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[bookmark: _Hlk495475023]The urgent climate situation resulting from the indiscriminate consumption of fossil fuels together with the current geopolitical instability has prompted a series of policies in Europe to boost the energy transition through the large-scale installation of renewable energy sources (RES). To combat the intermittency and fluctuations associated with their operation, renewable hydrogen is presented as a versatile solution to decarbonize different economic sectors. Hence, the design and implementation of a hybrid renewable-hydrogen power system has turn out in the first electrically self-sufficient social housing of Spain installed in the town of Novales (Cantabria, Spain). The entire process is automated and controlled by a programmable logic controller (PLC) and monitored by a SCADA system. Under this framework, the HY2RES project proposes a digital twin (DT) modeling of the pilot plant to optimize the control system and the operating parameters thanks to the application of machine learning (ML) and artificial intelligence (AI) techniques to the data collected. The paper shows some initial results of the proposed DT, which features the electrical components of the physical system. The obtained results both validate the proposed methodology and evince the possibilities brought by it.
Introduction
Since the Conference of the Parties (COP) 21 in Paris in 2015 (United Nations 2015), different governmental bodies around the world, international companies and agencies, as well as different stakeholders have promoted a series of roadmaps and strategies to limit the harmful effects caused by climate change. Thus, the dependence of today's society on fossil fuels is the main factor responsible for the global climate situation. In particular, energy-related activities contribute to more than three quarters of total carbon dioxide equivalent (CO2eq) emissions (IEA 2020; Ritchie and Roser 2020). Global primary energy consumption in 2021 rebounded after the COVID-19 pandemic to 595 exajoules (EJ), a growth of 1.8% over 2019 (bp, 2022). In this context, the European Union has approved the "Fit for 55" plan that includes limiting greenhouse gas (GHG) emissions by 55% by 2030. On the other hand, the current geopolitical instability resulting from the war between Ukraine and the Russian Federation has caused an unprecedented inflation of the economy and a shortage of fossil fuels (mainly natural gas and oil) imported from Russia (European Council, 2023).
Given this situation, the large-scale deployment of renewable energy sources (RES) is essential to ensure a decarbonized energy system, in addition to encouraging energy independence through these efficient and sustainable solutions to reduce fossil fuel exports. However, it is essential to find efficient technological solutions for energy storage that respond quickly, safely and flexibly to the intermittent and fluctuating behavior of RES. For this reason, the European Commission approved the REPowerEU plan for 2022; with this, the EU seeks to promote Europe's energy independence through RES, increased energy efficiency and the hydrogen economy. Hence, the use of hydrogen as energy vector and commodity is an efficient and sustainable solution for large-scale and seasonal energy storage without degradation to boost RES penetration in the energy mix and decarbonize different energy-related sectors (European Council, 2022).

In this sense, the residential and building sector is a massive energy consumer in the EU, contributing to 40% of the final energy consumption and being highly inefficient due to its aging, which negatively contributes to the carbon footprint of this sector. Furthermore, the unprecedented economy inflation has aggravated the situation of most vulnerable citizens, leading them to energy poverty. Therefore, it is fundamental to improve the energy performance of the residential and building sector to abate its contribution to the climate change and to cheapen the electricity bills that are deteriorating the quality standards of the population (Maestre et al., 2022). Hence, the design and implementation of a hybrid renewable-hydrogen power system has turned out in the first electrically self-sufficient social housing of Spain installed in the town of Novales (Cantabria, Spain) in the framework of the European project SUDOE ENERGY PUSH (Maestre et al., 2022).

To further develop and optimize the operation of the renewable hydrogen-based system (RHS), a digital twin (DT) modelling of the pilot plant has been proposed under the HY2RES project. The concept of DT was originally proposed at the beginning of the century (Grieves, 2014) for industrial environments, and recently applied to different sectors (Tao et al., 2019) leveraging the digitalization and higher capabilities of communication and computation systems. Thus, through the application of machine learning (ML) and artificial intelligence (AI) techniques to the data collected, the main objective is the enhancement of the RHS performance under different dynamic circumstances. This type of system and methodologies has been proposed in the literature for the energy sector (Nguyen et al., 2021), and for the particular case of residential environments (Agostinelli et al., 2021). In this work, the overarching methodology of the project and DT modelling strategy are presented, along with some preliminary results. 

