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Abstract

Buildings account about a third of the total global final energy use and it is expected
to grow further in the next 30 years due to the growth in population, higher indoor
comfort level demand, and longer time spent inside buildings. Heating, Ventilation
and Air Conditioning (HVAC) systems constitute the major source of energy
consumption, thus researchers are trying to develop more efficient control strategies
to manage their operation. At the time of this work, the research efforts have been
focused on Model Predictive Control (MPC), but the highly diversified building
stock and the need of accurate model have slowed down the advancement. New
buildings are embracing more advanced enabling technologies for Building Energy
Management Systems such as Internet of Things and Cloud Computing, allowing
the upstream of information. The so-called Big Data are generated every day and
stand for the opportunity to enhance local and supervisory management of the
energy systems. Soft-control relies on that data to make predictions, reveal patterns
in energy consumption, cluster buildings and for building control, thanks to the
computational power given by present-day technologies. Reinforcement Learning
(RL) is a promising technique for solving complex non-linear problems, and together
with MPC can potentially establish as the state-of-art technologies in the building
control field. In this work, Deep Reinforcement Learning is used to manage thermal
energy storage in a multi-energy building in Turin during the cooling season. The
algorithm is a Soft Actor-Critic. The energy system comprises of a cooling system
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with cold-water storage tank, and a Photovoltaic field with Li-ion battery. This
work aims at describing how an advanced control strategy affects the design of
the thermal and electrical storage. The RL agent schedules the tank operation to
minimize the energy cost and it is compared to a benchmark which charges the
tank when price is low and discharges it during high price hours. The environment
is simulated for several configurations of different Thermal Energy Storage and
Battery Energy Storage Systems (BESS) sizes. The results clearly indicate that
the RL performs better than the benchmark both in terms of energy consumption
and energy cost. Moreover, it guarantees much higher level of self-sufficiency and
self-consumption, hence it can be considered that RL is a viable alternative to the
sizing up of the energy storage when it comes to nearly Zero Energy Buildings
design. As a result, large BESS with unbearable cost can be avoided, even if
Variable Renewable Energy Sources are considered. By making use of RL, the
grid is less involved in building operation, which is also desirable when seeking for
building flexibility. RL has also revealed the pattern to follow for optimal daily
scheduling of the storage tank, leading to the identification of Rule-Based control

more efficient than the one used as benchmark.
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Chapter 1

Introduction

The energy sector has always been crucial for centuries, providing the basis for
the economic and technological development, as seen during different industrial
revolutions throughout history. The XX century highlighted how the economic
growth is strictly related to the energy availability and how energy crisis can
generate recessions, inequalities and contentions; indeed, the rapidly growing world
energy use has already raised concerns over supply difficulties, exhaustion of energy
resources and heavy environmental impacts like ozone layer depletion and climate
changes. Nowadays, it is understood that energy production must be sustainable,
to ensure stability in the long run and encourage prosperity to the human life.
The current fossil fuel reserves give enough time to think about alternatives but
it is not same for their impact on the global climate, which shows a much sooner
deadline. The path has been revealed by many international organizations in the
last decades, from the first United Nations Framework Convention on Climate
Change in 1992 to the Paris Agreement in 2015 where the Parties committed to
limit the temperature increase well below 2°C; also, the Climate-Energy Framework
2020 sets three key targets to cut 20% in greenhouse gas emissions (compared to
1990 levels), increase the EU renewables share by 20% and improve energy efficiency
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Introduction

by 20%, and lately, Europe has stated to be already on track to meet its greenhouse
gas emissions reduction target for 2020, and has put forward a plan to further cut
emissions by at least 55% by 2030. By 2050, Europe aims to become the world’s
first climate-neutral continent[1]. Also, with the Agenda 2030, the Sustainable
Development Goals are defined for the energy sector, where it is expressed the
needs for everyone to access to clean and affordable energy. Despite these efforts in
Europe, nothing has really changed wordlwide, the atmospheric CO5 concentration
is still increasing and the targets set in 2015 seems out of reach unless a steep
reversal of trend occurs [2].

The International Energy Agency has gathered frightening data on energy con-
sumption trends. From 1990 to 2018, the growth of annual primary energy supply
and C'O, emissions is around 60%, at an average annual increase of 1.7% [3]. The
trend of energy consumption over the past years helps forecasting how it will
behave in the future and shows that new and more stringent policies must be
issued by government and intergovernmental organizations, by intervening on the
penetration of sustainable production, more efficient management strategies and
technical improvements for distribution, storage and consumption technologies,
along with CCS and carbon sinks, allowing negative CO, emissions. In any other
case it will not be possible to achieve good performance in terms of global efficiency
and so energy intensity, which is a major key indicator to understand effectiveness
of strategies at macro-scale and to study the dependency between economy and
energy consumption, that is growing at an astonishing pace. The U.S. Energy
Information Administration provides energy forecasting in its International Energy
Outlook 2019, where the reference case reports the growth of the world energy
consumption to be nearly 50% by the end of 2050 with non-OECD countries ac-
counting for around 87% of the increased amount, and among them, Asian countries

are those contributing the most[4]. China and India have been among the world’s
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fastest-growing economies during much of the past decade, and they will remain
primary contributors to future growth in world energy demand. Moreover, the TEO
2019 shows that the forecasting for non-OECD countries have higher uncertainties.
Peréz-Lombard et al.[5] carried out the analysis of the trend of main world energy
indicators between 1973 and 2004. The rate of population growth is well below the
GDP, resulting in a considerable rise of per capita personal income, global wealth
and energy consumption over the last 30 years. Electrical energy consumption has
seen a dramatic increases of over two and a half times and scored a percentage
increase of 18% in the final energy consumption in 2004 and this can be seen as
important factor for final and primary energy intensities, which dropped because
of the higher rate of growth of the GDP over the energy consumption increasing,
resulting in an overall improvement of the global energy efficiency/[5].

In this context, the present work is dedicated to the energy use in the building
sector, which is gaining importance according to the historical trends. In 2010,
buildings accounted for 32% of total global final energy use, divided in 24% for
residential buildings and 8% for commercial ones[6][7]. In residential buildings,
space heating dominated the consumption with a quote of 32% of the global con-
sumption, followed by 29% for cooking, 24% for water heating, 9% for appliances,
4% for lighting, and 2% for cooling. Also in commercial buildings, space heating
dominated the consumption with a quote of 33% of the total consumption, followed
by 16% for lighting, 12% for water heating, 7% for cooling, and 32% for other
equipment[6]. Moreover, the energy consumption in buildings is very heterogeneous
across regions, differentiating by income levels, climate, and behaviour. This results
in developed countries scoring up to 42 GJ/cap/yr, half of which used for space
heating and fuelled for 73% by electricity and gas, while developing countries come
up with 11 GJ/cap/yr, used primarily for cooking (47%) and fuelled with biomass
(53%)[8]. The IPCC stated that GHG emissions from the building sector more
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than doubled between 1970 and 2010, reaching a value around 10 GtCOs ., [y
nowadays[9]. Also, the general believe is that building energy use will continue
growing in the next 20 years, sustained by growth in population, increasing de-
mand for building services and comfort levels, together with the rise in time spent
inside buildings[3], and electricity is the fastest-growing source of energy use in
the commercial sector, mostly due to space conditioning. An important driver is
the global building floor area which is increasing at an annual average rate around
2.3%, supported by the growing population and increasing floor area per person[10].
The EIA analyses and forecasts future trends in building energy consumption.
Energy use in the built environment will grow by 50% in the next 30 years, at an
average rate of 1.3%. Many drivers such as economic and population growth in
emerging economies will intensify needs for education and health, as well as public
and private services, resulting in a strong energy consumption increase. Again,
building energy consumption in non-OECD countries will increases at about 2%
per year, about five times faster than in OECD countries, and non-OECD building
energy consumption will surpass that of OECD countries by 2025.[4]. Heating,
Ventilation and Air Conditioning (HVAC) systems constitute the major energy
consumption in buildings with the percentage up to 60%[11]. In the USA, these
systems represent more than 50% of the energy consumption in residential buildings,
and in China, a sample of 30 buildings exposed a 68% of residential consumption
in average[5][12]. Also, retro commissioning of existing building HVAC systems
discovered the deficiency problems are mainly caused by control and operation[13].
Chiller plants are largest energy end-users in HVAC system, taking up more than
60% of the system whole energy consumption[14] and raise the problem of finding
the Optimal Chiller Loading to enhance buildings energy efficiency. In Europe, data
produced by the administration at national, regional or local levels is insufficient

to efficiently plan future energy policies for buildings and to coordinate measures
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to address each of the end uses. However, many sources show a significant increase
in the use of air conditioning, especially in southern countries, probably due to
the global warming, creating serious supply difficulties during peak load periods.
Analysis by sectors, as those produced by the EIA for residential and commercial
buildings should be funded by governments, so that a comprehensive database of
the building stock and energy parameters can be the basis for future planning. For
these reasons, energy efficiency in buildings is now a prime objective for energy
policies at regional, national and international levels. Since 2013, government
and regulators are developing strategies at a large scale concerning either home
appliances, water, and space heating in residential buildings and space heating and
other miscellaneous equipment in non-residential buildings[15]. It is only recently
that BRICS countries have issued more stringent efficiency standards for appliances
and equipment, as well as stricter building codes. The building envelope has gained
attention as well. In 2013, IEA published a report stating that US, EU, and Russia
should primarily intervene on high performance envelopes in the cold areas, where
the building energy demand could be potentially reduced by 33%[6]. Behavioral
changes should be taken into account, but it is difficult to carry out any accurate
analysis. It is generally assumed that behavioral changes could save between 10%
and 30% in heating, up to 50% in cooling and up to 70% in lighting [9].

At this time, many achievements have been made to fulfill the energy-efficiency
requirements for equipment in buildings, by guaranteeing the operative needs and
being environmentally friendly, but further policies are required to drop equipment
costs down[16]. One of the main instrument issued in Europe in the building
sector is the Energy Performance of Building Directive (EPBD), which sets sets
the standards for new and renovated buildings for each EU Member States (MS).
The measure is is expressed by the Directive 2010/31/EU at Art. 9 where it is
indicated that EU Member States (MS) must ensure that by 2021 all new buildings,
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and already by 2019 all new public buildings, are nearly Zero Energy Buildings
(nZEB), and also, it encourage MS to draft plans and best practices as regards the
cost-effective transition from existing stock to highly efficient buildings[17], but the
pace of renovation is much slower than needed, and yet, the developed countries are
going to face more than an hurdle in replacing the old existing building stock. For
instance, the US and EU have an average replacing pace of 2% and 3%, respectively,
which means that the energy consumption must be reduced by promoting both
high-performance buildings and retrofitting practice[18].

Recently, Building Energy Management Systems (BEMS) are developing and are
being empowered more and more thanks to the implementation of Internet of Things
(IoT) and Cloud Computing for Big Data gathering to support building managers
and proprietors and to improve capacity, cost-viability, adaptability, accessibility,
effectiveness, toughness, and dependability, in new and existing buildings, both
residential buildings and non-residential[19][20]. IoT enables smart things to com-
municate with each other, and incorporate real-world data and knowledge into the
digital world. Smart devices with sensing and interaction capabilities, as well as
recognition technologies, make it possible to collect far more knowledge about the
real world than ever before. This wireless communication has broadened thanks to
sensors for various applications like smart buildings, smart cities, smart healthcare,
and the smart industry[21]. Big Data technology is referred to the huge amount of
data collected by these sensors which is also allowing to have into operable insights
and more accurate predictions[22]. This new concept has expanded the possibility
for maintenance and efficient management of building energy systems. In this new
context, consumers play an active role in balancing the grid operation by changing
and possibly compromising on their current consumption patterns to enhance the
building flexibility. Consumers will be able to have insight and control of their

Electric and Electronic Equipment (EEE) in an effective and efficient manner.
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DSR services are so enabled and potentially provided to system operators, who
need information on supply of flexibility available when the whole energy system
is undergoing high electricity generation, peak load or generally the system is
off balance[16]. However, the incremental initial costs of green (energy efficient)
buildings has been reported as a significant barriers to high-performance buildings
with the ultimate goal of achieving net-zero energy by design teams and building
owners|23][24].

