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Abstract— Electrical smart microgrids equipped with small-scale renewable-energy generation systems
are emerging progressively as an alternative or an enhancement to the central electrical grid: due to the
intermittent nature of the renewable energy sources, appropriate algorithms are required to integrate
these two typologies of grids and, in particular, to perform efficiently dynamic energy demand and
distributed generation management, while guaranteeing satisfactory thermal comfort for the occupants.
This paper presents a novel control algorithm for joint energy demand and thermal comfort optimization
in photovoltaic-equipped interconnected microgrids. Energy demand shaping is achieved via an
intelligent control mechanism for heating, ventilating, and air conditioning units. The intelligent control
mechanism takes into account the available solar energy, the building dynamics and the thermal comfort
of the buildings’ occupants. The control design is accomplished in a simulation-based fashion using an
energy simulation model, developed in EnergyPlus, of an interconnected microgrid. Rather than focusing
only on how each building behaves individually, the optimization algorithm employs a central controller
that allows interaction among the buildings of the microgrid. The control objective is to optimize the
aggregate microgrid performance. Simulation results demonstrate that the optimization algorithm
efficiently integrates the microgrid with the photovoltaic system that provides free electric energy: in
particular, for each building composing the microgrid, the energy absorbed from the main grid is
minimized, the energy demand is balanced with the solar energy delivered to each building, while taking
into account the thermal comfort of the occupants.

Index Terms— Interconnected microgrids, demand response, thermal comfort.

. INTRODUCTION

Increasing energy demand and more strict environmental regulations are enabling the transition from
traditional electrical grids with centralized power plants to smart electrical microdgrids where the existing
power grid is enhanced with distributed, small-scale renewable-energy generation systems [1]. This so-called
smart grid paradigm is emerging progressively: currently, many microgrids are connected to the existing grid,
allowing the two grids to coexist until eventually the load will migrate to the new grid [2]. In this hybrid
intermediate state, the energy produced from the microgrid renewables can be used to reduce dependence on
grid-supplied energy. On the other hand, the use of renewables inserts uncertainty into the system, due to their

stochastic output profile. In some cases electric utilities raise reservations on distributed energy generation since
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the lack of monitoring and control of these energy sources might contribute to the instability of the electric grid
[3]. For these reasons, one of the main challenges in the development of microgrids is to deploy control systems
that take the appropriate decisions for energy distribution and consumption: these tasks are also referred to as
distributed generation (DG) and demand response (DR) tasks, and a strategy addressing these tasks can be
referred to as DG/DR management strategy or DG/DR control strategy.

The management of distributed generation and demand response in microgrids implies interactions between
the demand and the supply side. The power provider must dynamically change the load for their users, otherwise
energy might be wasted by some users (because of redundant power), while lack of power will occur for other
users [4]. A typical way through which the demand side interacts with supply side is via intelligent load
managing and scheduling [5]. Several approaches to optimal scheduling of microgrid energy consumption have
been proposed: the evaluation of the effectiveness of DG/DR solutions is based on performance metrics like
service quality, electricity consumption and price [6]. Without aiming at being exhaustive, only approaches that
rely on simulation-based optimization procedures to maximize the microgrid performance are addressed in this
work: with simulation-based optimization it is meant an approach that exploits the availability of a model of the
microgrid to perform simulations and to assess the performance of a particular DG/DR management strategy.
Two main families can be identified: DG/DR management based on receding horizon optimization and DG/DR
management based on co-simulation.

In DG/DR management based on receding horizon optimization a model of the microgrid is used at every
time step in a receding horizon fashion to evaluate and optimize the performance of the management strategy: in
[7] minimization the cost of electricity and natural gas for building operation while satisfying the energy balance
and operating constraints of energy supply equipment and devices is considered. The uncertainties are captured
and their impact is analyzed by the scenario tree method. In [8] a mixed integer linear programming (MILP)
approach is used to schedule distributed energy resources operation and electricity-consumption household tasks
so as to minimize a one-day forecasted energy consumption cost. In [9] the model predictive control (MPC)
approach is applied for achieving economic efficiency in a microgrid with storages and controllable loads. In
[10] an energy management algorithm based on mixed-integer nonlinear programming (MINLP) schedules the
microgrid generation in a local energy market so as to maximize the utilization of distributed energy resources.
In DG/DR management based on co-simulation elaborate microgrid models, developed using EnergyPlus [11],
TRNSYS [12], and other programs [13], are coupled together with gradient-free optimization methods, using

software environments like BCVTB [14]. Gradient-free optimization methods (e.g. genetic algorithms, Nelder-
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Mead method, particle swarm optimization, pattern search) are used to evaluate and optimize the performance of
the management strategy. In [15] a simulation based control scheme is used to improve management rules for a
low-energy building controlled by a hierarchical fuzzy rule-based controller. The authors of [16] adopt co-
simulation to reduce energy consumption and occupant discomfort via management of heating, ventilating, and
air conditioning (HVAC) systems. The controller of [17] utilizes an optimizer to minimize an electric cost-based
objective function whose evaluation involves simulation of the building energy system. In [18] power imbalance
between supply and demand sides is regulated via an interactive building power demand management strategy
for the interaction of commercial buildings with a smart grid. In [19] a modified simulated annealing triple-
optimizer is introduced to find the optimal energy management strategy in terms of financial gain maximization
in photovoltaics-supplied microgrids in a variable grid price scenario.

