
  

 

Development of a Digital Twin of Photovoltaic Solar Panels based 

on Physics-Informed Machine Learning 

 

Context of the research 

Multi-Generation Energy Systems (MGS) are emerging as a cornerstone of the energy transition by 

integrating different energy vectors, such as electricity, heat and hydrogen, with renewable sources and 

storage systems. Managing MGSs is complex due to the different physical laws governing each vector, 

strict network constraints (like voltage limits for electricity, pressure limits for gas), coordination across 

various time horizons (real-time, day-ahead and seasonal) considering the aging of assets, and the high 

computational burden of high-fidelity multi-physics models. Digital Twins (DTs) address these issues by 

acting as a lightweight, dynamic virtual representation of physical assets that can be updated from 

monitored data. For relevant MGS components, such as Photovoltaic (PV) panels, DTs have the potential 

of enabling actionable insights for Operation & Maintenance (O&M) optimization throughout their 

lifecycle by providing computationally efficient and physically consistent predictions of key process 

variables (like electrical parameters) from signal measurements (like irradiance, temperature, wind speed).  

This thesis project is framed within the REsilient Network through DIgital Twin Applications (RENDITA) 

project, which aims to develop a platform for the holistic Operation and Maintenance (O&M) of MGS 

supported by DTs. 

Objective of the research 

This thesis aims to contribute to the development of a Solar PV panel DT, in an ongoing project, that enables 

the assessment of its degradation level and the real-time forecasting of power generation throughout its 

lifecycle. For this, the student will identify key process variables to estimate degradation (such as equivalent 

circuit parameters), characterize the impact of degradation on power output predictions, conceptualize the 

DT setting considering monitored signals (such as solar irradiance, ambient temperature, wind speed), 

formulate the methodology using rigorous mathematical formalism, and implement the DT adaptation. To 

leverage knowledge from both available multi-physics models and datasets of signal measurements 

collected during operation, state-of-the-art Physics-Informed Machine Learning methods will be utilized 

for the algorithms involved in the DT development along with real-world data collected at SolarTech Lab 

of Politecnico di Milano. 

The research activities will include: 

• Literature review: analysis of state-of-the-art techniques on Physics-informed Machine Learning for 

DTs. 

• Problem formulation: identification of the DT requirements with respect to its use for assessing the 

degradation level of the Solar PV panel and predicting the power generation. Time constraints (e.g., 

online, long-term), fidelity (e.g., uncertainty assurance, predictive capabilities), interpretability (e.g., 

model transparency, outcome explanations), and modularity (e.g., scalability, synergy with other DTs) 

will be considered. 

• DT design: definition of the DT setting for the PV panel: the Physical Object (real asset), the Digital 

Object (virtual replica) & the Twinning Process (feedback loop between the Physical and Digital 

Objects that accounts for the identified key process variables and monitored signals). The proposed DT 

setting will be based on Physics-informed Machine Learning, aiming to to integrate measured data [1] 

and multi-physics models [2] developed at the SolarTechLAB. 

• Performance evaluation: definition of specific performance metrics to quantify the benefits of the DT 

with respect to the identified requirements. 

• Implementation: development of the selected DT objects and twinning process. 

• Validation: benchmarking the proposed DT setting against traditional simulators methods using real-

world data and simulation platforms derived from the RENDITA project. 

 

https://www.solartech.polimi.it/index.html
https://www.solartech.polimi.it/index.html


 

 

 

Collaborations 

Aramix – Deeptech for Reliable Production and Services, https://aramix.ai 

 

Research Team 

For further information, please contact: 

• Prof. Piero Baraldi, piero.baraldi@polimi.it 

• Dr. Juan-Pablo Futalef, juanpablo.futalef@polimi.it 

• Prof. Emanuele Ogliari, emanuelegiovanni.ogliari@polimi.it 

• Prof. Marco Mussetta, marco.mussetta@polimi.it 

• Prof. Enrico Zio, enrico.zio@polimi.it 

 

References 
[1] S. Leva, A. Nespoli, S. Pretto, M. Mussetta, and E. Ogliari, “Photovoltaic power and weather parameters.” 

IEEE DataPort, Sep. 23, 2020. doi: 10.21227/42V0-JZ14. 

[2] E. Ogliari, A. Dolara, D. Mazzeo, L. Lazzari, and S. Leva, “A simplified multi-physics approach for bifacial 

photovoltaic modules: Theory and validation of peculiar module layout,” Energy Conversion and Management: 

X, vol. 30, p. 101499, May 2026, doi: 10.1016/j.ecmx.2025.101499. 

 

 

https://aramix.ai/
mailto:piero.baraldi@polimi.it
mailto:juanpablo.futalef@polimi.it
mailto:emanuelegiovanni.ogliari@polimi.it
mailto:marco.mussetta@polimi.it
mailto:enrico.zio@polimi.it