Deep research is on going for the systematic characterization of energy use in
buildings. Different building end-use have different energy use profiles, and charac-
terization of the major contributors and their energy use is needed. Residential and
commercial buildings features mainly energy consumption associated to the comfort
level of the occupants, while industrial buildings consumption is primarily due to
the operation of industrial machinery and infrastructures dedicated to production
processes|21]. Based on the type of building, different management strategies can
be used to achieve energy savings, and there are uncountable types of building
across different final end-uses and configurations, so that buildings clustering is
typically used for aggregations based on load pattern, end-use energy and occupancy
schedule rather than technical parameters. Buildings such as residential, education,
office, healthcare, and industrial are emerging as critical consumers in energy
consumption[19], thus making energy flexibility the key point for smart buildings,
that need to be able to manage high-complexity dynamic system considering occu-
pants behaviour, storage systems, renewable on-site generation, electric vehicles
and Demand Response programs through a continuous information exchange[25].
As buildings energy system becomes more complex, more sophisticated control
strategies have to be implemented for managing energy fluxes, and computational
cost for modeling increases as well. Literature provides examples of smart control

for lighting, heating, cooling and electrical appliances. This work is focused on the
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cooling system control.

In the field of HVAC systems, the most common techniques are ON/OFF control,
P, PI or PID control, and for this reason, they are typically referred to as classical
control strategies. The rule-based prescriptive approach guarantees occupant com-
fort by maintaining a comfort range. Additionally, it is possible to reduce energy
consumption and carbon emissions by adjusting the setpoints based on heuristic
rules. ASHRAE Guideline 36 summarized those rules , which could represent the
state of the art of this approach adopted by industry[26]. An on/off controller
regulates the ON/OFF state of a component in order to keep a certain value within
a threshold, but they can not deal with dynamic systems[25]. P, PI and PID
controllers modulate a controlled variable by using error dynamics as long as the
operating conditions do not vary from the tuning conditions[27]. They also require
a laborious tuning of parameters. These control strategies are very simple and
effective, but not optimal. Mainly due to the lack of predictive information; indeed,
it is not possible to take into account the day-after prediction and anticipate the
behaviour of the system. Also, the control sequence is fixed and predetermined,
thus it is not customized to a specific building and climate condition[26].

To overcome classical control limitations, Model Predictive Control has established
in the building control research community and it is proven that this control method
can achieve energy savings while maintaining or even improving thermal comfort
in buildings. This techniques relies on the modeling of the energy system, the
prediction of disturbances and finally solves the control problem. Since it was
initially proposed in the 1970s in the chemical and petrochemical industries, MPC
has been successfully applied in many fields[28].

As regarding to building control, MPC has been applied to radiant ceiling and
floor heating [29][30], intermittent heating [31] and ventilation [32], and to op-
timize cold water thermal storage systems[33]. Eventually, MPC proved to be
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effective not only during simulation, but also in real-time[34]. MPC deals very well
with non-linear time-varying disturbances and are able to predict future evolution
therefore they find many application in HVAC operation. According to Afram
and Janabi-Sharifi[27] MPC can explicitly handle disturbances, uncertainties and
constraints and include predictions of occupant behaviour, equipment use and
weather forecasting. Moreover, it is possible to consider a multi-objective cost
function as well as deploing MPC both at supervisory and local control. Neverthe-
less, the model complexity can become unsustainable in terms of computational
power and effort to build the model, also, they are very sensitive to any changes in
the environment. Again, Afram and Janabi-Sharifi stated that the integration in
HVAC systems may be difficult or impractical, due to the specification of many
parameters, resulting in a labor-intensive process and required expertise to use.
In the building sector, this results in a very low flexibility given the diversity of the
existing stock, where building and its energy systems are unique, so it is difficult to
generalize a standard building energy model for various buildings. For this reason,
the spread of MPC has recently slowed down despite the promising results and
allowed soft control being considered as a possible solution[35].

Soft control systems are based on fuzzy logic, neural networks or genetic algorithms
and are usually applied for supervisory control[25]. Soft controllers are not very
common in real building applications since their accuracy often relies on the quan-
tity and quality of available data points, hence Big Data is an enabling technology
for this kind of controller. ANN-based control systems are trained thanks to sets
of historical data, which must be not only large enough to cover a wide range of
operating conditions but also they must ensure quality in terms of accuracy and
time sparsity. Similarly, fuzzy logic controllers require an extensive knowledge
of the building operation under different conditions, but the control strategy is

represented by a set of rules which defines the operational phases according to the
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information fed to the controller. Among soft control, Reinforcement Learning is
gaining attention, although research in the building control field has seen MPC
as main focus, Reinforcement Learning based controllers have shown remarkable
progress in many difficult and previously unsolvable domains[36][37][38]. RL be-
longs to the Machine Learning framework which has demonstrated its potential to
enhance building performance at many stages of the building lifecycle[39], thanks
to BG, more powerful computing and algorithm advancement. As follow, it is
introduced the general framework of RL, then in the next chapter, it is provided a
detailed description of the algorithm and the modification of its main component.
RL based control can be classified into two further subclasses, each one with its
peculiarity: model-free and model-based RL. Model-free RL can be seen as the
counter-part of MPC ; indeed, model free RL does not have any knowledge of
the environment, rather it learns the behaviour by directly interacting with it.
Its working principle can be summarized as follows: it observes the system state,
choose an actions and observes the next state and the reward it obtains from the
environment. Its task is to maximize this reward stream over time which includes
also future rewards. Real world control problems often are trying to achieve multiple
objectives like energy consumption, energy cost or users comfort, which means that
defining the controller’s reward function must take into account the competitiveness
of these objectives by properly weighting. The main advantage of Model-free RL
controllers is their lower computational cost compared to MPC, due to the absence
of a model; infact it is data-driven, and it helps avoiding the work of developing
and calibrating a detailed model, as it is for MPC. During operation, the RL agent
not only executes the optimal control action but also updates its policy which
can make it robust under dynamically changing environment. The robustness and
the smaller computation cost as well as the lower efforts in building a model can

make RL better suited to many practical implementation when compared with
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classical MPC controllers, given that enough data are available for training. On the
other hand, model-free controllers have significant limitations at the current stage.
Mainly the curse of dimensionality, the need for a huge amount of data, that are
lacking for the most of the case, before it can discover a nearly optimal policy, and
also the ‘sample complexity’, which is usually much lower than their model-based
counterparts. Furthermore, during the training phase, exploratory actions are
taken by the RL agent to discover the goodness of different trajectories, but such
actions can directly lead to occupant discomfort or to excessively high energy cost
that need to be accounted as cost of implementation. These last issues could be
worked around by constructing virtual simulation environment and using it to train
the agent, but this solution increases the computational cost, brings in the efforts
of model implementation and the associated loss of accuracy. The Open AI Gym
is an online library that allows to build training environment for RL algorithm.
Model-based RL has been developed to overcome these limitations, and it is used
extensively in robotics and other disciplines where decision making needs to happen
in real-time with limited and noisy sensing data. These algorithms can perform
as well as MPC while also offering the potential to greatly reduce computational
complexity. Model-based RL learns the transition probabilities from a state given
a certain action, for each state. For this reason, they have many similarity with
data-driven MPC, but they differ in the way of optimizing the control strategy,
mainly due to the explicit exploratory strategy where the controller is encouraged
to explore the state space better to discover potentially rewarding strategies, and
the use of policy-side learning to speed-up computation. Policy-side learning means
that the model-based RL controller learns from solving these optimizations over
time and does not need to repetitively optimize when incurs in similar states.
The biggest advantage of model-based RL is its compatibility with existing MPC

controllers. By offering similar or better performance at (asymptotically) reduced
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computational loads, it can contribute to the next generation of controllers. The
main drawbacks concern the additional system complexity which can potentially
increase the likelihood of a failure. In addition, depending on the size of the
state-space, policy-side learning can be a formidable undertaking requiring sub-
stantial amounts of computational resources before convergence. Furthermore,
exploratory steps can likewise improve the asymptotic performance of the controller
while risk of lost user comfort increases, as with model-free controllers. Definitely,
data-driven models give added-value to the huge amount of data that is collected
everyday and can substitute complex physical models with pure mathematical
relations, speeding up the construction of the model, reducing computational cost
and lowering the number of input, but more data need to be collected. Today, new
enabling technologies for data management have allowed a bi-directional flow of
information, but the smart buildings involves higher investment costs that need
to be justified by a strong reduction in energy cost, which is not happening yet.
At this time, costs are the major barrier for penetration of the smart technologies,
and policies must help both companies and users to establish this new framework,
in order to increase the amount of data available and their quality. Technological
advancement should be assisted by advanced methodologies for building control,
but neither MPC, neither RL are competitive with classical control at the current
stage because of their low scalability. Once RL capabilities are going to be more
clear, as well as its application, which is the aim of this work, research should
address the problem of the length of the learning phase. This is the main barrier
preventing from real-time implementation. In this sense, a few solutions are to be
addressed more consistently in order to understand which is the path to follow.
Transfer learning seems a feasible approach, where RL agent is trained in advance
and then it is dynamically deployed on many similar buildings, thus obtaining the

scalability factor. This is achieved by developing open-source training environment
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where everyone can pre-train the RL agent. Also, the expert knowledge could be
encoded and achieve the reduction of the training phase, but this is not enabled by

some of the RL algorithms.

1.1 Previous works on RL algorithms

At the current stage, literature provide examples of various RL methodologies
but real-time applications are pretty much concentrated in the academic context.
ANN’s have massively spread in the last decade of the X X" century and estab-
lished as the basis for data-driven models in energy forecasting[40] thanks to the
more sophisticated computing technologies, whereas the reinforcement learning
has only recently become popular for managing HVAC operation and considered
as a promising technique in the energy system control research field. Hong et
al.[41] reviewed the field research where the efforts have been focused. The main
applications concern the building design, operation and control, with an increasing
number of yearly publications over the last decade. In this section, it is presented a
short review on the building control RL algorithm. The most popular RL algorithm
for building control is the Q-Learning methodology, where the agent learns the
value of each state-action pair.

The first approach considered discrete state-action space with tabular Q-value.
Liu and Henze[42] in 2006 used tabular Q-learning to control the temperature
set point and the operation of thermal storage. May and Ross[43] achieved to
control the window opening state choosing between on and off while improving
the occupant’s comfort. The same action space was considered by An et al.[44],
who proposed a RL approach to reduce indoor PM2.5 concentrations in naturally
ventilated buildings without air cleaners. A DQN algorithm was trained in a
specific naturally ventilated apartment for a one-month period, and successively
deployed. The study concluded that the RL control works better in both virtual
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and real apartment than the baseline 1/O ratio algorithm. The average indoor
PM2.5 concentration was reduced by 12.80% in the course of a year for a virtual
environment and by 9.11% for the real one. Moreover, RL reduced by 7.40% the
PM2.5 concentratrion when compared with real window behavior. Qiu et al.[45]
applied the Tabular Q-Learning to improve the global COP of the cooling water
system of the HVAC system serving a underground station in Guangzhou. Then,
it was compared to three other control systems (baseline controller, local feedback
controller and model-based controller). The results showed the Model-free control
could save 11% of the energy, which is more than 7% in local feedback controller
but less than 14% of model-based.