Both receding horizon-based and co-simulation-based approaches rely on some model to predict the effect of
a control policy in the future: in general, the energy-efficient control is performed in an open-loop fashion in the
receding horizon case, and in a closed-loop feedback fashion using parameterized policies in the co-simulation
case. In both approaches the curse of dimensionality emerges as the main problem. In fact, receding-horizon
control needs simplified (often linearized) models so as to address the real-time requirements of the control
problem: the adoption of more realistic nonlinear models makes the computations impossible to be solved in
real-time. In the co-simulation case the problems are associated to the large number of policy parameters to be
optimized and to the fact that gradient-free optimization methods do not scale to large-scale instances.

Furthermore, while the vast majority of literature addresses minimizing of microgrid running costs, power
consumption and reduction of the peak demand from the central grid, only a subset of DG/DR management
strategy performs the DG/DR tasks while taking into account the end-user (building occupant) thermal comfort.
It is recognized that end-user thermal comfort is a critical factor in determining the energy consumption in a
microgrid. Local sensation [20] and comfort [21] of individual body parts, as well as whole-body sensation and
comfort [22], influence the behavior of occupants: a large proportion of energy must be used for building
climate control purposes to keep occupants thermally satisfied [23]. According to the EN15251 standard [24]
and to the Renewable Energy Road Map [25] thermal comfort should not be violated except for small intervals
during the building operation. In that sense, thermal comfort constraints should be satisfied by all acceptable
DG/DR control strategies. The DG/DR management approaches that try to take thermal comfort into account
often rely on dry-bulb temperature tracking as a comfort-maintaining criterion: a few examples include the

model-based predictive controllers of [26], the stochastic model predictive controller of [27], the parallel model-
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based predictive controller based on Lagrangian dual method of [28], or the multi-objective genetic algorithm of
[29]. By relying only on dry-bulb temperature tracking, they neglect humidity and radiant temperatures that can
lead in practice to insufficient estimation of actual thermal comfort. An exception is represented by the model
predictive controller of [30], where the occupants’ thermal comfort sensation is addressed by the comfort index
known as predicted mean vote (PMV): however, here the management problem is limited to one thermal zone
with one actuator. More realistic estimate of thermal comfort can be achieved via: the predicted mean vote, also
known as Fanger index, adopted both in the ASHRAE 55-2004 standard [31] and in the ENISO 7730 standard;
the two-node model of human thermoregulation [33]; or the adaptive thermal comfort model added in the
ASHRAE-55 2010 standard and based on mean outdoor temperature [34].

This work proposes a novel algorithm for optimal management of heating, ventilation, and air conditioning
units in photovoltaic-equipped interconnected microgrids. Demand response management is achieved since, via
regulation of the HVAC set point, the energy demand of the HVAC units and thus of the buildings is regulated
(HVAC operation account for 50% of the energy demand of a building [35]). Distributed generation
management or solar energy is achieved since every building, equipped with its own photovoltaic panel, is
allowed to exchange energy with the other buildings. Demand response and distributed generation are optimized
while guaranteeing acceptable thermal comfort conditions for the end users in terms of the Fanger index. A test
case consisting of a microgrid with three buildings connected both to photovoltaic arrays and to the central
electrical grid is used to evaluate the effectiveness of the proposed algorithm. The microgrid test case has been
developed in EnergyPlus and it assumes the presence of a central controller that allows exchange of information
and interaction among the buildings of the microgrid (fully-interconnected microgrid): rather than focusing on
how each building behaves individually, the objective of demand response and distributed generation control
strategy is to optimize the aggregate microgrid performance. The buildings should try to satisfy their needs
using only the solar energy from the photovoltaic panels: a building that does not receive enough solar energy
will have to buy extra energy from the central grid. The final objective is not only to manage the HVAC set
points so as to reduce the energy absorbed from the central electrical grid, but also to guarantee acceptable
thermal comfort conditions. The work has both a theoretical and an applied intent. From the theoretical side, the
proposed system uses a simulation-based optimization procedure which aims at solving adaptively the
Hamilton-Jacobi-Bellman (HJB) equation associated with the optimal control problem: the DG/DR tasks are
parameterized in terms of the value function, and the proposed algorithm, namely Parameterized Cognitive

Adaptive Optimization (PCAOQO) updates the value function in such a way to approach the solution of the HIB
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equation, thus achieving the optimal DG/DR control strategy. From the applied side, the energy demand and
thermal comfort optimization is performed jointly: the proposed algorithm is shown to be able to handle the
nonlinear and mutually interconnected nature of the tasks, and to be able to exploit the interconnections so as to
optimize the microgrid aggregate performance. In order to explain the complex and interconnected nature of the
problem it is shown that any optimization of the demand response side that does not take into account the
distributed generation side (i.e. buildings optimize the HVAC set points without exchanging solar energy among
each other) and any optimization of the distributed generation side that does not take into account the demand
response side (i.e. buildings exchange solar energy under simple HVAC rule-based control) leads to far from
optimal solutions. The simulation-based optimization used in this application is based on an adaptive
optimization algorithm that has been developed and tested by the authors in different real-life large scale
applications: traffic light management [36], control of robotic swarm [37], HVAC regulation in single thermal
zones [38], conventional [39] and high-inertia office buildings [40]. The paper is organized as follows: Section
Il describes the problem setting and the control objectives. In Section Ill the optimization algorithm is

presented. Section 1V shows the simulation results. Section V concludes the paper.

