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Argumentation of choice
of the studio

The recent surge in machine learning has led to its
application across various aspects of the construction
industry. However, its potential in facilitating sequential
decision-making within the built environment remains
underexplored. Integrating reinforcement learning with
building-integrated renewable energy sources presents an
opportunity to bridge the gap between the current static
approaches to photovoltaic panel deployment in
residential settings and the application of artificial
intelligence for sustainable energy production. What is
more this topic enables the author to explore and develop
solutions to a real problem with a substantial positive
impact on society.

Graduation project

Title of the graduation
project

ReinforceRay: Optimal Long-Term Planning of
Photovoltaic System in Grid-Connected Residential Sector
with Reinforcement Learning

Goal

Location:

The electricity load data is taken from a typical terraced
house constructed prior to 1945, located in Delft.

The posed problem,

Optimal planning for residential PV systems must
navigate a complex landscape of often conflicting and
mutually exclusive variables and objectives. To date, the
primary focus in optimizing the economic feasibility of
residential PV installations lacks integration of other
variables unrelated to economic profitability, such as
environmental impact considerations; the optimizations
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are carried out over a short periods of time; concentrate
on specific, peculiar scenarios; make unrealistic
assumptions about fluctuating time-dependent variables.

The problem lies in effectively utilizing the multi-objective
optimization and sequential decision-making capabilities
of reinforcement learning to navigate the complex,
multidimensional spaces involved in long-term planning
for rooftop PV systems in grid connected, residential
scenario, especially when considering factors of divergent
and often mutually exclusive natures, along with their
inherent uncertainties.

research questions and

Main question:

How can reinforcement learning based recommendation
workflow be used for long-term planning and design of
residential grid-connected PV system under the
uncertainty of future scenarios?

Secondary Questions:

How does the residential grid-tied photovoltaic system
operate?

How can we evaluate the economic profitability and
environmental benefits of rooftop PV systems?

Which variables to include in the optimization process?

What constitutes the most appropriate model for
forecasting the electricity yield of photovoltaic systems?

How to generate future scenarios of the identified
optimization variables for model training?

Which reinforcement learning algorithm and in what
configuration is most suitable for this problem?

What kind of action, observation spaces and reward
function to consider?

How to deploy the trained model and how could it be
used by the end user?




design assignment in The purpose of this thesis is to develop, test and evaluate
which these result. sequential decision-making workflow for the
implementation and maintenance of a residential PV
system using reinforcement learning (RL).

The main deliverable is an optimally trained RL model
with an applicable training environment with all relevant
variables implemented and modelled. The model should
be able to output the best planning strategy over the
course of 25 years, with the timestep frequency (max. 1
year) according to its reward function.

Upon successful completion, depending on time, further
investigations may be undertaken looking at the
boundary conditions, limitations, calibration testing and
deployment including a mockup user interface to the
trained model.

[This should be formulated in such a way that the graduation project can answer
these questions.

The definition of the problem has to be significant to a clearly defined area of
research and design.]

Process

Method description
1. Literature Review

The study will begin on examining residential grid-connected photovoltaic systems.
Then, we will identify and elaborate on the various factors that influence decision-
making processes at financial and environmental levels. Following this, it will focus on
comprehending the objective functions as described in the literature and pinpointing
the pertinent design constraints. Next, various methods of modelling photovoltaic
panels in the context of long-term planning will be described and discussed. The
focus will then shift to an exploration of reinforcement learning, including an
overview of the RL landscape and more focused descriptions of algorithms.
Subsequently, the literature for creating stochastic scenarios based on the identified
independent variables for training the RL model will be explained. Finally
reinforcement learning deployment considerations will be analyzed.

2. Toy Problem - minimal required to answer research question

This step acts as a controlled environment where the methodology can be evaluated.
Here it is assumed that all relevant variables remain static throughout the
optimization period. The primary goal of this step is to test and validate the
developed approach regarding constructing the RL model environments, assess both
of the selected algorithms, test and fine-tune the reward function and examine the




PV system modeling process. Once the algorithm converges well, we will move on to
the next stage. The PV panels are modelled using a single-diode method from pvlib
library. Three evaluation metrics are selected: cumulative reward, internal rate of
return and global warming potential.

3. Full — Scale Development - medium goal

After completing and assessing the toy problem, the experimental process progresses
to the Full-Scale Development stage. Here, the complexity of the variables increases
gradually. Those include: electricity tariff, CAPEX, new PV performance improvement,
grid emission factor, net metering and gradual PV efficiency loss. Each variable is
modelled and introduced individually, followed by an evaluation of the algorithm's
performance and output. This step-by-step approach continues until all the specified
variables are incorporated into the training process. In this stage the reward function
is going to be further evaluated. If the model converges well we can increase the
timestep density from one year to 6 months and further to one quarter. On this stage
alternatives to a simple neural network as the policy or value functions such recurrent
neural network (RNN) and Long-Short Term Memory (LSTM) are going to be tested.

4. Model Deployment - optimal goal

The final phase of the proposed workflow involves developing a front-end
recommendation system for the model. This system will serve as a demonstrative
interface, which could be potentially integrated into an actual PV monitoring system.
The implementation of this interface will either be actualized by creating a genuine
interactive interface, or more realistically within the thesis time frame, through a
mock UI designed in a 2D graphic software, illustrating the essential functionalities.

In general the following tools will be used (subject to change):
Python — Open AI Gymnasium, PyTorch, Stable Baselines 3, Gradio, pvlib, plotly and
other common libraries (numpy, matplotlib, pandas, etc.)
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Reflection

1. What is the relation between your graduation (project) topic, the studio topic (if
applicable), your master track (A,U,BT,LA,MBE), and your master programme
(MSc AUBS)?

The MSc AUBS programme, among others, focuses on innovation within the field of
architectural engineering. It has a multi-disciplinary emphasis that encourages
students to explore topics that connect different fields.

The project at hand has an obvious, deep connection to the building technology
master track as it focuses on building integrated renewable energy sources and multi-
objective decision making with the use of advanced computational tools. It exceeds
the boundaries of BT however integrating elements of planning and management in
the built environment, as well as computer sciences.

2. What is the relevance of your graduation work in the larger social, professional
and scientific framework.

This thesis contributes to the practical understanding of applying RL for the
optimization of residential PV systems and related decision-making. Scientifically, the
research enriches the field of applied energy informatics by providing a concrete
example of how advanced computational techniques can address real-world problems
in energy management. It ventures into dynamic optimization that accounts for
variability and uncertainty in long-term planning.

On the societal front, the research directly addresses the need for more efficient and
environmentally friendly energy solutions at the household level. The development of
a robust RL-based framework provides homeowners with a clear strategy to optimize
their energy costs and reduce their carbon footprint. The outcomes of this research
could potentially lower the barriers to the adoption of PV systems by demystifying the
economic and ecological trade-offs involved.