As the number of state-action pair increases due to the dimensionality or to contin-
uous values. Yu and Dexter[46] integrated fuzzy rules and Q-learning to control an
HVAC set point, while Zhou et al. [47] achieved to manage a smart grid. Differently,
it can be used a linear function to approximate the Q-value, as in Dalamagkidis et
al.[48] to control the HVAC operation. Another way to approximate the Q-function
is to use the fitted Q-iteration approach. This is used in Leurs et al.[49], who at-
tained the peak shaving of the maximum feed-in power of a PV system into the grid
by controlling an HVAC system. Also, Ruelens et al. used this type of controller for
a heat pump’s operation [50] and De Somer et al.[51] for a domestic hot water heater.
Recently, Deep Learning has enhanced the potential of function approximators by
exploiting Deep Neural Network. An example is provided by Vazquez Canteli et
al.[52] who applied it for the control of a thermal storage operation. A different
application is proposed by Brandi et al.[53], in which an algorithm based on Deep
Q-Network has been used to control the supply water temperature of the boiler
serving the radiant heating system installed in an office building. In this work,
an online network and a target network are initialized, the first one is constantly

updated and directly used in the interaction with the environment; the second
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one, called target network, is updated after N iterations and used to predict target
values. In this context, a static and dynamic deployment of the DRL controller is
performed, and a heating energy saving ranging between 5 and 12% is obtained with
enhanced indoor temperature control with both deployment. The same approach is
used by Yoon and Moon[54] to minimize the energy consumption. A performance
based thermal comfort control using Double Deep Q-Network allowed to reduce by
32.2% and 12.4% the energy consumption associated with the Variable Refrigerant
Flow (VRF) and humidifier system, within acceptable Predicted Mean Vote limits.
The control action were the ON/OFF status of the humidifier, the temperature
set-point and the VRF airflow rate. Also, Ding et al.[55] adopted a double deep
Q-Learning named OCTOPUS, employing a novel Deep Reinforcement Learning
(DRL) framework that uses a data-driven approach to find the optimal control
sequences of all building’s subsystems, is used to minimize the energy used in
heating/cooling coils, the electricity used in the water pumps and flow fans in the
HVAC system, electricity used by the lights, and the electricity used by the motors
to adjust the blinds and windows. In addition to the minimization of energy, it
is requested maintaining the human comfort metrics within a particular range.
Through extensive simulations it is demonstrated that OCTOPUS can achieve
14.26% and 8.1% energy savings compared with the state-of-the art rule-based
method, while maintaining human comfort within a desired range. Gupta et al.[56]
simulated a multi-building scenario under different assumptions, and compared
a Deep Q-Network (DQN) with a classical thermostat control. The thermostat
control has a +/- 3°C deadband around the optimal indoor temperature, while
the DQN acts directly on the ON/OFF status of a heater. The outcome showed
the RL algorithm outperforms the thermostat-based controller by improving both
thermal comfort, as deviation from optimal indoor temperature, and heating energy

consumption. Time-varying electricity price profiles have been investigated rarely,
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Jiang et al.[57] have recently applied a DQN with action processor in order to
enable planning one or more day ahead, under Time of Use tariff and demand
charges conditions. The objective function considered energy cost and a discomfort
penalty, and it was subjected to shaping technique to overcome the issue of reward
sparsity caused by the demand charge. A single-zone building was simulated, and
it was demnostrated that the customized DQN outperforms the baseline, saving
nearly 6% with demand charges, 8% without demand charges of the total energy
cost.

A different approach is to have the policy function parameterized but high variance
and difficult convergenge make it difficult to implement in the building control[41],
even though, the literature reports some contributions. Chen et al.[58], used a
Proximal Policy Optimization (PPO) RL algorithm to control supply airflow rate of
an AHU and supply water temperature of floor heating, achieving 7%-17% energy
conservation compared with the benchmark. Azuatalam et al.[59] used a modified
version, namely PPO-Clip to ensure minor deviations between new and old policies.
The agent chooses the zone temperature set-points of a whole commercial building
for several Demand Response (DR) scenarios, where it was able to modify the power
consumption according to the DR signals and to guarantee acceptable comfort
level.

The need of encoding expert knowledge or pre-training in the actor network has
been met by developing an actor-critic network, where both Q-value and policy
are parameterized. In this way, it is allowed to store and reuse the weights stored
in the actor network, rather than initializing randomly[60]. The main drawback
is the increased computation cost[41], so that actor-critic is not very popular in
the building control field. An actor-critic neural network approach was applied
to adjust the signal of a local control for HVAC control in 2008 by Du and Fei

[61]. This study reports significant improvements from a combined PID actor-critic
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learning approach than a stand-alone PID controller. Actor-critic has been studied
again by Fuselli et al.[62] and Wei et al.[63] for energy storage control, by Al-Jabery
et al.[64] for domestic hot water control, and by Bahrami et al.[65] to optimize the
scheduling of smart home appliances. The literature provides examples on more
actor-critic algorithm, Zhang et al.[66] applied an RL control type Asynchronous
Advantage Actor-Critic (A3C) in a water-based Radiant Heating System, where
the hot water pipes are integrated into window mullions. The goal is to reduce
the energy consumption of the system while respecting the internal comfort of
the occupants. The control system, in this case, operated on the mullion system
supply water temperature set-point. The same objective was achieved by Zou et
al.[67] using a Deep Deterministic Policy Gradient algorithm trained thanks to
a Long-Short-Term-Memory (LSTM) networks approximating real-world HVAC
operations of three AHU’s system and controlling fan speed, heating valve status
and damper position. In Park and Nagy[68], it is presented a Reinforcement Learn-
ing based Occupant-Centric Controller (OCC) for thermostats, called HVACLearn.
The agent learns the unique occupant behaviour and indoor environments and
monitoring indoor air temperature, occupancy, and thermal vote. The objective is
to find the optimal trade-off between the users comfort and energy consumption,
by adjusting the thermostat set-points. Authors simulated HVACLearn control in
a single occupant office with occupant behaviour models. HVACLearn control is so
compared to the baseline, and it was able to reduce the number of button presses
(too hot) significantly, while consuming the same or less cooling energy.

Biemann et al.[69] implemented different RL algorithms, which reduced energy
consumption with respect to model-based controllers by more than 13%. Particu-
larly, SAC algorithm showed clear improvements the first year and needed up to
ten times less data. Its high data efficiency and stability was considered to favour

real world applications.
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Multi-agent algorithm have been explored as well. Yu et al.[70] presents a Multi-
Agent DRL (MADRL) called Multi-actor attention critic (MAAC), in order to
minimize HVAC energy cost in a multi-zone commercial building under dynamic
prices, with the consideration of random zone occupancy, thermal comfort and
indoor air quality comfort in the absence of building thermal dynamics models.
To be specific, air supply rate in each zone and the damper position in the air
handling unit are jointly determined to minimize the long-term HVAC energy
cost while maintaining comfortable temperature and CO2 concentration ranges.
For encouraging exploration, Soft actor-critic (SAC) method is used. The simula-
tion results showed the effectiveness, robustness, and scalability of the proposed
algorithm. Nagarathinam et al.[71] consider the optimal control problem of min-
imizing the building HVAC energy subject to meeting the comfort constraints
by dynamically setting both the building and chiller set-points. In this frame, it
is presented MARCO (Multi-Agent Reinforcement learning Control) for HVAC
system. MARCO is based on Double Deep Q-Network algorithm and uses separated
DRL agents that control both the AHU’s and chillers to jointly optimize HVAC
operations. Authors train and deploy the agent in real configurations and it is
showed that MARCO learned the optimal policy in a two-agent setting with single
AHU and single-chiller. MARCO not only improved comfort but also reduced the
energy by 17% over a baseline that used seasonal variations in set-points.

Further research have been addressing the possibility of shortening the training
phase, which is a huge hurdle for the spread of RL. R. Jia et al.[72] showed how to
implement the expert knowledge on a DRL algorithm through “experience replay”
or “expert policy guidance, in order to reduce the length of the training phase, but
also, proposed to stabilize the learning process by penalizing the erratic behavior.
Vazquez-Canteli et al.[73] built a training environment based on the OpenAl Gym

library, in order to allow researchers to implement, share, replicate, and compare
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their implementations of reinforcement learning for Demand Response applications.
It is a customizable and modular framework where researchers can implement
storage technologies, energy generation, or energy-consuming system, according
to their purposes. Pinto et al.[74] made use of this training environment for a
single-agent RL centralised controller to flatten the cluster load profile while opti-
mizing energy consumption of each building. A SAC algorithm was used to manage
8 thermal storages of a cluster of four buildings equipped with different energy
systems. The coordinated approach was compared against a manually optimised
Rule-Based control for single buildings. Operational costs dropped down about 4%,
while the peak demand was reduced by 12%. But mainly, the coordinated energy
management allowed to reduce the average daily peak and average peak-to-average
ratio by 10 and 6%, respectively.

The training phase could be reduced by means of transfer learning as well. Deng
et al.[75] built and validated an RL occupant behavior model for an office building
and transferred it to other buildings. Transfer learning was successfully carried
out between commercial buildings with different HVAC control systems, and from

office buildings to residential buildings.

1.2 Contribution from this work

Previous works have proven the RL based algorithms can provide nearly optimal
policies for energy systems control. Nevertheless, further research are required to
find advanced control strategies which have to guarantee adaptability to different
environment, flexibility to the energy system and applicability in real operation.
In this work, a DRL based on the Soft Actor-Critic algorithm is used to manage
thermal and electrical energy storage in a multi-energy building during the cooling
season. The energy system is made up by an HVAC to serve the thermal zones, an
electric chiller, a cold-water storage tank, a PV module and a Li-ion battery. The
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thermal side of the model is simulated through EnergyPlus, while the electrical side
is simulated through Python. The simulation environment is built thanks to the
OpenAlI gym library. This work aims at describing how an advanced control strat-
egy affects the design of the thermal and electrical storage. The control problem is
defined by a control action which is the tank operation and a objective function,
which is the energy cost. A Time Of Use tariff with 3 fares is used to compute the
electricity price. Two control strategies are compared, the benchmark which is a
RBC for TES with temperature set-points for charging during low price hours, and
the SAC algorithm, which makes use of its agent to choose on the scheduling of the
cold-water storage tank, so that the building load can be increased or decreased,
hence the BESS operation is influenced as well. Both the strategies, manages the
BESS through the same RBC.

The idea is to use a smart strategy in order to make a better use of the storage
technologies, thus allowing lower size equipment to be effective and avoid unneces-
sary investment costs. Particularly, the analysis highlights how the definition of
the control strategy itself is part of the design of an energy system. The proposed
strategy is expected to satisfy the thermal and electrical load by means of lower
size equipment, as well as reducing the total energy cost without any further effect
on user comfort. Also, this work provides an overview of the advantage of adopting
smart control strategy in the perspective of the compelling need for enhancing
building flexibility and pushing toward nZEB. This means that RL should prove
to be very effective at managing energy storage, and improve their profitability at
each size. Mainly, BESS are crucial components for building energy systems, and it
is urgent to find a way of increasing self-consumption level without scaling up. In
this context, this work shows how RL can play a role in achieving those objectives.
The chapter 2 introduces the RL framework and its theoretical foundations, along

with the improvements that have been made during the last years. Chapter 3
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describes the case study and formulates the control problem, as well as describing
the two control strategies. In chapter 4, the RL algorithm design is presented by
defining the state space, the action space and the reward function and the hyper-
parameters. The simulation environment is described and so is the experimental
setup, which defines the configurations for the storage systems. Chapter 5 shows
the results throug plots and tables, and then, these are discussed in the next section.
Finally, chapter 6 provides the recap of the work, analyze the main implications

and open the questions on how to improve the study and on future contribution.
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Chapter 2

Fundamentals of

Reinforcement Learning

Reinforcement Learning belongs to the Machine Learning discipline, together with
supervised and unsupervised learning, as seen in Fig. 2.1. The main difference
lies in the ability to assign a score for the output, which tells how valuable a state
is[76]. The algorithm has a learning agent which chooses the actions to be carried
out in order to achieve a certain objective, by interacting with the environment
where it is implemented. Decisions are made at each control time step and depends
on the current state of the system, and the way the agent reacts to the external
disturbances defines the so called policy. RL is applied to problems that can be
divided into two categories [48]: i) Episodic problems, that have one or more
terminal states. An episode is repeated over, during which the agent is trained,
meaning it investigates all possible combinations of states and rewards. When the
agent gets to the terminal state, the episode ends, and the environment is reset
to the initial state for a new episode to start. ii) Continual problems do not end,
and they continue indefinitely. RL refers to the framework referred to the Markov
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Figure 2.1: Machine Learning typologies

Decision Process (MDP), according to which both the reward and the probability
of transition between the previous and the next state depends only on the current
state and the action chosen. MDP predicts the following state and the expected
reward exploiting the information available at the last time step and rejecting
all those information from the past experience. MDP formalizes the information
exchanged between agent and environment mathematically, and indicates the main

elements that made up the RL agent[77]):

 State space (s € S), all possible states of the environment considered. The
definition of the state space may be subjected to a sensitivity analysis to
find out which are the most important variables that come into play. Also,
if an unnecessary state is chosen, the RL agent suffers from the curse of

dimensionality [26].

» Action space (a € A), the set of possible actions that can be selected by the

agent at each timestep.
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» Reward (r), a scalar value that indicates how much the objective is accom-
plished and it is sent back from the environment after performing the action

chosen by the control agent.

 Policy (m), it represented by the mapping of the actions probability distribution

for each state. The agent’s objective is precisely to acquire an optimal policy.

o Transition probability distribution, which is present in model-base RL and
specifies the probability of the environment to end up in a certain state given

the current state s and the action a.