Il. PROBLEM DESCRIPTION

The microgrid used for the evaluation of the proposed control algorithm is composed of three commercial
buildings which are connected both to photovoltaic panels and to the central electrical grid. The microgrid uses
the electricity of the photovoltaic panels to fulfil its needs: if such power is not enough, the microgrid must
absorb the necessary power from the central electrical grid. As shown in table I, each building of the microgrid
is composed of ten thermal zones; each building is equipped with an HVAC unit whose operation can be
regulated via ten temperature set points (one for each thermal zone). Each building has different energy needs.
This is mainly due to the fact the buildings have different sizes. In particular, as can be seen in table I, the
buildings cover a surface of 200 m? 365 m? and 100 m? respectively. Because of the different sizes, each
building mounts a different HVAC system, absorbing a maximum of 8.000, 15.000 and 4.000 BTU per hour,
respectively. The second building, being the largest one, is equipped with a more powerful HVAC system that is
able to satisfy the thermal needs of larger thermal zones. The HVAC system of the third building, on the other
side, is less powerful than the other HVAC systems.

It is assumed that the HVAC units are the only controllable loads of the buildings: the HVAC units can be
controlled via the temperature set point. During occupancy hours, an uncontrollable base load also is present.

Since the buildings host commercial activities, the occupancy schedule is 7.30am-4pm, and the base load is a
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constant load of 2 kW, 4 kW and 1 kW respectively, from 6am to 6pm. The uncontrollable base load is constant
as typically happening in commercial activities [41]. The base load acts for some time outside the occupancy
schedule in order to take into account extended operational time of appliances and machines. For similar reasons
the HVACs are operated from 6am to 6pm, in order to accommodate for precooling actions and for possibly
early/late workers. All the elements of the microgrid have been modelled and simulated using EnergyPlus; the
microgrid is supposed to be located in Athens, Greece. Historical weather data collected during summer 2011

and retrieved form the EnergyPlus website [42] are used in the simulations.

Table I. Microgrid test case (commercial buildings, occupancy schedule 7.30am-4pm)

No. No. Size solar Base load
Size Thermal HVAC Power HVAC units anel (uncontrollable)
zones set points P 6am-6pm
Building #1 | 200 m? 10 10 8.000 BTU per hour 30 m? 2 kW
Building #2 | 365 m? 10 10 15.000 BTU per hour 55 m? 4 kw
Building #3 | 100 m? 10 10 4.000 BTU per hour 15 m? 1 kw

The fact that each building has a different energy demand has been assembled intentionally so as to make the
DG/DR control problem more challenging. As a matter of fact, the distribution of the solar energy among the
three buildings plays a very important role. It is assumed that each building is equipped with its own solar panel,
of 30 m% 55 m? and 15 m? respectively. The proportion 30%-55%-15% has been chosen to match the
proportion of the size of the buildings (200 m?, 365 m?, and 100 m? respectively). In this work, two settings will
be considered with respect to the solar energy distribution. In the first setting, each building will use exclusively
the energy from its own panel without sharing any portion of energy with the other buildings. This setting is
referred to as the isolated setting. In the second setting, the buildings can share their energy with the other
buildings (according to the Kirchhoff's circuit laws). Since the buildings are assumed to be close to each other,
no transportation losses in exchanging solar energy are considered. This second setting is referred to as the
connected setting. When the solar power delivered to a building exceeds the building demand, it is assumed that
the excess of power is dissipated as heat in the devices of the buildings (wasted redundant power) or that some
safety device will be activated to dissipate it. No excess of electric power from the main grid is considered, since
it is assumed that such excess is managed and regulated by the power utility. Intuitively, the isolated and
connected settings will lead to very different results. In particular, the isolated setting is expected to waste more
power. The connected setting allows for more flexibility since, depending on the requirements of each building,
the photovoltaic energy can be distributed to the buildings in the right amount needed. The isolated setting

represents an individual microgrid where each customer communicates with the energy source individually and
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individually controls its energy demand. In the connected setting it is assumed that the grid is fully-
interconnected, so that there is a central control unit that knows the thermal state of all buildings, as well as the
external weather conditions and the available solar energy: via interactions among users and information
exchange, a demand response/distributed generation program has the objective to optimize the aggregate
microgrid performance. In the following, the demand response/distributed generation program of the microgrid
is defined and the control actions that can be taken by the program in order to optimize the aggregate microgrid
performance are explained.

