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Background

=  Problem Statement:

— Accurate forecasting of photovoltaic (PV) power generation is crucial for efficient grid management and
energy planning. However, PV power output is highly variable due to weather conditions, seasonal
changes, and geographic location. Traditional forecasting methods often struggle to handle this complexity,
leading to suboptimal energy management and increased operational costs.

= Proposed Solution:

— Leveraging the Al toolchain of MathWorks, including MATLAB and Simulink, to develop a robust PV power
forecasting model. This solution will utilize machine learning (ML) and deep learning (DL) techniques to
accurately predict PV power output.

— Improved Accuracy: Leveraging advanced ML/DL techniques enhances the accuracy of PV power forecasts.

— Scalability: The solution can be scaled to accommodate different geographic locations and varying data
volumes.

— Efficiency: Better forecasting leads to optimized grid management, reducing operational costs and
improving energy efficiency.
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Challenges in Implementing a PV Predictions System

Model

Data quality and _
Complexity

availability

Integration and Regu|a’[ory and
Deployment Compliance Issues

Maintenance &

Weather Updates

dependency

4 MATLAB EXPPO



| Use Case

Establishing user-friendly workflow for PV estimation and
edge deployment
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Low Code Al Workflow
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Photovoltaic Analytics Methodology
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Data Preprocessing

PREPROCESSIMNG DATA
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Feature Engineering
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Feature Engineering
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Model Training

different classifiers and find the different regressions and find the
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The data is divided into training (70%) and testing dataset (30%)
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Model Evaluation
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App Designer

Building modern, full-featured applications using the rich set of
components and custom interactions available in App

Designer.
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PV Analytics Methodology
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Conclusion

GUI
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MATLAB enables
domain experts to do
Data Science

MATLAB
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run anywhere

Supports end-to-end Workflow
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Benefits and opportunities

Faster Time To Market
Ease in Development
Ease in Deployment

Streamlined Documentation

Adherence to Standards / Compliance

Continuous Verification
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Way forward

Integrating into MBD approach workflow
Hyper parameter tuning
More options on code generation

Integrating with multiple 3" party APIs
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Advanced data integration

Model enhancement (Hybrid models)
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Pruthiraj Swain, Eaton

pruthirajswain@eaton.com

Q&A

Koustubh Shirke, MathWorks

kshirke@mathworks.com
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