For each control time-step, the agent will perform a particular action, and the
environment issues both the scalar reward and the information about the state
to the agent. Tuples are mathematical elements representing the current control
time-step. It is a vector that contains within it four elements: state, action and
reward at the current time-step and state at the next time-step. The agent takes
advantage from two value functions to define the policy, these are the state-value
function and action-value function, which provide the goodness of states and actions.
The state-value function represents the expected reward given by the agent when
starting from a state s, following a specific control policy 7 [48]. The following

equation expresses it:

vn(8) = Elreqs +va(s)]S = 5, G141 = 5] (2.1)

The action-value function represents the expected reward given by the agent when
it chooses an action a, starting from a state s, following a specific control policy .

The following equation expresses it:

4x(8,a) = Elr +7¢(8',d")|Sy = s, Ay = d (2.2)
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where ~ is called the discount factor, it is in the range between 0 and 1, and defines
the importance of future rewards with respect to the present reward. If v = 0, the
agent will consider only current reward, neglecting future reward. When v = 1,
current and future rewards have the same importance. These two functions are
updated online during the training phase of the agent, so they depend heavily on
the experience gained. The RL agent is trained through a trial-and-error approach:
this means that it explores different trajectories (i.e. policies), receive a feedback
from the environment, and it is continuously updated to improve them. This is
what is referred to as on-policy learning, i.e. the policy output of the controller
is being carried out by the environment. The agent can also learn from other
policies that have already been implemented in an environment, in this case, it
is called off-policy learning. Some value-based algorithms use this methodology,
especially for its greater flexibility than on-policy learning. However, off-policy
learning suffers from a lower inclination to explore action space, if compared to its
counterpart. To overcome this problem, a large amount of measured data should
be available, but using only measured data may be inadequate [26]. So, as in our
case, simulated virtual environments can be created and used to train the RL agent.
To do this, it is advisable to create an interface between energy simulation and
control platforms, such as EnergyPlus and Python. The function described above
can be dealt by RL in different ways, so that the algorithms are becoming more
and more complex and the range of applicability is increasing. The simplest way
to compute the Q-values is to store the expected returns in a look-up table, called

Q-table, which is updated according to the Bellman’s equation [78].

Q(s,a) = Q(s,a) + afry + ymazyQ(s,a) — Q(s',a’)] (2.3)
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With « [0,1] named as the learning rate and establishing how much new knowledge
overrides old knowledge. @ = 1 means that new knowledge completely overrides
the old one. As the dimensionality of the space of actions or states increases, or
they have continuous values, the memory storage and computation time required
to update the Q-table increase, so Q-Learning becomes inadequate [79]. In this
case, an alternative to the tabular form of Q-Learning has been elaborated, it may
be useful to use a Deep Neural Networks (DNNs) as function approximators. The
main element of a neural system is the neuron, composed of a cellular body and an
axon that sends the output response to the next layer. The structure is a dendritic
tree that connects the neurons of different layers. The topology of a DNN is based
on multiple layers of neurons. Typically, a neuron is a non-linear transformation of

a linear sum of its inputs and it can be expressed by the following equation:

output = foctivation ( Z mput; + bias) (2.4)

#neurons

DNNSs are composed of input and output layers, but between them are hidden layers
that take input from the previous layer and perform a mathematical operation. Fig.
2.2 shows the graphical representation of a neural network. By inserting DQNs into
the Q-Learning results Deep Q-Learning (also called as Deep Q-Network). The

Q-values will be indicated with the following formula, taken from Nair et al.[80]:
Q(s,a) = Q(s,a;0) (2.5)

The equation represents the Q-network, where the term 6 parameterizes the Q-
value function: it indicates the weights of the network. The input layer has as
many neurons as the number of variables belonging to the state space, while the
number of neurons in the output layer corresponds to the dimension of the action
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space. The whole network can be seen as simply a function that expresses the
relationship between states and Q-value, for each action, in order to find the
optimal policy. It is good to remember that this last parameter is not known
a priori and is obtained during the training process as already explained in the
previous paragraph on Q-Learning, and updated according to Bellman’s equation.
The literature provides example where it is shown how the use of two DQNs,
namely online network and target network, improve the performance of the learning
algorithm. The main characteristic of this technique is the ability to counteract
the overestimation of the Q-values that may lead to a non-optimal outcome when
using a single DQN. This target network is a duplicated of the other one, but it is
synchronized every 7 steps (an arbitrary number), and it is used to calculate the
target Q-values for expectation [81]. Instead, the online network is the one used to
interact with the environment and updated with Bellman’s equation. The use of a
replay memory, helps storing the tuples referred to the previous experiences of the
agent: this allows, if necessary, to reuse them and go beyond the problem of related
observations. At the same time, the optimization process is carried out. This
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work makes use of a target network and a replay buffer, but with a discrete action
space to explore. Deep Reinforcement Learning algorithms face problems related
to high sample complexity, so that simple tasks could require a huge number of
data collection steps: this leads to poor sample efficiency due to on-policy learning.
It is necessary to try to switch to off-policy algorithm. Moreover, they suffer from
dependence on the chosen values of hyperparameters, like discount factor, learning
rates, exploration constants and other. These two obstacles make it challenging to
apply these control algorithms to real-cases. To try to overcome these obstacles, the
Soft Actor-Critic (SAC), an off-policy algorithm based on the maximum entropy
RL framework, was recently introduced by Haarnoja et al.[82]. While most existing
model-free works make use of discrete action space, SAC easily allows working with
a continuous one. This algorithm aims to maximize a target function composed
not only of the term expected reward but also of an entropy term. This last term,
is what expresses the attitude of our agent in the choice of random actions. It
also has dual importance, as it ensures that the agent is explicitly pushed towards
the exploration of new policies and at the same time avoids that it transposes
lousy policy. SAC uses the entropy terms to represents the trade-off between
exploration and exploitation. Exploration is defined as the phase in which the
agent is neglecting his real goal of maximizing the reward and samples actions
within a new set composed by those not yet selected. This is needed in order to
avoid trapping in local minima. By exploitation, it is intended that phase in which
the agent chooses within the previously selected actions, the one that allows him to
get the higher rewards considering the knowledge it has acquired. A right control
agent must try to optimize the compromise between these two stages. The current
state of the art sees applications like those in the field of robotics, and recently it

is increased its application in energy building context. As proposed in Haarnoja et
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al.[82], the Soft Actor-Critic algorithm incorporates three key ingredients: an Actor-
Critic architecture with separate policy and value function networks, an off-policy
formulation that enables reuse of previously collected data for sample efficiency, and
entropy maximization to encourage stability and exploration. The SAC presented
around the last months of 2018 suffered from dependence on hyperparameter
temperature, therefore in the latest version proposed in Haarnoja et al.[82], it is
devised an automatic gradient-based temperature tuning method that adjusts the
expected entropy over the visited states to match a target value. Soft actor-critic
is based on the maximum entropy reinforcement learning framework, in which the
objective is maximize both expected reward and entropy. It could be seen as an
extension of standard RL objective. The maximum entropy objective requires an

optimal policy like this:
m" = argmazy Y V([Es a1 (50, ar) + aH(7(:[s0))]]) (2.6)
t

with a temperature parameter, that indicates the importance of the entropy term
compared to the reward one, it also indicates the stochasticity of the optimal
policy. Generally « is zero when considering conventional reinforcement learning
algorithms. It is convenient introducing a discount factor  to ensure that the sum
of expected reward and entropies is finite. The SAC is derived from a variant of the
maximum entropy framework, called Soft Policy Iteration, which is not presented

here. The state-value function for SAC algorithm can be written as follow:

Vi(s1) = BanrlQ(s1, a1) — alog(m(ay]s:))] (2.7)

When the observation space is continuous, the optimization of the soft g-function

is performed by minimizing the soft Bellman residual:

1
JQ(0) = Esvan~l5(Qolse ar) = (r(sea0) + Y Esipimpisean Valsina])?] - (28)
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where D is the replay buffer and Vjs;, is estimated thanks to the target network
and a Monte-Carlo estimate of Eq. 2.7. Also, it is needed to reparameterize the

policy, whose losses can be expressed by Eq. 2.8:

Jr(0) = Esnpeimnalog(ms(fo(es; si)ls)) — Qose, folers 50))] (2.9)

The reparameterization trick allows overcoming the problem of backpropagating
errors in the normal way:.

In the first version of SAC, the temperature parameter was fixed and then considered
as an hyper-parameter, so its choice had an important influence on the agent’s
behaviour. To avoid this problem, in the next SAC update was introduced the
possibility of making alpha as an update-able parameter. In particular, it is updated

by taking the gradient of the objective function below:

Jo = E[—alnm(ays; o) — aH] (2.10)

where H represents the desired minimum entropy, set to a zero vector. This SAC
latest version improves both performances and the stability of the algorithm, and it
is not implemented for this thesis work. The SAC policy is expressed as a Gaussian
distribution which actions are sampled from, and optimized using approximate
dynamic programming [82]. In conclusion, this algorithm is particularly useful
under a changing environment or when agent’s knowledge of the environment
changes [83], also it becomes necessary when the action space is continuous.

In this work, a SAC for discrete action is chosen. Generally, a discrete action space
involves a faster convergence since there are less state-action pair to explore, and
mostly important, reduces the length of the training phase, which is the main
drawback of using RL algorithms.

P. Christodoulou [84] derived a discrete version of the SAC described by Haarnoja
et al.. The difference is that the policy m(a;|s;) is not anymore a represented by
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a probability density function but it has finite value, oppositely, the derivatives
of the loss functions still hold. The following changes are also proposed by P.
Chistodoulou:

e The soft Q-function outputs the Q-value of each possible action rather than
simply the action provided as an input, i.e. our Q function moves from Q:
Sx A = RtoQ:S— RMI This was not possible before when there were

infinitely many possible actions we could take;

o The policy can directly output the probability of an action instead of the
mean and co-variance of our action distribution. The policy therefore changes
from 7: S — R?4l to 7 S — [0,1]4] where now we are applying a soft-max
function in the final layer of the policy to ensure it outputs a valid probability

distribution;

» The soft Q-function cost Jg(6) is minimized by calculating the expectation
directly instead of plugging in our sampled actions from the replay buffer to
form a Monte-Carlo estimate of the soft state-value function. This change
should reduce the variance involved in our estimate of the objective function

Jo(6). Then, the state-value function can be expressed as:
V(st) = m(s0)7[Q(5,) — adog(m(s))] (2.11)

o Similarly, we can make the same change to our calculation of the temperature
loss to also reduce the variance of the estimate. The temperature objective

changes from Eq. 2. to:

J(a) = m(s) [—a(log(m(s,)) + H)] (2.12)

 The reparameterization trick is not needed anymore to minimize J;(¢), now
our policy outputs the exact action distribution and it is possible to calculate
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the expectation directly. The policy losses changes to:
Ja(¢) = Egplmi(si)" [adog(ms(se)) — Qo(se)]] (2.13)

The algorithm for SAC with discrete actions is given by Algorithm 1.

Algorithm 1 Soft Actor-Critic with Discrete Actions

Initialise Qg, : S — R Qp, : S — R 745 : S — [0,1]4
> Initialise local networks
Initialise Qy, : S — R4, Qp, : S — R 7, S — [0,1]14
> Initialise target networks
0y < 01,05 « 0, > Equalise target and local network weights
D+ > Initialise an empty replay buffer
for each iteration do
for each environment step do
ap ~ mg(a|s) > Sample action from the policy
Str1 ~ p(Sit1]se, ar) > Store the transition from the environment
D <« D U{(st,ar,r(st,at), Se+1)} > Store the transition in the replay
buffer
end for
for each gradient step do
0; < 0; — AoV, J(6;) for i € {1,2} > Update the Q-function parameters

O ¢— /\W@(bJ(gb) > Update policy weights
a4 a— AV J(a) > Update temperature
Q, + 7Q; + (1 —71)Q, fori € {1,2} > Update target network weights
end for
end for
return 60,60,.¢ > Optimized parameters
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Chapter 3

Case study and control

problem

In this chapter, a brief description of the control problem is provided. A multi-
energy office building with electrical and thermal load is the object of the control
policy which must define the operations scheduling of a cold water storage tank
and a Li-ion Battery Energy Storage System.