Main grid & solar energy
HVAC fﬁ:ﬁ- }

» B Controllable loads
set points <
“—

\
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controllable
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Ay g
L J/
Aggregate
performance

Weather forecasts Energy consumption & thermal comfort

Figure 1. Demand response and distributed generation in a building of the microgrid

1. Manipulable Inputs

As the microgrid is tested during summer, the HVAC is used purely for cooling purposes. In the proposed
microgrid, the task of a controller is to regulate thirty manipulable control inputs, i.e. the HVAC temperature set
points in each thermal zone of the microgrid, for a total of thirty set points (figure 1). Via the regulation of the

temperature set points, the controller is responsible (directly and indirectly) for two tasks:

1. Demand response task (DR): the controller influences directly the energy demand of the HVAC
systems, and thus a big portion of the energy demand of the buildings (in real life HVAC operation

account for 50% of the total energy used in a building);
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2. Distributed generation task (DG): the controller influences indirectly the way energy will be
absorbed from the main grid and from the photovoltaic panels (either in the isolated or in the

connected setting) or the way energy will be shared among buildings (in the connected setting).

It must be underlined that the DG and DR tasks are strongly interconnected and influence each other. In the
connected setting, a building with a big energy demand will require a large amount of solar energy from the
photovoltaic arrays, and might prevent the microgrid from satisfying the aggregate energy need using only solar
energy: as a consequence, the microgrid will need to absorb energy from the central electrical grid. Through an

optimal DG and DR management, the controller must achieve the following goals:

a. Energy consumption: dynamically shape the energy demand of each building;

b. Energy distribution: dynamically exploit the photovoltaic energy among the buildings;

c. Energy cost: match the demand with the supply of solar energy so as to minimize the energy
absorbed from the central grid;

d. User thermal comfort: guarantee thermal satisfaction of the buildings’ occupants.

These tasks are quantified in the next section introducing the aggregate performance index of the microgrid.

2. Performance Index

The solution to the optimization problem of consumption - distribution - cost - comfort can be translated to
finding the global minimum of a given objective function. The function expresses the performance of building #i

and of the aggregate microgrid, and consists of a power cost term and of a thermal comfort term:

Tot;(t) = E;(t) + C;(0), Tot(t) = Xi, E;(®) + C;(t) )

At time t, E; is given in kW and C; in percentage of dissatisfied persons. As the daily power consumption of the
microgrid is of the order of tens of kW, and the thermal comfort is a percentage typically lying between 0 and
15%, the two terms are of a similar order of magnitude and no additional scaling is adopted. In principle, a
scaling factor between the two terms in (1) can be introduced in order to emphasize a term with respect to the
other. The cost in (1) is then summed up for every building, and then integrated over the entire day. The integral
of the power cost term over time will give the energy consumption: for this reason, the notation E; is used in (1),
where E stands for energy. In the following, the terms energy demand and power demand will be used almost
interchangeably. It must be noticed that, generally speaking, the two terms in (1) play an antagonistic role: in

order to keep the user satisfied (from a thermal comfort point of view) large amounts of energy are typically
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required. Vice versa, management strategies giving emphasis to the reduction of the energy consumption
typically need to sacrifice the thermal comfort of the users. However, these are just general considerations, since
the total cost in (1) is not a static function, but it is subjected to the thermal dynamics of the buildings. Two
management strategies that require very similar amounts of energy might achieve totally different comfort

scores, according to how the energy is distributed throughout the day and among the buildings.

1) Power Cost E;

The power cost of each building depends on the power demand d; of the building (e.g. the power requested

by the HVAC unit and by the uncontrollable load) and on the solar power s; delivered to the building. Formally:

E; = max (0, d; —s;) (2

Equation (2) shows that, when the power consumption of a certain building is higher than the solar power
that is delivered to it, the power cost is the difference between these two quantities. This difference can be called
effective power, since it represents the power which is effectively paid in the bill. Otherwise, if the power
consumption of the building is smaller than the solar power that is delivered, the cost is 0, because the building
can completely satisfies its needs using only the solar power. The solar power is assumed to be free of charge
(no charge in the bill), while only the power absorbed from the central electrical grid is paid (when d; > s;).
Note that s; is determined according to the particular adopted DG strategy: for example, a building can use
exclusively the power generated by its own photovoltaic panel (in the isolated setting) or absorb a portion of the
total solar power of the microgrid according to the Kirchhoff’s circuit laws (in the connected setting). It is
important to notice that, in the isolated setting, the sum of (2) over every building in the microgrid is different
than the difference between the total power demand of the microgrid and the total solar power. In fact, (2)
considers the possibility that power might be in excess in some buildings (when d; < s;), while lack of
power might occur in other ones (when d; > s;). When d; < s;, the excess of power is redundant power or
wasted redundant power. In fact, it is assumed that the redundant power in one building is completely wasted
(via heat in appliances or via safety devices that dissipate excess of power). To reduce the amount of wasted

redundant power and improve grid stability, we impose the constraint:

