations and displacement
	Blade strain



	FNN
	WT
	2021
	[56]
	MBS simulations
	Gearbox loads



	FNN
	PV
	2008
	[58]
	Weather parameters
	24 h-PV power



	FNN
	PV
	2010
	[59]
	Weather parameters
	24 h-PV power



	FNN
	PV
	2011
	[60]
	Weather parameters
	24 h-PV power



	FNN
	PV
	2011
	[61]
	Weather parameters, PV power
	24 h-PV power



	FNN
	PV
	2014
	[62]
	Weather parameters
	24 h-PV power



	FNN
	PV
	2015
	[63]
	Weather parameters
	24 h-PV power



	FNN
	PV
	2015
	[64]
	Weather parameters
	24 h-PV power



	FNN
	PV
	2010
	[65]
	Weather parameters
	PV power



	FNN
	PV
	2012
	[66]
	Weather parameters
	PV power



	LSTM
	WT
	2022
	[68]
	SCADA
	Blade bending moment



	LSTM
	WT
	2022
	[70]
	Vibrations, strain, FEM simulation
	Gearbox loads



	LSTM
	WT
	2015
	[71]
	Wind speed, temperature, surface pressure
	Wind speed



	LSTM
	WT-PV
	2019
	[72]
	Wind/PV power, weather parameters
	Wind / PV power



	LSTM
	PV
	2019
	[73]
	Meteorological data, clearness index
	Solar irradiance



	LSTM-VQC
	PV
	2023
	[74]
	Meteorological data, solar radiation
	Solar irradiance



	LSTM
	PV
	2020
	[75]
	Irradiance, temperature
	Power output



	LSTM
	PV
	2021
	[76]
	Historical power data
	Power output



	LSTM
	PV
	2019
	[77]
	Historical power data, meteorological data
	Power output



	NARXNN
	PV
	2017
	[78]
	Meteorological data
	Power output



	NARXNN
	WT
	2012
	[79]
	SCADA
	Gear oil temperature



	NARNN-SARIMA
	WT
	2019
	[80]
	Meteorological data
	Wind power



	NARX-LSTM
	PV
	2021
	[28]
	Meteorological data
	PV power



	NARX-LSTM
	HP
	2022
	[81]
	Shaft displacement
	Blade strain



	LSTM-AE
	PV
	2020
	[82]
	Meteorological data
	PV power



	LSTM-AE
	PV
	2016
	[83]
	Meteorological data
	PV power



	LSTM-VAE
	WT
	2023
	[84]
	SCADA
	Gearbox oil temperature



	CNN
	PV
	2019
	[85]
	Temperature, solar radiation, historical power output
	Power output



	CNN-LSTM
	WT
	2022
	[86]
	Wind speed from physical sensors
	Accurate wind speed



	SVR
	WT
	2008
	[88]
	Rotor rotation speed, generator power, blade pitch angle
	Wind speed



	SVR
	WT
	2022
	[89]
	Wind speed, atmospheric conditions
	Wind speed



	SVR
	WT
	2022
	[90]
	Wind speed, WT parameters
	Optimal power point tracking



	SVR
	WT
	2014
	[91]
	Wind speed, rotor speed
	Reaction torque



	SVM
	PV
	2012
	[92]
	Meteorological data
	PV power



	SVR
	PV
	2016
	[93]
	Historical power data, weather, irradiance
	PV power



	SVM-ACO
	WT
	2020
	[94]
	Meteorological data
	Power output



	PCA
	WT
	2022
	[95]
	Vibrations
	Dynamic strain



	GPR
	WT
	2020
	[98]
	Rotor speed, blade pitch angle, wind speed, power output
	Power curve



	GPR
	WT
	2021
	[99]
	SCADA: active power, rotor speed, pitch angle
	Wind speed



	GPR
	WT
	2023
	[100]
	Wave force, moment data
	Offshore WT platform

movements



	GPR
	WT
	2024
	[101]
	SCADA
	Damage equivalent load



	GPR/SVM
	PV
	2018
	[102]
	Irradiance, temperature
	PV power



	Physic model
	PV
	2015
	[103]
	Environmental and operational data
	PV power



	Physic model
	WT
	2023
	[104]
	Current, voltage, torque, rotor rotation speed
	Wind power



	Modal
	WT
	2014–2017
	[105,106,107,108,109]
	Vibrations and strains from accessible areas
	Strain of inaccessible areas



	SS-SBE
	WT
	2021
	[110]
	Strain responses
	Wind load



	AKFF
	WT
	2015
	[112]
	Generator torque and angular velocities of shaft
	Shaft torque



	AEKF
	WT
	2021
	[113]
	Vibrations and strains of shafts
	Shaft torque



	KF
	WT
	2015
	[114]
	Vibrations and strains of accessible areas
	Strain of inaccessible areas



	KF-Modal
	WT
	2018
	[115]
	Vibrations and strains of accessible areas
	Strain of inaccessible areas



	ARIMA-KF-ANN
	WT
	2015
	[50]
	Daily wind speed
	Accurate wind speed



	KF
	WT
	2020
	[116]
	SCADA
	External loads and fatigue



	KF
	WT
	2022–2023
	[117,118]
	Generator torque and vibrations
	Gearbox bearing loads



	SS-FNN
	WT
	2023
	[119]
	SCADA
	Internal loads on bearings



	PIGP
	WT
	2023
	[121]
	Sparse measurements of the outputs
	Phase angles, angular

speeds, power



	GPLFM
	WT
	2022
	[122]
	Vibrations
	Dynamic strain



	GPLFM
	WT
	2023
	[123]
	Vibrations
	Dynamic strain



	PINN
	WT
	2022
	[125]
	Wind speed, turbine control settings
	Dynamic response



	PINN
	WT
	2023
	[126]
	Sparse velocity data
	Wind field
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