A. Amato et al.[85] already drawn the 3D model of the facility using the Open-
Studio plug-in for the design software SketchUp. Then, the SketchUp output
file was converted into an Input Data File (IDF) file, editable by the building
energy simulation program EnergyPlus. Using EnergyPlus, the building model was
completed with the definition of its envelope and all the assumptions relevant for
assessing the future energy performance of the facility in operation, also built using
eco-sustainable and innovative materials.

The thermal zones are served by an HVAC system that delivers cooled air by means
of fun coils and can be fed by an electric chiller or the thermal storage. The HVAC
system was simulated using EnergyPlus. The interaction between EnergyPlus and
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the controllers in Python was achieved using the Building Control Virtual Test Bed
(BCVTB) as a middleware. The electric chiller is implemented in the EnergyPlus
environment by defining its nominal operating conditions and the equations that
relate the cooling capacity and the COP as functions of the leaving chilled water
temperature, the entering condenser fluid temperature and the Partial Load Ratio.
The chiller can provide cooling energy to the building, to cold water storage or to
both of them. The tank can be seen as a buffer between chiller and HVAC aiming
at decoupling the chiller electricity consumption and the cooling load served to
the zones. The circulation pump is active whenever the chiller is on or the tank is
discharging.

The cooling system can operate in two modes, i) Charging mode, where the cold
water is fed to the storage tank by the chiller, and to the building in case the
cooling load is requested, ii) Discharging mode, where the demand of the building
is met only through the storage, if needed, otherwise no water is circulated and
the circulation pump is turned off. The controller chooses among these two config-
urations. The Fig. 3.1 represents the two operational modes, during the charging
phase, a three-way valve regulates the fraction of flowrate that bypasses the tank
according to the building cooling load, the remaining is sent to the tank, and it is
given by the difference between the chiller cooling capacity and the cooling load:
In discharging mode the chiller is by-passed and the building is cooled only via
the cold thermal storage. Both have a fixed flow rate. Moreover, safety constrains
are introduced in order to guarantee that the cooling demand of the building is
always met and to maintain the temperature of the storage within the prescribed
range, also the cooling capacity of the chiller limits the amount of energy trans-
ferable to the storage and, in discharging mode if the temperature of the storage
tank rises above the maximum and the building cooling demand is not zero the

system automatically switches to charging/chiller cooling mode in order to meet
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Figure 3.1: Cooling loop: Discharging mode on the left-hand side, charging mode
on the right-hand side. The blue lines represent the supply lines, the red lines
represent the return lines. Dashed lines are on idle

the demand regardless of the control action foreseen by the agent. For simplicity,
the building’s thermostatic control is not considered and its cooling demand is
considered as an external disturbance along with the price of the electricity and
the zone temperature where the storage is located.

The electrical load of the building is composed by the electric chiller and the
circulation pump and it is treated as aggregated. The test facility will be used by
students and staff in the central hours of the day, akin to a typical tertiary sector
building. Thus, a good matching between energy consumption and PV generation
power profiles is expected. For this reason, PV generators will be installed to supply
the electricity demand. The PV model is implemented into a Python class and
solar positions are imported from the pvlib library. The operation of BESS was
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also simulated with an energy model developed in the Python environment. The
most used battery models involve the estimation of the State Of Charge (SOC),
which is a simple and easily implemented method, but it is sufficient for carrying
out a preliminary evaluation on the impact of BESS installation, even though the
degradation of the battery is not taken into account. The implemented model is
based on the calculation of the SOC at any time instant t according to the set of

equations in Eq. 3.1:

SOC(t) = SOC(t — 1) — e 222 £ Py < 0
(3.1)
SOC(t) = SOC(t — 1) — Fael2 if Poat > 0

where SOC(t —1) is the SOC at the previous time instant ¢t — 1, 7,4 is the round-trip
efficiency , Py is the average power exchange in the time-step At between the
battery and the system (P < 0 in charge and Pyyy > 0 in discharge) and Chgyy is
the battery nominal energy capacity. Moreover, the battery has safety constraints in
order to preserve its lifetime. Charging and discharging processes have to respect two
limits |Peparge] < Peharge,maz a0 | Paischarge| < Paischarge,maz, defined in the technical
specifications and required to avoid too fast charging/discharging. Typically,
maximum charging and discharging power are different and when the power exceeds
these thresholds, the controller limits it to the maximum recommended value P,,,.
Limits on the State Of Charge must be respected and the battery SOC must
not exceed the minimum and maximum values provided by the manufacturer, i.e.
SOCim < SOC < SOC),4z, in order to preserve the health of the battery. The
energy surplus or deficit lead to energy exchanges between the facility and the
external electrical grid (energy injections and absorptions, respectively).

The electrical system is composed by a DC bus and an AC bus, interfaced by a mono
directional DC/AC inverter. The PV is connected to the DC bus by a DC/DC
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converter and can inject electricity to the building, to the battery and to the grid,
ordered as the descending level of priority. BESS exchanges electricity with the
DC bus through a DC/DC converter and the ratio between energy discharged and
energy charged is equal to the round-trip efficiency net of the converter efficiency,
given that there are no internal losses. Grid is not allowed to charge the battery
according to the normative of many European countries, but it is used to assist
in matching demand and generation at each instant[86], so it is assumed that the
grid is always able to balance the electrical system. The Fig. 3.2 represents the

electrical system, along with allowed directions for each flow:
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Figure 3.2: Electrical layout

At each time-step, the electricity exchanged with the grid can be positive or negative,
so the energy cost is computed according to a buying price schedule and, a selling
price schedule for electricity injected to the grid. The schedule is based on the
Time of Use fare plan with low, medium and peak price hours, and it is known in
advance for the whole season. Feed-in tariffs are out of the scope of this work, thus
the selling price is fixed over the whole control period.
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The goal of the control policy is to minimize the energy cost by exploiting the
energy storage to increase the building flexibility, and perform peak shifting to
low price hours. The control policy is realized by defining the operation of the
energy storage given a set of information. This work makes use of two very different
control strategies, which are referred to as the baseline and the proposed strategy.
The baseline adopts two Rule-Based Control strategies to manage both the energy
storage, whereas the proposed strategy uses a smart agent from the SAC algorithm
to control the thermal storage and has as the same RBC as the BESS. In the

following section, these control strategies are described.

3.1 Rule-Based Control

The thermal storage follows a peak shifting strategy where it acts as a buffer
between the chiller operation and cooling load. During low price hours, the chiller
charges the tank at the maximum flow rate according to pre-defined temperature
set-points, which are set to 10°C and 12°C. When the price is the highest the tank
starts discharging until the storage temperature reaches the maximum temperature
or the building cooling demand is null. During the week-end, the building load is
zero, but the chiller keeps charging the tank in order to take advantage of the PV
production and to discharge the battery.

A classical RBC from the literature is used to manage the BESS, which is used by
the vast majority of the authors. This strategy is considered as the most simple,
but still very effective. Both Ruusu et al.[87] and A. Amato et al.[85] suggest this
straightforward approach, where battery is charged when PV production excesses
the building load otherwise it is discharged. Being more specific, during charging
the PV surplus is diverted to the battery if it is allowed by the constraints on
charging power and maximum SoC, otherwise the grid draws the remaining energy
fraction. During battery discharging, the battery works in parallel to the PV to
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meet the demand, if the contribution from both PV and battery is not enough, the
grid guarantees that the building load is satisfied. This strategy is implemented in
both the baseline and the proposed strategy. In Fig. 3.3, the flowchart representing
the battery RBC is shown.

Pygr >0

No

Check battery SoC Check electricity price

Yes
Check discharge limit

Figure 3.3: Rule-Based Control strategy for BESS

3.2 Reinforcement Learning control

The proposed strategy exploits an advanced control strategy for managing storage
tank operation. It aims at scheduling the chiller by choosing between the charging
and discharging phase of the thermal storage. At each control time-step, the
control agent is fed with the observed state from the environment, processes it and
returns back the chosen action to the environment. Eventually, the control action
is adjusted by the environment according to a few constraints in order to make
sure the thermal load is satisfied, the upper and lower temperature limits are not
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violated and the maximum chiller capacity is not exceeded. Finally, the control
action is performed in the simulation and repeated over until the next control

time-step. Again the charge and discharge flow rate are fixed.
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Chapter 4

Implementation

4.1 Case study

The test facility analyzed in this work was devised within the PhotoVoltaic Zero
Energy Network (PVZEN) research project at the Politecnico di Torino, thanks
to the co-operation o fthe Department of Energy (DENERG), the Department of
Architecture and Design (DAD) and the Department of Electronics and Telecommu-
nications (DET). The goal of the project is to build an all-electric nZEB that fulfils
its energy demand through PV systems and uses BESS to be independent from the
external electrical grid [85]. It consists of two study rooms, one control room and a
technical room. The technical room is not served by the air-conditioning system
and the storage tank is placed within it. Rooms are separated by partition walls.
It is a prefabricated building with a rectangular layout. The area occupied by the
facility is 196.3 m? (11.25 x 17.45 m), including an outdoor zone with wheelchair
ramp and steps and a shed-covered zone at the glazed entrance doors of the study
rooms and the control room. the interior air-conditioned area is around 96.8 m?.
The ceiling height is 2.8 m at the minimum and 3.7 m at the maximum above
the floor level, due to the different tilt angles of the roof, which are 13.4° on SE
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Study room 1 Study room 2

Technical Control
room room

Adsle

Figure 4.1: Building layout

side and 15° on NW side. In Fig. 4.1, the facility layout is presented, showing the
distribution of the rooms. The equipment and the size of the rooms are different as
they have been designed for carrying out different kind of activities. The useful area
and the function of each room are described in Tab. 4.1 and the building envelope is
characterized by the construction features listed in Tab. 4.2. The weather file used
in this work is the reference weather file (ITA TORINO-CASELLE IGDG.epw)
available in EnergyPlus for Torino, Italy which provides outdoor temperature and
solar irradiance collected by the weather station at Caselle Airport. The input data

represents the cooling season which is defined from June to August. The rooms

Rooms Area Use

Technical room 15.7 m? Location of electronic and HVAC equipment
Study room 1~ 30.4 m®> Hosting students
2
2

Study room 2 30.4 m* Hosting students
Control room 20.3 m* Monitoring of energy systems and performance

Table 4.1: Test facility rooms

are served by an HVAC system to satisfy the cooling load, which can be fed by an
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Feature Value
Conditioned floor area 96.8 m?
Conditioned volume 501 m3

Envelope surface/conditioned volume ratio (.85 m!
Transparent/opaque envelope surface ratio  6.6%

Opaque envelope surface 400 m?
Uy 0.16 W/m2K
Uy, 0.55 W/m?K

Table 4.2: Bulding envelope characteristics

electric chiller or a cold-water storage tank. The cooling demand was considered as
an external disturbance of the system and was calculated within EnergyPlus in
order to maintain an indoor temperature of 26 °C and a relative humidity of 55%
between 08:30 and 18:00 from Monday to Friday and the air ventilation rate for
the control room and the study rooms was based on the occupancy at 10 L/s per
person, thus resulting in 30 L/s and 100 L/s, respectively.

The chiller is chosen with a reference capacity (¢qp of 12 kW and the reference COP
of 2.67. The design water mass flow rate during charging phase is 0.2 kg/s while
during discharging phase is 0.35 kg/s. This latter value correspond to the sum of
the design mass flow rates of the three air-conditioned zones. The supply water
temperature at the outlet of the chiller was set equal to 7 °C. The tank operates
in the range between 10°C and 18°C which correspond to a State Of Charge of 1
and 0, respectively. The thermal losses are computed from the global heat transfer
coefficient and the temperature difference between the tank and the technical room
air. The value for this parameter is obtained from technical datasheets.

A commercial monocrystalline silicon photovoltaic module will be mounted, namely
BP Solar BP 585 F. The selected module has a specific power of about 140 W /m?
and an efficiency of 15%, under standard test conditions (solar irradiance Ggrc =
1000 W/m? | cell temperature Tsyc = 25°C, AirMasssrc = 1.5), as described by
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Durisch et al.[88] and reported in Eq. 4.1.
n=f(G,AM, Tou) (4.1)

The PV panels tilt angle has been chosen from the world dataset provided by M.Z.
Jacobson and V. Jadhav[89] which perform the optimization for a large amount of
location. Among those location, Lyon is selected as the most suited for this case
study and the tilt is set to be as high as 33°, whereas the azimuth is constrained
by the orientation of the test facility. These inputs along with solar radiation
and incidence angle allows to compute the PV specific power at each simulation
time-step. The PV field design takes into account the total demand from the
cooling season only, in this way the nominal power of the modules is chosen in
order to match up to the peak power of the building total demand. The Tab. 4.3

recaps the parameter of the PV module.