(si—dp/d; <15% 3

at each timestep. Adopting the model described in [43], the photovoltaic generation is modelled according to the

following equation:
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s;=nS;al, (1—0.005(t, — 25)) 4

where, 7 is the conversion efficiency of photovoltaic array (%), S; is the array area (in m?) of the array #i, I, is
the solar radiation (in kW/m?), t, is the outside air temperature (in °C). No transportation losses between
buildings are assumed. Conversion losses are modelled via the conversion efficiency 7. It is also assumed that
the photovoltaic panels are oriented in the same direction and receive the same amount of solar radiation
(different orientations can be taken into account by modifying the solar radiation I, with the position of the
sun). The power demand of the microgrid is the sum of the HVACs power demand and the uncontrollable loads:
several studies reveal that in most commercial application HVAC units are the only controllable loads, and that
HVAC operation accounts for 50% the total building energy demand, with peaks of 70% during summer [35]. It
is finally emphasized that the microgrid test case does not consider the presence of distributed electric storage
devices. This is an intentional choice led by both practical and theoretical reasons. From the practical side, state-
of-the-art electric storage devices have a short life [44] and technological research on storage devices is still
going on [45]. From the theoretical side, it is interesting to study to what extent an optimal DG/DR control
strategy can shape the demand of the microgrid and reduce dependence on the central grid-supplied energy
without the aid of storage devices. Summarizing, minimization of (2) takes into account the goals of energy

consumption (a) and energy cost (c) directly, and the goal of energy distribution (b) indirectly.

2) Thermal Comfort Cost C;
Povl Ole Fanger (1934-2006) elaborated in the 70’s a model for general thermal satisfaction called Predictive

Mean Vote (PVM). The PMV is the index that provides the average thermal sensation through voting by a large
group of people, expressed in the 7-point ASHRAE scale (+3 till -3, where +3=hot and -3=cold), for each
combination of thermal environmental variables, their activity and clothing. The PMV model is based on the
Fanger’s comfort equation, derived by combining six parameters (air temperature, mean radiant
temperature, relative humidity, air speed, metabolic rate, and clothing insulation). According to EN15251
standard [24] and to the Renewable Energy Road Map [25], in order to ensure a comfortable indoor
environment, the PMV must be maintained at 0 in the 7-point ASHRAE scale, with a tolerance of £ 0.5 units.
These limits should not be violated except for small intervals during the building operation. Instead of the PMV
scale, it is more convenient to calculate the number of persons that are dissatisfied with a certain indoor

environment: to this purpose the Predicted Percentage of Dissatisfied people (PPD) is defined via:

C; = PPD = 100 — 95 X £(-0.03353x PMV#4)—0.2179x PMV ?) (5)
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To achieve acceptable thermal conditions (x 0.5 units of PMV), the PPD must be kept approximately below
10%, as shown in figure 2. Only temporary violations are admitted, while the average PPD should be kept below

the 10% threshold. In order to limit temporary violation of PPD we impose the constraint:

C; < 15% (6)

at each timestep. This is suggested because otherwise dissatisfied people would overrule the decision of the

DG/DR controller and alter the operation of the HVAC (e.g. by opening windows or by manually changing set

points). Summarizing, minimization of (5) takes directly into account the goal of thermal comfort (d).

o
o
a

warm/hot

I L LS i g Voo | I |
-2 -1,5 -1 -0,5 0 05 1 1.5 2 PMV

Figure 2. Relationship between PMV and PPD

3. Base Case Scenarios

For comparison purposes, apart from the proposed method, four other DG/DR strategies have been tested.

These four scenarios are summarized as follows:

«  Scenario 24-isolated: For every thermal zone, set the temperature set points of each HVAC unit at 24° C
(during the period from 6 am to 6 pm). Besides, deliver 30% of the total solar energy to the first building,
55% to the second building, and the remaining 15% to the third;

+  Scenario 25-isolated: For every thermal zone, set the temperature set points of each HVAC unit at 25° C
(during the period from 6 am to 6 pm). Besides, deliver 30% of the total solar energy to the first building,
55% to the second building, and the remaining 15% to the third.

»  Scenario 24-connected: For every thermal zone, set the temperature set point of each HVAC unit at 24° C
(during the period from 6 am to 6 pm). Besides, distribute the total solar energy proportionally to the

energy demand of each building;
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«  Scenario 25-connected: For every thermal zone, set the temperature set point of each HVAC unit at 25° C
(during the period from 6 am to 6 pm). Besides, distribute the total solar energy proportionally to the

energy demand of each building.

The terms “isolated” and “connected” indicate two different distributed generation strategies, while “24° C” and
“25° C” indicate two different demand response strategies. The combination of these strategies gives rise to four
different DG/DR control scenarios. With respect to the distributed generation strategies, it can be seen that the
first two scenarios (24-isolated and 25-isolated) distribute the solar energy according to the proportion of the
size of the solar panels, which mimes the proportion of the size of each building. That is, it is assumed that
buildings use solar energy from their own panel without sharing solar energy among each other. This is a
popular solution in most microgrids. However, it will be demonstrated that these two scenarios lead far from
optimal results, since the optimal distribution cannot be constant but it must change during the day according to
the energy demand of each building. The last two scenarios (24-connected and 25-connected) assume that the
total solar energy will be distributed proportionally to the energy demand of each building, according to the
Kirchhoff's circuit laws. That is, each building can share the energy generated by its own panel with the other
buildings of the microgrid. The solar energy coming from this unique pool will be drawn by each building
proportionally to their energy demand, according to the Kirchhoff's circuit laws. It will be demonstrated that,
despite the improved performance of these two scenarios, results are far from optimal if the demand response of
each building is not appropriately managed.