Methodology
The RHS designed and deployed in the framework of the SUDOE ENERGY PUSH proposal combines both renewable energies and novel hydrogen technologies to ensure the complete electricity self-sufficiency of a social dwelling over the year. Thus, the photovoltaic (PV) panels installed on the roof of the building harvest solar energy to be used in the dwelling as primary energy. Then, if PV panels generate excess energy, it is firstly accumulated in a lithium-ion battery pack for short-term energy storage and, subsequently, employed for hydrogen generation, compression and storage for seasonal energy saving. During periods of PV energy scarcity or at night, batteries initially supply electricity to the load and then, they are charged by means of a fuel cell that finally covers the demand of the home. Figure 1 presents a schematic overview of the pilot plant and electricity and hydrogen flows within the system.
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Figure 1: Schematic diagram of the hybrid RHS deployed in Novales (Cantabria, Spain).

The pilot plant has been completely automated and controlled remotely thanks to the aid of a programmable logic controller (PLC). Furthermore, the RHS is operated under an energy management strategy based on the status of the stored autonomy and it is monitored in a supervisory control and data acquisition (SCADA) system. Under this framework, the HY2RES project proposes a digital twin (DT) modeling of the pilot plant to optimize the control system and the operating parameters thanks to the application of machine learning (ML) and artificial intelligence (AI) techniques to the data collected.

To develop the DT, the HY2RES project proposes an architecture that embraces three main components. The first one is devoted to the physical-virtual interaction, to gather information from the real system, and to send back decision policies. On top of it, the architecture includes elements for data management, and integrates external data sources, such as weather forecast.  Leveraging the aforementioned modules, the DT is implemented by a set of software libraries that replicate the behaviour of the real system. In this sense, once the input/output and control variables of the main components of the RES system are identified, we will tackle their modeling. This includes algorithmic solutions when the underlying behaviour is well known, and ML techniques otherwise. Eventually, the HY2RES project will exploit the DT to assess the performance of various control policies over the digital replica, including those based on weather forecast. In addition, it will also allow a “what if” analysis of the system under different circumstances for a given policy. Figure 2 graphically depicts the HY2RES project scope and underlying structure.
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Figure 2: Scope and structure of HY2RES project.

DT Modelling

The DT is composed of software modules, each of them emulating the behaviour of one or more physical components. These modules, or blocks, are characterized by a set of control, input and output variables. Input and output variables correspond to physical magnitudes, while control variables mimic decision signals, such as those sent by the PLC. This way, when certain control and input variables are applied, the module generates output variables, replicating its physical counterpart. The different modules are connected so that the output variables of a module might act as inputs for others. In fact, some signals are fed back into the system, like the battery State of Charge (SOC). Figure 3 depicts the modules that we have identified so far, along with the variables currently considered. Among them, we differentiate between controlled and external ones. The former, are modelled by the DT, since their values depend on the control system. On the other hand, the latter are independent of the control system. As can be observed in the figure, we are currently using the power demand and PV power supply as external variables, and others will be integrated in the next stages of implementation.

The main module mimics the PLC, since it integrates the management logic of the system. This module will implement the optimized control algorithms, so as to be validated before applying them to the real system. Besides, the PLC module is fed with the power demand and PV power generation, as well as with variables that bear the state of all the components: state of charge of batteries (SOC) and hydrogen storage systems’ pressure. Finally, different external data sources, such as weather forecast, will be integrated by means of additional input variables. 

Using the input variables, the PLC model generates control signals to manage the system as follows. In case of excess of energy from the PV panels, e.g. once the home demand has been satisfied, this surplus is distributed into the storage systems following the energy management strategy or exported to the grid. This boils down to sending it first to the battery, and later to the hydrogen (H2) storage chain through the electrolyzer. In turn, the hydrogen is first kept at a buffer, and then compressed in a H2 tank. Otherwise, if there is a lack of energy to cover the home demand, it will be either obtained from the storage system or imported from the grid. When using the storage system, the battery is used first, and when this is not enough, the fuel cell starts working, consuming hydrogen, first from the buffer and later from the compressed hydrogen tank. The particular control algorithm will determine the threshold and corresponding policies to decide one of the available options. 

The inverter module takes the on/off signals generated from the PLC, plus the external variables, to distribute the energy to the different storage modules as has been described. Then, the battery module uses the charge, or discharged energy, to update the SOC, which can be in turn used by the PLC. The electrolyzer module models the H2 flow and generates input variables to the storage modules. Other variables, such as environmental temperature will be also considered to model the behavior of this block. In parallel, the on/off compressor variable from the PLC determines whether the H2 flow must be stored in the buffer or in the compressed H2 tank. The pressures of both buffer and compressed H2 tank are fed back to the PLC to aid the decision making process. 
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Figure 3: DT modules and variables. In the figure, dotted and solid lines represent control and input/output variables respectively.