Parameter Value
Nominal power 3 kW
Surface 22 m?
nsre 0.1
Tilt angle 33°

Azimuth angle 116°

Table 4.3: PV parameters

The characteristics of the BESS considered in this work were provided by the
datasheet of a modular Li-ion battery available on the market and are shown in
Tab. 4.4. Several nominal capacities are explored in the simulation. A SOC,,;, =
10% and a SOC,,.. = 80% were assumed for a total Depth of Charge of 80%, in
compliance with the typical values for the lithium-ion technology. An initial SoC
of 50% was set. Maximum charging and discharging power are set to 0.5 C and
1 C. During the opening hours, the zones were supposed to be occupied at their
maximum capacity, which means the control room and the two study rooms were
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Parameter Value
Round-Trip Efficiency 0.96
Maximum discharging power 1C
Maximum charging power 0.5C
SOC min 10%
SOC max 90%

Table 4.4: BESS characteristics

assumed to be constantly occupied by 3 and 10 people, respectively. No regular
occupation was expected for the technical room. The air infiltration rate was set
to 0.15 vol/h, a typical value for office buildings. The control time step and the
simulation step are set equal to 1 hour. Obviously, this choice reduces the accuracy
of the simulation, but the computational cost is dramatically lower. The electricity
cost is scheduled for buying and selling: across Europe there are many examples
of TimeOfUse tariffs, which have been successfully implemented, and it is at the
moment the most spread DR program available for small users. The price of the
electric energy drawn from the grid to operate the chiller unit is based on the tariff
structure commonly implemented in Italy. The simulation time is divided into low
price, medium price and high price periods. Specifically the low and medium price
values were chosen to be 1/10 and 1/2 of the higher one, respectively, corresponding
to 0.03 €/kWh, 0.165 €/kWh and 0.3 €/kWh. On week-days the price is low from
0:00 A.M. to 7:00 A.M. and from 11:00 P.M. until 0:00 A.M., the medium price
period goes from 7:00 A.M to 8:00 A.M. and from 6:00 P.M. to 11:00 P.M. and
finally, the high price period goes from 8:00 A.M to 7:00 P.M.. On saturday, the
price is medium from 7:00 A.M. to 11:00 P.M. and it is low before 7:00 A.M. and
after 11:00 P.M.. On sunday, the price is always at low fare. The price of the
electricity were assumed relatively to the maximum price, in order to discriminate

the values for the optimization application. The Fig. 4.2 visualizes the fare scheme.
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Low price — 0,03 €/kWh Medium price — 0,165 €/kWh High price — 0,3 €kWh

Hour 0 1 2 3 4 5 6 7 & 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23
Mon-Fri
Saturday
Sunday

Figure 4.2: Electricity TimeOfUse tariff

Regarding the selling option, the italian GSE refers to "scambio sul posto" to
compute the revenue for production from renewables; in case of PVs, the GSE
contributes with its "Contributo in conto scambio" on a yearly basis, in this work,
since there are no data for the whole year, it is assumed it to be equal to 0.01
€/kWh[90]. The efficiency of monodirectional DC/AC is assumed to be equal to
90% and the efficiency of DC/DC converters to 95%.

4.2 Design of Reinforcement Learning

One of the most recently researched Reinforcement Learning algorithm for energy
systems is the Soft-Actor-Critic with replay buffer and target network. These two
last improvements have raised the possibility for actor-critic to play a role in the
building control field. The reinforcement learning control is used in this work to
solve a highly non-linear problem, and it is designed by defining the action space,
the reward function and the state space. Besides the formulation of the reward
function and of the state-space, the reinforcement learning frameworks requires
of a series of hyperparameters to be set as the discount factor for future rewards
~ and the structure of the neural networks employed as function approximators.
The length of the learning phase is very important to assess the applicability of RL
control and is influenced by these values and by the definition of the observation
space and the reward function as well. The values of the hyperparameters selected

for this application are summarized in Tab. 4.5.
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Hyperparameters

Discount factor 0.99
Actor network learning rate 0.0005
Critic network learning rate 0.0005
Soft-update Boltzmann Temperature coefficient 0.005
# hidden layers 3

# neurons in hidden layer 512
batch size 64
Reward scaling 10
Reward weight factor 100

Table 4.5: Hyperparameters for SAC training

This algorithm will map the optimal policy to follow given a certain state, which is
a discrete probability distribution where actions are sampled from. The training
goes on by repeating the same training episode in order to let the agent converge
to the optimal control policy. Once the agent is trained, the deployment phase
takes place to assess the performance of the policy. The deployment can be static
or dynamic, which defines whether the networks stop being updated or not while
the agent keeps sampling action from the Gaussian distribution. For the purpose of
this work, the condition of the environment are kept as the same as in the training
phase, so that the agent does not have the need to keep updating the weights and
biases of the network. In the following paragraphs, the definition of observation

space, action space and reward function are presented.

4.2.1 Observation space

The agent choose the action given a set of information provided by the observation
space, which has to be as representative as possible of the current state of the
system. Normalization is needed to process output from the simulation before
feeding to the algorithm.
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In this study the state space does not include only information about of the current
time step but also information about the recent past and future disturbances. The
storage tank State Of Charge (SOC) at the timestep k was introduced to provide
to the agent information about the amount of energy actually stored. Moreover,
past values of this variable were introduced to provide information about the
evolution of the temperature caused by the charging/discharging of the system
up to 2 hours before the current control time step. The building cooling demand
together with the price of electricity is a fundamental information to optimally
manage the controlled system. The electricity price is a key-information for the
agent in order to recognize peak price hours and correctly plan the operations
of the system. Present value is provided along with the exact values for the 24
hours ahead. The electricity price patterns were supposed to be always known,
thus no dynamic pricing is taken into consideration. Also, the values of building
cooling demand from time step k to time step k + 24 were provided to the agent.
The predictions of building cooling demand were assumed to be deterministic, but
future works could use neural networks model them, since many applications in
energy forecasting have been studied recently. The outdoor air temperature affects
the COP of the chiller unit so it is included as well. Moreover, the agent must
know the amount of on-site generation available, so that PV production and its
predictions for the next 24 hours and the State Of Charge of BESS are fed as input.
This gives the agent the ability to exploit the chiller during high irradiance periods
or when battery is fully charged.

The Tab. 4.6 shows the state variables along with their maximum and minimum
value.

All the variables included in the state-space are physical quantities directly extracted
from the simulation output with the exception of the State of Charge (SOC) of the

storage tank that was calculated according to Eq. 4.2:
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State variable Min Max  Unit
Outdoor temperature 7 40 °C
Tank SOC 0 1

Tank SOC 1h lag 0 1

Tank SOC 2h lag 0 1

Battery SOC 0 1

Cooling load 0 10000 kW
Cooling load 24h prediction 0 10000 kW
PV generation 0 2000 kW
PV power 24h prediction 0 2000 kW
Electricity price 0.03 0.3 €/kWh
Electricity price 24h prediction 0.03 0.3 €/kWh

Table 4.6: Observation space

SOC(t) =1—

Ts (t) - Ts,mm

Ts,mam

4.2.2 Action space

- Ts,min

(4.2)

At each control time step, the agent has to define the scheduling of the charging

and discharging modes. SAC algorithm can work with continuous action space,

but it involves the exploration of a very wide range of action-space pairs before

converging, hence the learning could become overly large and the applicability

in real-time operation is discouraged. Given the motivation for shorter learning

time, the action space is selected to be discontinuous. Particularly, the controller

must choose between 1 and -1, which correspond to charging mode and discharging

mode of the cold-water storage tank, respectively. This implementation reduces

the state-action pairs to be explored, without major drawbacks. The control action

must respect the safety constraints otherwise the system operation is adjusted in

order to meet them.
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4.2.3 Reward function

The reward function obtained by the agent after selecting an action at each time
step measures its control performance. The objective of the controller is to minimize
the energy cost, which is positive when energy is withdrawn from the grid, but
the use of PV allows negative costs when its production excesses the aggregated
building electricity demand and battery is already fully-charged. The reward
function is expressed by the Eq. 4.3:

7(t) = BEgria(t) - Couy(t) if Egria(t) <0

T<t> = BEgrid(t) : Osell(t) Zngmd(t) >0

(4.3)

Where E,,;4(t) refers to the electricity exchange between the facility and the ex-
ternal grid at time-step t, Cyyy(t) and Cyey are defined according to the schedule
price for buying and selling electricity and 3 is a weight factor introduced to
regulate the magnitude of the reward, namely reward scale, and it is considered an

hyperparameter of the algorithm.

4.3 Simulation environment

The system model and the control strategy are implemented in a simulation
environment which enables the information exchange between EnergyPlus v9.2.0
and Python v3.0. The Building Control Virtual Test Bed (BCVTB) and the
Externallnterface-Ptolemy server command from EnergyPlus were used to connect
the two software. EnergyPlus is required, to perform the simulation of the energy
system, while Python is implemented with the control agent, the latter based on
OpenAl Gym. For the control phase, an external interface had to be used to
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implement the algorithm within the EnergyPlus simulation. The environment has

4 main functions in Python:
e init(), where the Python class is defined;

o step(), which receives a specific action, and then it implemented in the sim-
ulated building to return a tuple composed by the next state, reward, done

(True/False) and info;

« reset(), a function that is called at the beginning of each episode, to start over

by returning the initial state;

An episode corresponds to a whole simulation of the cooling season and it is
needed to be repeated several times during the training phase to get acceptable
results. The information exchange between the two software is as shown in the
Fig. 4.3 The process can be resumed as follow: the OpenAl gym interface object is
initiated by calling the init() function, then a server socket for the communication
between EnergyPlus and Python is created; the reset() function is called up by the
control agent immediately afterwards and an instance of EnergyPlus is immediately
created using the IDF file format and the CFG extension file that allows data
exchange. The OpenAl Gym object creates a TCP connection with EnergyPlus, in
which Externallnterface incorporates features that are inputs from Python. The
Externallnterface uses a BCVTB to perform as a client. The TCP connection is
used to read and return the simulation output from EnergyPlus to OpenAl Gym.
Then observations are processed by DRL agent for extracting state and reward.
The DRL agent calls the step(a) function at each control steps and sends the action
to Energyplus for each simulation step and reads the results. Generally, the control
time-step is larger than the simulation time-step, but in this work they have the
same length. Finally, the observations are returned in order to obtain new state
and reward. At each time-step, the OpenAl checks if the simulation is at the end
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of the episode: if it happens, the process moves on to the next check, otherwise,
it is repeated the above process starting from the observations obtained again by
EnergyPlus; if the processed episode is the last one, then the process ends here.

Otherwise, it starts again from the point where the reset() function is called.

OpenAl Gym Interface
init()

Create E+ instance Get initial state
Run co-simulation Get next state
Episode .
ends?
Get reward
Yes ‘ No ) v v
Choose action

b4 ¥
End step(action) P

Figure 4.3: Simulation environment

4.4 Experimental setup

The simulation is carried out for several configurations, in order to analyze the
impact of the different designs of the energy system. The aim is to find out how

the proposed control policy can achieve the same or better results with respect to
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a classical control while utilizing lower size equipment and thus saving economic
resources which is decisive to guarantee the spread of the storage technologies.
The variables to be investigated are the volume of the cold-water storage tank and
the nominal capacity of the BESS.

These configurations are implemented in the environment and the SAC algorithm
is trained for all of them while keeping the other variable as constant. In the
deployment phase, the trained algorithm performs the control statically and the
performance can be assessed for the discussion of the result. The thermal capacity
of the tank is a function of volume and temperature, in this case, the temperature
operation range is kept constant while the volume is subjected to changes for three
different scenarios. Also, larger tanks involve higher exchange surface, so that the
thermal loss increases. Eventually, the heat gain coefficient is scaled for different
surface. The Tab. 4.7 reports the values of the tank size implemented in the

environment.

Volume Heat gain
10m* 12 W/K
8 m? 10.3 W/K
6 m? 8.5 W/K

Table 4.7: Cold-water tank design

The use of electrical storage is not encouraged from an economic point of view.
High investment cost and low profitability characterize the current market[91-94],
but costs are expected to drop more and more in the next year and also subsidies for
purchasing electrical storage technologies will push their penetration. Nevertheless,
BESS improves PV energy performance, by addressing the problem of the solar
energy low flexibility. Nominal capacity is explored for 2.4 kWh, 4.8 kWh and 7.2
kWh.