With respect to the HVAC set points, it can be seen that the four control strategies suggest easy and common
usage of HVACs, consisting of keeping the set point constant during office hours. These simple strategies are
actually adopted in many real buildings. Some scenarios are more oriented toward thermal comfort at the
expenses of energy consumption (24° C); some other scenarios sacrifice thermal comfort so as to have reduced
energy consumption (25° C). It has to be noticed that in the four scenarios only the set points 24° C and 25° C
have been chosen, because they lead to an acceptable trade-off energy/comfort: in fact, a constant set point at
23° C leads to high energy consumption, while the constant set point 26° C leads to unacceptable thermal
conditions. The objective of this work is to find the optimal DG/DR strategy that minimizes (1). It will be
demonstrated that the optimal DG/DR strategy is none of the four base case scenarios. The reason for this is
that, in order to minimize (1), an intelligent DG/DR strategy must be developed that dynamically distributes the
solar energy proportionally to the energy demand of each building, and at the same time dynamically changes

the HVAC set points taking into account the building dynamics and the available solar energy. The control
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algorithm aiming at minimizing (1) is proposed in the following section.

I1l. THEPCAO ALGORITHM

Most of conventional control techniques that operate in real buildings achieve far from optimal performance:
one of the main reason is that they employ decentralized control strategies for a single thermal zone, and they do
not exchange information about what is happening in the other zones. This is also the case of the four scenarios
that have been presented, which keep the HVAC set point in a thermal zone constant, no matter what is
happening in the other thermal zones. Another important problem leading to far from optimal performance is
that model-based control approaches typically employ very simple building models, mostly linear or based on
the thermal resistance-capacitance (RC) paradigm. Such models are not always able to catch the complex
building dynamics, thus leading to sub-optimal solutions. In order to address and possibly overcome such

drawbacks, the objective is to develop a novel DG/DR control strategy under the following settings:

e The control strategy is centralized, thus it operates according to a global state vector containing the thermal
state of the entire microgrid (temperature and humidity of the thermal zones), as well as external weather
conditions.

e The control strategy is optimized via a simulation-based iterative procedure composed of: evaluating the
current control strategy via an elaborate building simulation environment (EnergyPlus in our case), and;

updating of the control strategy in such a way to improve performance at the next iteration.

Both these settings requires more complex and difficult programming methods than decentralized methods:
however, they give the possibility to catch and exploit in an optimal way the energy transfer between the
thermal zones, thus achieving better performance. Similarly to all simulation-based procedures, the model is
exploited to run simulations and to predict the future performance of a given control strategy. The control
strategy proposed in this work, namely Parameterized Cognitive Adaptive Optimization (PCAO), enjoys the
following features: (1) the solution to the Hamilton-Jacobi-Bellman (HJB) equation [46] associated with the
optimal control problem is found iteratively; (2) the DG/DR tasks are parameterized in terms of the value
function, and the proposed algorithm uses simulations to update the value function in such a way to approach
the solution of the HIB equation.

PCAO is a data-driven optimization procedure that can handle models built in elaborate simulations
environments; the optimization is performed by accessing the thermal states of the microgrid in a “plug-n-play”

fashion. Furthermore, PCAO has demonstrated to be able to handle large-scale optimization problems, which
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cannot be handled efficiently using other global optimizers: comparisons with the Nelder-Mead method are
shown in [47], while comparisons with the genetic algorithm are carried out in [48]. In the following sections

the problem formulation, algorithm and dimension of the problem at hand are presented in details.

1. Problem formulation

The analysis of the optimization algorithm is carried out supposing that the state can be measured. Based on

these assumptions, the building dynamics are taken in the following form

L x (t) = F(x(t),u(t) ©)

Hx,u) <0

where X, U are the state and the control vectors, respectively; F, H correspond to the dynamics and constraints of
the system, respectively (implemented via the EnergyPlus simulator). The state comprises external weather
conditions, weather forecasts, zone temperature and humidity: the control input comprises the HVAC set-points.