From an implementation perspective, the DT modules are being developed in Python, as independent classes with well defined interfaces. This will permit us to modify the different module models to perform a ‘what if’ analysis. 
Results
In the initial stage of the HY2RES project, the implementation has focused on the modules of the electrical components, namely PLC, inverter and battery. In this stage, the modelling has followed an algorithmic approach, which uses the logical operation of the system and the physical equations that govern its behavior. Other data driven approaches will be adopted in subsequent phases, according to the observed prediction accuracy. In order to validate their correct modeling, this section presents an analysis of the outcome of the mentioned components, focusing on the interaction between inverter and battery. 

In the case of the inverter, the analysis considers the power supplied/consumed to/from the battery (variable Battery Pw in Figure 3) when the input signals to the model are the generated PV power, the home power demand and the PLC estimated signals. For the battery, the SOC output is assessed by means of its charge/discharge power, which is used as an input signal for the model. In all cases, samples from the physical system are taken every 5 seconds during a period of 2 weeks, and one estimate is generated for every sample.

Figure 4 shows the instantaneous evolution of the discharge power from the battery during 5 days. In the shaded background we represent the difference between the two input variables, PV power supply and home load, whose scale is indicated in the right axis. Blue and orange dots represent the real and estimated values of the battery discharge, respectively. A closer view is illustrated in Figure 5a, where the high similarity between the proposed model estimations (orange) and real measurements (blue) is clearly observed.
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Figure 4. Instantaneous evolution of the discharge power. Real (blue) and estimated (orange) values are shown. 

Figure 5b shows the relationship between the measured and estimated values during the whole measurement period. We plot the values obtained with the DT, and we also represent the ideal behavior with an orange line, where estimate and real samples are alike. As can be observed, the model is able to mimic the real behavior in most of the cases, although there is some mismatch where the model yields values in the whole range, while the measurement system indicates that there is no discharge whatsoever. This behavior might be caused by gaps in the monitoring process for some time intervals. To numerically measure the corresponding deviation, the Normalized Root Mean Squared Error (NRMSE) has been calculated based on the battery discharge power estimations, yielding a NRMSE of 0.0588.
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                                      a)                                                                                              b)	
Figure 5. a) Detail of power discharge time evolution b) Battery load: real vs estimated

Figure 6 shows the temporal evolution of the measured and predicted battery SOC, with blue and orange lines, respectively. To better illustrate the observed behavior, the input variables of the proposed battery model, input/output power from the inverter, are represented with the shaded background. As can be seen, both real and predicted variables follow the same trend. In a closer look, it can be seen that the model performs quite well at medium SOC values, while at high and low SOC values the difference is more relevant. In this case, the NRMSE obtained from the whole measurement period 0.0864.
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Figure 6. SOC real (blue) and estimated (orange) vs battery charged/discharged power (grey).
Conclusions
This paper presents the initial steps in the design and development of a DT implementation for a hybrid renewable-hydrogen power system, which is installed in a housing in the town of Novales (Spain). The DT, which is structured in functional modules that emulate the physical components, uses as input variables the housing load and the energy generated by the PV panels, while it predicts the rest of the variables. 

The results obtained for the initial DT models, which feature the electrical components of the physical system, show a rather good match between the values monitored in the physical system and those obtained with the proposed DT model, with quite low NRMSE. In our future work, we will extend the DT functionality implementing the different components both as independent software modules, which will be connected by means of the appropriate variables. Moreover, alternatives based on ML will be analysed whenever the main cause for the prediction mismatch is not clear, as was the case of the SOC extreme values.

Nomenclature
	AI - Artificial Intelligence
	NRMSE - Normalized Root Mean Squared Error

	CO2eq - Carbon dioxide equivalent
	PLC - Programmable Logic Controller

	COP - Conference of the Parties
	PV - Photovoltaic

	DT - Digital Twin
	RES - Renewable Energy Sources

	EJ - Exajoules
	RHS - Renewable Hydrogen-based System

	GHG - Greenhouse Gases
	SCADA - Supervisory Control and Data Acquisition

	ML - Machine Learning
	SOC - State of Charge
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