The configurations are named and resumed in Tab. 4.8.
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Name BESS capacity [Wh] TES volume [m?]

1 2400 10
2 4800 10
3 7200 10
4 2400 8
5 4800 8
6 7200 8
7 2400 6
8 4800 6
9 7200 6

Table 4.8: Configurations simulated for the experiment

The same episode is repeated over for 30 times at each configuration, during which,
the networks weights and biases are updated. Eventually, the parameters from the
best episode are saved and used in the deployment phase. Since the environment is
as the same as in the training phase, the deployment is static. The next chapter

shows and discusses the results of the simulation.
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Chapter 5

Results and discussions

The results from the simulation environment are resumed by several graphs and
tables in order to depict the the different scenarios and to find out what are the

main implication of the these control strategies.

5.1 Results

First, the global performance of the two strategies is assessed, which is related to
the operating cost. For case study, it is computed as the seasonal expenditure for
exchanging electricity with the distribution grid. Energy cost ranges from 4.7 € to
10.1 € when using RLC and from 12.4 € to 18.1 when using RBC. RBC operational
cost decreases as the BESS size increases, as expected. It achieves a reduction
between 26.1% and 31.5% when nominal capacity is pushed up to 7200 Wh from
2400 Wh. RL has not such behaviour due to the intrinsic randomness, but still it
achieves a reduction between 14.0% and 44.7% from 2400 Wh to 7200 Wh.

Obviously, the best performance occurs when the BESS has the highest nominal
capacity for both the control strategies. Specifically, RB cost is not influenced if
the BESS is very large, so that the worst configuration has a 2400 Wh BESS and
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a 6 m® TES, while the best has a 7200 Wh BESS and a 6 m?® with a total cost
of 12.4 €. RL has still an anomalous behaviour, with the configuration 6 as the
optimal one with a cost of 4.7 €. These results are resumed in Fig. 5.1.

RLC always performs better than RBC as shown by Fig. 5.3, in terms of energy
cost and energy consumption. Particularly, RLC allows between 31.4% and 62.5%
cost savings with respect to RBC. The energy consumption shows a little difference,
since it is strictly related to the cooling load which depends on the fixed external
conditions. Nevetheless, RLC is able to reduce the energy consumption, even though
the energy savings are less significant than the cost savings. Energy consumption is
shown in Fig. 5.2. RBC energy consumption only varies with the tank size, and it
decreases from 1090.7 kWh to 1072.2 kWh when the volume is reduced from 10 m3
to 6 m?, with a 1.7% drop. On the other hand, the RLC energy consumption seems
more stable across all of the configurations, where values ranges from 1064.9 kWh
and 1078.1 kWh. As a consequence, the energy savings from RLC are higher at 10
m? storage tank, but still their value ranges from 1.2% and 1.6%. Configuration 6

turns has not the least energy consumption, even though it has the least cost.
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Figure 5.1: Energy cost across all configurations for RB and RL
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and 5.2 show the results of the two different control strategies Both strategies

ID En. bought En. sold Buying cost Selling cost

kWh kWh € €
1 8714 919.1 26.1 9.2
2 749.1 776.8 22.5 7.8
3 628.5 636.5 18.9 6.4
4 872.7 928.1 26.2 9.3
5 7509 786.4 22.5 7.9
6  632.0 648.0 19.0 6.5
7 861.1 928.9 274 9.3
8 7472 796.2 22.9 8.0
9 636.6 667.3 19.1 6.7

Table 5.1: RB results from grid operation for all configurations

reduce either the energy bought and the energy sold when BESS size is increased,
Especially, the energy requested to the grid sees an average reduction of 27.1% and
45.1% from 2400 Wh to 7200 Wh for RB and RL, respectively. This is enforced
by the ability of RL of reducing by 42.7 % on average the energy sold to grid,
against 29.7% for RBC. RBC always buys electricity during low price hours except
in configuration 7 where at the end of the opening time the system is forced to
withdraw energy from the grid to satisfy the cooling load, due to the small TES
volume. The specific purchasing cost of electricity is 26.2% on average higher in the
case of RLC, but this is compensated by reducing for 66.0% on average the amount
of energy drawn from grid and resulting in a reduction from 42.3% to 64.1% of the
buying cost.

The energy balance of the TES is resumed by the Tab. 5.3 and 5.4. The BESS
capacity is not influencing the charge/discharge of the storage tank, in the case
of RBC. As the tank size increases, the energy discharged reaches a maximum
where the cooling load is always met by the tank, while the thermal losses keep
increasing. From 8 m? to 10 m?, the energy discharged increases by 0.1% with
thermal losses being 13.3% higher. Differently, both BESS and TES size influences
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ID En. bought En. sold Buying cost Selling cost
kWh kWh € €
1 333.7 398.5 11.1 4.0
2 236.3 288.0 13.0 2.9
3 203.3 249.1 8.0 2.5
4 353.5 415.2 12.7 4.2
5 278.1 325.3 13.0 3.3
6 162.3 206.4 6.8 2.1
7 3352 400.2 13.1 4.0
8 2328 286.0 8.4 2.9
9 193.7 238.6 10.2 24

Table 5.2: RL results from grid operation for all configurations

the tank operation when using RLC; indeed, the BESS helps reducing the need of
the storage during high price period. The results confirm that the storage operates
a lot less thanks to RL, hence the thermal losses are reduced by 11.3% on average,

but mainly, energy charged and discharged are reduced by 49.0% and 50.7%. The

Volume En. charged En. discharged Thermal losses

m? kWh kWh kWh
10 3307.4 3132.8 177.6
8 3281.0 3129.0 153.9
6 3160.2 3046.3 126.5

Table 5.3: Storage tank thermal flows for RBC

management of the electrical flows is better explained by Fig. 5.4, Fig. 5.5 and
Fig. 5.6., where the contribution to the energy supply from grid, battery and PV is
shown. The changes for different TES volumes are not relevant, so that it is easier
to average the results. RBC performs poorly at feeding the building with PV, with
figures between 7.8% and 8.8% of the total supply, which are much lower than
those in case of RLC, ranging from 54.0% to 58.9%, but mainly, it is implied a
shift from grid to battery of the contribution to the energy supply by sizing up the
BESS. RLC and RBC shows similar values of BESS supply percentage, which are
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ID En. charged En. discharged Thermal losses
kWh kWh kWh
1 1855.2 1726.4 150.2
2 15271 1384.7 152.2
3 1629.1 1503.1 140.1
4 1823.2 1686.9 141.6
5 17248 1581.7 144.2
6  1656.2 1537.1 128.1
7 1745.0 1621.5 125.8
8 1570.7 1457.6 113.2
9 1401.3 1285.2 115.9

Table 5.4: Storage tank thermal flows for RLC

11.4%, 22.4% and 33.2%, and 13.5%, 21.1% and 27.0%, respectively. By contrast,
the average grid contribution goes down from 80.2% to 58.4% and from 31.7% to
17.4% for RBC and RLC, when battery size is increased from 2400 Wh to 7200
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Figure 5.4: Percentage energy contribution from PV, BESS and grid for 2400,
4800 and 7200 Wh with 10 m? storage tank, dark color refers to RL and light color
to RB.

The main indicators to assess PV-BESS system operation are Self-Sufficiency and
Self-Consumption, the former expresses how much of the demand is satisfied by
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Figure 5.5: Percentage energy contribution from PV, BESS and grid for 2400,
4800 and 7200 Wh with 8 m? storage tank, dark color refers to RL and light color
to RB.
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Figure 5.6: Percentage energy contribution from PV, BESS and grid for 2400,
4800 and 7200 Wh with 6 m? storage tank, dark color refers to RL and light color
to RB.

the local production and the latter expresses how much of the local production is
consumed in place. SC is also a good indicator of the economic viability of the PV
module which is requested to increase it as much as possible. In this sense, this is
what the battery is meant to do. Fig. 5.7, Fig. 5.8, and Fig. 5.9 show the levels of
SS and SC; again, TES volume is not affecting significantly these values, so that
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the following values are averaged. RLC remarkably gets over RBC; the use of RLC
enhances the SS from 19.7% to 68.2%, from 30.8% to 76.8% and from 41.5% to
82.6% and also, SC is pushed from 16.5% to 56.9%, from 25.8% to 64.0% and from
34.9% to 68.6% for 2400 Wh, 4800 Wh and 7200 Wh, respectively. The baseline
must have a battery size three times higher in order to reach appreciable levels of
performance, but still being far from those reached by the RLC. The difference
between the two strategies narrows down as the battery size is increased, but still,

the advantage is considerable at 7200 Wh.
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0.6 1 0.6
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2400 Wh 4800 Wh 7200 Wh 2400 Wh 4800 Wh 7200 Wh
Figure 5.7: SS and SC levels for RL Figure 5.8: SS and SC levels for RL
and RB with 6 m? storage tank and RB with 8 m? storage tank
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Figure 5.9: SS and SC levels for RL and RB with 10 m3 storage tank

The two strategies can be investigated more in detail by analyzing them on a
daily basis to understand the operational patterns resulting from a Rule-Based
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control and a Reinforcement Learning control.

The baseline reports what has been expected, since the rules are already defined
and has not any adaptability feature. As mentioned, the chiller charges the tank
during the low price hours, in order to use it as a buffer and to efficiently achieve
the peak shifting of the building electricity load, hence, RLC does not provide any
advantage in these terms. The case study has a low price fare at night so that, as
a consequence of the peak shifting strategy, the BESS is discharged at the time
the tank is charging, while the PV production exceeds the building load during
high price hours charging the battery again. This strategy can be seen in Fig. 5.10
and Fig. 5.11 representing two consecutive week-days. The positive values refer
to the energy injected to the building, to the battery or to the grid, whereas the
negative ones refer to the energy supplied by the PV module, by the battery or by
the grid. The building load is the aggregated energy demand of the chiller and the

circulation pump.
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Figure 5.10: Energy flows for all equipment and BESS SoC during two consecutive
week-days from 31/06 to 01/07 by adopting RBC at 4800 Wh battery capacity and
8 m? storage tank
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The system withdraws electricity from the grid only during low price hours, since
the storage tank is able to fully satisfies the cooling load during the opening time
but this only achieved by making use of a very large tank with respect to the
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Figure 5.11: Thermal flows for chiller and TES during two consecutive week-days
from 31/06 to 01/07 by adopting RBC at 4800 Wh battery capacity and 10 m?
storage tank
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the morning while in the afternoon it is injected to the grid.
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Figure 5.12: Energy flows for all equipment and BESS SoC during two consecutive
week-days from 31/06 to 01/07 by adopting RLC at 4800 Wh battery capacity and
10 m? storage tank

average daily demand. It is also noted that the PV surplus charges the battery in

The RL algorithm is expected to try to better match PV production and chiller

operation, but also, it seeks to avoid buying expensive electricity and grid injection

Fig. 5.12 and Fig. 5.13 reports the RL control strategy for the same two consecutive
days, where the difference with the baseline is highlighted. The energy sold to grid
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Figure 5.13: Thermal flows for chiller and TES during two consecutive week-days
from 31/06 to 01/07 by adopting RLC at 4800 Wh battery capacity and 10 m?
storage tank

is minimized by the RL by switching on the chiller when the battery is charged
and the PV production is still available. The battery is also discharged in order to
fill gap between the building demand and the energy supplied by the PV, hence it
is avoided to draws energy from the grid during high price hours.

Moreover,the charging phase is shortened since the control agent expects the PV
surplus to satisfy the cooling load, resulting in a lower amount of energy exchanged
with the main grid. The same control strategy can be seen for each configuration.
In terms of net average daily demand and average daily peak power, RL involves
notable reductions between 59.5% and 74.3% for the former, and between for the
latter. In the case of RB, BESS nominal capacity plays an important role at
decreasing both these two quantities, while the TES volume is not influencing the
average daily demand and helps reduce average daily peak power. RL has the
behaviour as regarding to the BESS size, but TES size has not a clear implication.
The electrical duration curve shows more in detail the behaviour of the cooling
system. Two duration curves are reported, considering the total building load
and the net building load. Concerning the total building load, there is a little
difference between RL and RB, except for the cooling system operating time which
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is reduced by RL for each configuration. Nonetheless the chiller has basically the
same operating time. Differently, the net building load undergoes a reduction of
the time the grid is feeding the building, but the net peak power is not affected
much, thus the average load power is reduced as well. Moreover, the decrease is
much larger and strictly related to the BESS capacity. On average, the grid supply
time is 29.4%, 46.1% and 58.1% lower, for 2400 Wh , 4800 Wh and 7200 Wh when
using RLC. These results are resumed by Fig. 5.14, Fig. 5.15 and Fig. 5.16.