The following constraints have been considered:

e Constraint (6): instantaneous PPD value in each building < 15%;

e Constraint (3): instantaneous excess of power (s; — d;)/d; in each building < 15%;

The constraints act at the level of each building. The first constraint has been considered since, even if
temporary violations of the 10% threshold are considered, it is preferred such violations not being greater than
15% (cf. figure 2). The second constraint has been considered since most equipment is designed to operate
within + 5-10% of nominal power; the "extra power" usually gets dissipated as heat in the device itself.
Assuming that some extra dissipation mechanisms are implemented in the grid, excess of energy less than 15%
is considered in order to avoid going beyond the tolerance of the devices, which might overheat or burn. The
dynamics and constraints of the system are implemented via the EnergyPlus simulator. The system performance

in a simulation period can be described as follows:
J= [, I(x(s),u(s))ds ®)

where [T is the analytical form of the cost function in (1). After simple mathematic manipulations similarly to

[49] (i.e. the introduction of a fictitious filtered version of the input u), the system is transformed into:
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= x(0) = f(x(8) + Bu(®) )

where X, u are transformed state vector and control, and f contains the transformed nonlinear dynamics (which

are assumed to be unknown). The vector B =[0 I]" is known. The performance index becomes
J = f, I (x(s))ds (10)

where the constraints C(x,w) in (7) are included in (10) as penalty functions. The following analysis is carried

out based on (9) and (10).

2. Control equations

Although the approach that is presented can be implemented in a variety of nonlinear controllers (PieceWise
Linear Control, PieceWise Nonlinear Control, etc.), for simplicity it is presented for the case where a linear
controller can achieve satisfactory performance. The interested reader is referred to [50,52] for more general
formulations. In fact, a linear controller has been verified to bring relevant improvements in the microgrid. The

basic form of the linear controller to be optimized is as follows:
u=—-BTPx (12)

where X, u are the states (external weather conditions, indoor temperature and humidity) and control inputs
(HVAC set points, percentage of delivered solar energy) of the system; P is a positive definite matrix to be
optimized. In fact, following a dynamics programming approach [46], according to HIB equation, the controller
optimizes the performance of the system is the solution of the following differential equation (The * indicates

the optimal value):

Vo) = (%) (e +Bu) = -1 (12)

where V* = xTP*x is the optimal cost function and u* = —BT P* x is the optimal control. The optimal control
matrix P* is found adaptively, by employing the algorithm described in table Il and figure 3, and briefly

introduced in the next section.

Table 1. The PCAO algorithm

a) Sett =0.
Initialize
b) select two positive constants e; < e, and a positive number T,
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¢) The matrix P(0) is initialized with a positive definite matrix satisfying: e;/ < P(0) < e,/
d) Set a positive function a(t), which is a constant positive

function or a function relative to the time that satisfies :

a(t) > o,z a(t) = oo,z a(t)? < o
t=0 t=0

At time t, apply the controller of eq. (13) during the time interval [t, t + Jt] and calculate

Step 1 e(x(t), P) ineq. (15)
Create a Linear In the Parameters (LIP) approximator of s(x(t), 13):
£(x(t), P) = 07 (x(t); P(1))
Step 2 ¢ 2
6 = argminy Z (e (x(i); ﬁ(i)) ) (x(i); ﬁ(i)))
i=t-6tT

0 and ¢ are the vectors of parameter estimator and regression, respectively, while T = min (é Th)

Apply the controller of eq. (11) throughout the whole duration of the simulation and calculate
Py s (£), which is the best matrix that has been found, until that point:

T
Step 3 Prost(D = argmin {Z &g (x(t); 2 (S))z}

P;(s5),5=0,8t,268t,..t \t=p

So that Py, is the best matrix found so far that minimize the performance of the entire microgrid.

Create N candidates (random perturbations ) of the matrix Py (t):
Step 4 Prana” = (1= a(t))Pyese (t) + a(£)4PD, i=12,... N

AP® : random symmetric positive definite matrices P, that satisfy : e;] < AP® < e,

The matrix that will be used by the controller (13) in the next time step is:

Step 5 o N
P(t+6t) = argminﬁcand(i){e(X(t), Peanda')}

Step 6 | Sett=t+ dtand go to Step 1

3. The algorithm

It should be stressed here that, the previous equations are valid, a part from an approximation error o(1/L)
due to the fact that the HIB equation is not solved exactly. When an approximation error is added in a gradient-
based algorithm, it should be small enough so as not to destroy its convergence properties. The algorithm PCAO
however "bypasses" the above problem, minimizing the effect of the approximation term. Therefore, PCAO can
provide good solutions also in cases where the term o(1/L) is large. As mentioned earlier, to get to the optimal

controller u*, the optimal matrix P* must be found. To do this, the algorithm first applies the control law
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o = a(x(t); P) (13)

where P provides an estimation of the unknown matrix P*. The next step is to find a way of measuring how far
is this matrix from the optimal P*. Integrating equation (12), the optimal performance of the system controller

can be calculated, for a time [t, t + 6t], (where ot > 0, is a small discretization step):

v (x(®) ~ = [ 1 (x())ds + o(1/;) (14)

where AV (x(t)) = V(x(t + 6t)) — V(x(t)). The error term, which results from the use of any other controller

different from the optimum is defined as:

t+6t
J;

e(x(),P) = AV (t) + (x(s))ds (15)

Equation (15) can be interpreted as a way to know the distance of the matrix P from the optimum P*. In order to

minimize the term in (15) and consequently, the performance index, the matrix Pis updated at every iteration
via the algorithm described in table I1. The flow diagram of the PCAO algorithm is shown in figure 3. Figure 3
highlights the presence of a primary online feedback loop where the DG/DR decisions are tested in real-time,
and of a secondary simulation-based feedback loop where the performance of candidate DG/DR strategies are
assessed via the (EnergyPlus) simulation model of the microgrid. It can be shown that the PCAO algorithm
converges asymptotically to the optimal matrix P*. The interested reader is referred to [51,52] for the stability

properties of the proposed algorithm.