5.2 Discussions

The previous simulation outputs are discussed in order to fully understand the
main implications. The discussion must take into account the stochasticity of the
RL algorithm, whose strategy is affected by the intrinsic randomness of the trial
and error procedure. Particularly, in some cases, RL unexpectedly decreases its
performance when the BESS size is increased, even though the cost rise has low
relevance. Nonetheless, the variance of the results does not undercut the confidence,
hence the conclusions. The main aim of this work is to assess the importance
of implementing an advanced control strategy in the optimization procedure at
the design level. Also, it is possible to understand how different sizes of storage
technologies affects the performance whichever the control strategy, as well as the
improvement by switching to an advanced control strategy, allowing scaling down
the storage technologies without affecting the energy cost.

This study focuses on the operational pattern of the case study, so that the best
practice for managing storage can be identified and more appropriate and adaptable
RBC may be found.

In terms of operating cost, RLC performs better than RBC, since the seasonal
energy cost is reduced for all of the combinations, this is also true if the total
energy consumption and net energy demand requested to the grid are considered.
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Figure 5.14: Configuration: 1, 2, 3. Duration curve of total (on the left-hand
side)and net (on the right-hand side) building load, with their average (dashed

line).
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RB proved to be very sensitive to the storage size, resulting in a huge impact from
the initial design on the electricity cost and particularly from the BESS size. On

the other hand, the RL is able to achieve very high economic savings already at
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Figure 5.15: Configuration: 4, 5, 6. Duration curve of total (on the left-hand

side)and net (on the right-hand side) building load, with their average (dashed
line).

low size, but as the storage size increases, the improvement achieved by RL are
less intense than those achieved by RB. The better adaptability of RLC appears as
its strong point, and this feature is requested more and more by advanced control
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Figure 5.16: Configuration: 7, 8, 9. Duration curve of total (on the left-hand
side)and net (on the right-hand side) building load, with their average (dashed

line).

strategies.

69

The configuration that achieves the least operating cost is different for RL and RB.

RL has not shown a clear implication of the storage size on the energy cost, rather
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it performs very well at each configuration. Nonetheless, it can be seen that larger
tank involves higher thermal losses for both the strategies. Also, the larger BESS
helps RL reducing the tank operation, which is not affected when adopting RB.
BESS is largely considered as the best way to increase self-consumption, but the
operating cost keeps decreasing as long as the PV injects electricity to the grid,
which means there is not room of improvement left for the self-consumption level,
beyond that, any larger BESS only comes with higher investment cost. By the
time of this work, investment cost is still not sustainable. A preliminary economic
analysis shows that the cost savings from higher BESS capacity does not justify
the extra investment cost, so that the optimum BESS capacity is different once the
investment cost are considered, as it has also been stated by many research. As the
BESS capital cost keep decreasing thanks to technical innovation, RL provides a
solution to increase levels of self-sufficiency and self-consumption without increasing
the size of the battery. This is a massive achievement given that BESS capital cost
is one of the most relevant fraction of cost of the energy systems.

The last consideration on the BESS size concerns its role during the operational
phase. RL and RB remark two different situations. The capacity is not affecting
the energy consumption, hence the chiller and tank schedule, and PV share among
the electricity supply, when RB is used. The reason might be that RBC has two
distinctive set of rules which include information about either the cooling system
either the electrical system. It is supposed that this factor is limiting the ability of
the RBC to perform well; oppositely, BESS capacity does have an impact on those
quantities when RL is used. RL overcome this problem by making its decision
through a set of information comprising those about cooling and electrical system
together, and so that, it finds its own set of rules.

The absence of a building thermostatic control does not leave room of improvement

in this sense, even though the energy consumption is slightly higher in the case
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of RBC because the chiller is never feeding directly the thermal zones, rather
it charges the tank, hence the thermal losses increase and so does the electrical
demand.

It can be easily assessed that the cost savings are not related to a lower average
electricity purchasing cost, but they are due to the lower amount of electricity
requested by the grid along with the growth of the on-site consumption. The aim
of reducing the energy exchange with the local grid is at the very basis of the use
of BESS coupled with PV, which means higher profitability of storage technologies
and higher flexibility of the whole energy system. When PV is selling to the grid,
the system ends up into poor performance in terms of self-consumption. For this
reason, RLC aims at matching PV production and chiller operation as much as
possible so that, it also occurs that energy is drawn from the grid during afternoon,
thus the specific energy cost is increased. In this way, RL not only avoids that
BESS unnecessarily operates, which involves electrical losses due to the round-trip
efficiency and converter efficiency, but it reduces the need for high BESS capacity
as well, since the excess energy is lower.

The RL algorithm outperforms the baseline at managing the PV-BESS system,
even though the control action does not act directly on the charge/discharge of
the battery. The level of Self-Sufficiency and Self-Consumption makes the use of
electricity storage technologies much more desirable from the point of view of the
building flexibility at each size. Moreover, RL does not need large storage utilities
to achieve appreciable level of SS and SC when it comes to nZEB design; indeed, it
is true that the idea of low-energy building desirably would help easing the burden
on the distribution grid, in rural, semi-urban and urban network. This would
be a turning point in a system where the number of connections and pro-sumer
is drastically increasing. In these terms, advanced and smart control strategies

are needed to come into play at the operational level, as suggested by the results
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obtained in this work, and at supervisory level. In order to make one thing clear,
the adoption of feed-in tariff changes completely the scenario where the events take
place, however, this application finds relative importance in a few contexts. High
V-RES penetration in the energy system leads to unbalanced grid operation, i.e.
duck curve, so that policy makers try to encourage self-consumption or rather to
adopt more advanced DR programs like Real-Time Pricing.

Finally, the outlook of the control strategy by RL gives idea on how to develop
a more tailored and complex RBC. Machine learning has already been used to
find rules for classifying the elements of a given data-set. This time the rules
for managing an energy system can be derived. The problem of the RB is that
the TES control has only information about the chiller and the tank, also the
BESS control only takes into account only the net load as driven parameters. For
this reason, it seems advisable to have a single integrated RB strategy fed with
information from both the units. RL smart agent makes decision according to the
parameters in the observation state. On the basis of the daily pattern provided
by the RL agent, a rule for switching on the chiller during the afternoon can be
extrapolated. Chiller can feed the thermal zones whenever the PV excess is enough
to supply it with electricity and whatever the cost is. In this case, BESS stops
charging and eventually, feeds the chiller, which means the TES is switched off
and any PV excess can be injected to the battery. An RBC developed from an
RLC implementation encloses their advantages providing effectiveness whilst it
saves computational effort in the real-time operation, and still it can considered an

advanced control strategy, where RL is the tools used to get the smart RBC.
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Chapter 6

Conclusions

This study proposes to analyze from the operational point-of-view a multi-energy
buildings with on-site electricity generation and storage facilities. The building is
located in Turin, and it used by students as it is made up by two study rooms with
workstations, a control room and a technical room. It is simulated the period from
15¢ June to 315" August, which stands for the cooling season. An HVAC system
serves the two study rooms and the control room, by means of fun coils. The cooling
load is satisfied by an electric chiller that can feed the HVAC system directly or use
a cold water storage tank as buffer. The building is connected to the distribution
grid where AC is circulating. A PV-BESS system is in charge of producing, storing
on-site and feeding electricity to the AC bus through a mono-directional DC/AC
inverter.

The weather data comprises the records for outdoor temperature and solar radiation
during the aforementioned time, which are provided by the meteorological station
of the Caselle airport.

Each room is considered fully occupied during the opening time, that goes from
8:30 a.m. to 6:00 p.m. on the week-days, as it is closed on the week-end, except
for the technical room that does not foresee any occupation.
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The electricity price follows a Time Of Use tariff scheme with 3 price classes outlin-
ing low, medium and high price periods. The selling price is considered constant in
time and with the amount of energy sold, and it is set equal to one third of the low
price.

The building envelope, along with the cooling system is implemented into Ener-
gyPlus for the simulation, by importing the geometry as a 3D model drawn on
SketchUp. The BESS is modeled according to the State Of Charge model whereas
the PV production is extrapolated thanks to an empirical model for the selected
type available in literature.

The control strategy is in charge of mapping out the operational pattern across all
of the occurring states. Two different control strategies are implemented to manage
the cold water storage tank, one is a classical Rule-Based Control and the other
takes advantage of the Reinforcement Learning methodology. The RBC is fed with
the electricity price and the SoC of the tank and returns the charge/discharge state,
so that the tank is charged during low price hours in order to maintain a minimum
level of charge and it is discharge during peak price hours. The RL control is fed
with a set of information of the system concerning both the thermal and electrical
side and utilises a smart agent to make decisions. The BESS is managed according
to the most widespread RBC available in the literature, which prescribes charging
the battery when the PV production exceeds the building electrical load, otherwise
discharges. The control problem is so defined by a discrete action space with two
options, referring to charge and discharge of the tank, and by the objective function
which is the seasonal electricity cost. The problem is also constrained by several
technical limitations and by the need of meeting thermal and electrical loads.
These control strategies are implemented for several combinations of BESS and
TES capacities to analyze how they can adapt to different situations. The energy

model and the control strategy are implemented in a simulation environment based
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on the OpenAl Gym from Python library. It is used to initialize and reset the
EnergyPlus instance during the whole process. Python is in charge of handling
PV and BESS equations as well, while the Building Control Virtual Test Bed
(BCVTB), along with the Externallnterface-Ptolemy server command are used
to allow the information exchange between the two softwares. Two more Python
classes have been coded to define the RBC agent and the RLC agent for the tank ,
while sharing the same RBC for the battery.

The RL agent makes use of a Soft Actor-Critic algorithm with discrete action space,
implemented thanks to the PyTorch library.

The simulation output are then plotted and presented to be discussed. RLC is
affected by a certain degree of stochasticity so that it is convenient to run the
algorithm across several seeds and average the results. Nonetheless, RLC proved to
be much more efficient than RBC given the same storage capacity and to reduce the
operating cost between 5.4% and 25.7%), total energy consumption between 2.0%
and 2.6% and net energy demand requested to the grid between 26.0% and 25.2%.
RB results in being more sensitive to the storage size, giving a lot of importance
to the initial design, whereas RL achieves high economic savings already at low
size, and the advantatge with respect to RB narrows down as the size increases.
This shows the adaptability of RLC to different situations, which suggests a better
flexibility.

Given the absence of thermostatic building, it has not been possible to study the
ability of reducing the energy consumption by RLC; indeed the reduction is due to
the chiller bypassing the tank.

Once the TES is large enough to supply the cooling load during high price period,
there is no point in expand it, which means the average electricity purchasing price
can not be reduced anymore, rather the investment cost increases. BESS capacity

helps storing the excess PV production, in order to increase the self-consumption.
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At the present, high investment cost still prevents from pushing BESS capacity
up to the point where all of the excess energy is stored. In this sense, RL notably
increases levels of self-sufficiency and self-consumption given the same BESS capac-
ity, and reduces the energy exchanged with the grid as well, which means higher
building flexibility, relief to the grid in case of highly penetrated V-RES in the
energy system, and BESS capital cost cutting.

Finally, RL provides a recurrent pattern for the operation of the storage utilities.
Guidelines for defining more complex RBC can be identified by analyzing the
control strategy. First of all, RL shows the relevance of matching PV production
and chiller operation. Also, it can act on the BESS cycle by scheduling the chiller
operation by receiving information about both thermal and electrical system. These
are suggestions to build advanced RBC, where more information is implemented in
the decision process and particularly, the building load can be controlled according
to the on-site production.

In future works, cooling load prediction from ANN could substitutes the perfect
one, which is more consistent with real-time operation. Also, the RL framework
was initially meant to be model-free, but the length of the training forces to build
models for pre-training before applying on a real building. For this reason, an
investigation on the possibility of sharing the model among a cluster of buildings
should be carried out, namely transfer learning, or implementing expert knowledge
into the replay buffer. These efforts are strongly needed in order to reduce the
training phase as much as possible, which is the major barrier for the penetration

of RL in the building control state-of-art.
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