Collect measurements x

(temperature, humidity)

Collect performance J
(energy cost, thermal comfort)

-
;-

s 1 t
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Figure 3. PCAO flow diagram
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4. Dimension of the microgrid problem

In the microgrid under consideration the optimization algorithm must be able to handle the following state of

106 components:

»  3external conditions: outdoor temperature, humidity and radiation;

» 12 predictions for the mean outside temperature and solar radiation for the next six hours;
« 60 measurements of temperature and humidity in each thermal zone of each building;

« 1 constant term (on the balance of the building);

« 30 operating set point temperatures of each HVAC in each thermal zone.

The total number of parameters that must be optimized corresponds to the elements of the symmetric matrix P

in the optimal quadratic Lyapunov function, which are

106+1
2

106 x = 5671

Thus the problem classifies as a large-scale one: besides it is nonlinear, due to the nonlinear microgrid

dynamics.

IV. SIMULATION RESULTS

This section is devoted to analyse the performance of the proposed PCAO-based DG/DR control strategy as
compared with the four base case scenarios presented in section 11.3. The four scenarios are useful to highlight
trade-offs between energy consumption and comfort (24° C vs. 25° C) and also to highlight the advantage of
sharing energy among buildings (isolated vs. connected setting). The performed simulations highlight the strong
interconnection between energy demand and generation, since the energy demand is dynamically changed in
such a way to exploit to the maximum extent the available solar energy. Energy consumption and thermal
comfort are strongly connected since the HVAC operation influence directly the energy absorbed, but also the
indoor climate. The figures and tables of this section will show the power consumption (in kW) and thermal
comfort (%) for each building and for the whole microgrid. The simulations have been run using historical data
from 3 days of July 2011 (July 5™ - 6" - 7). The figures show the results only for one day (July 5™), while the
tables collect the performance of the microgrid during the entire 3-day period. The results are organized
according to two groups: comparison of PCAO with the 24-isolated and the 25-isolated scenarios (with solar

energy delivered according to 55%-30%-15%), and comparison of PCAO with the 24-connected and 25-
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connected scenarios (with solar energy distributed proportionally to the energy demand). The comparisons are
made with respect to the controller obtained via the PCAO algorithm. Finally, in section 1V.3 a more advanced

DG/DR control strategy based on a genetic algorithm is used for comparisons.

1. Comparison with 24-isolated and 25-isolated

In this comparison the two base case scenarios distribute the solar energy according to the fixed proportion
30%-55%-15%, while PCAO distributes the solar energy proportionally to the energy demand of each building,
according to the Kirchhoff's circuit laws. Table Il shows the daily mean energy demand and the Fanger index
during July 5™ - 6™ - 7" for the aggregate microgrid under the different DG/DR control strategies. The total

aggregate cost, which is the sum of the previous two terms, is also shown.

Table 111. Simulation results (July 5™ - 6" - 7™"). The values refer to the daily mean calculated over the three days for the
aggregate microgrid. The red percentages indicate the cost increase with respect to the PCAO cost

Microgrid aggregate r ¥ Only DR
g costsgg g PCAO | 24-isolated 25-isolated (with isolated PV)

Violation 10% power | 5 in | 25 min 130 min 20 min
excess [min/day]
Violation 10% PPD . . . .
threshold [min/day] 0 min 0 min 85 min 15 min
Energy [KWh] 15.8 20.7/31.0% 16.9/7.0% 18.8/19.0%
Discomfort [%0] 4.3 4.5/4.4% 7.9/83.7% 5.8/34.9%
Total cost 20.1 25.2/25.4% 24.8/23.4% 24.6/22.4%

A comparison of the PCAO strategy with the two scenarios 24-isolated and 25-isolated reveals
improvements (with respect to the total cost) ranging from 23.4% to 25.4%. Note that, because of the presence
of loads that cannot be controlled, the improvements would be even bigger (ranging from 26% to 33%
respectively) if only the power consumption due to controllable loads is considered. The last column of table 11l
is also of interest: here the PCAO strategy is compared with a control strategy that optimizes the HVAC set
points, but without exchanging any solar energy among the buildings: this is a control strategy that
accomplishes only the demand response task, and it is thus called “Only DR”. Interestingly, despite the fact that
this strategy outperforms the two scenarios 24-isolated and 25-isolated, it is far from optimal: the improvement
of PCAO over this strategy is 22.4%. It is very interesting to note that the PCAO strategy achieves smaller
power consumption and better thermal comfort at the same time: the reason for this performance will be
explained in the section IV.2.

One of the reasons why PCAO can do better than “24-isolated” and “25-isolated” is related to the fact that
sharing solar energy is beneficial to the aggregate microgrids. This can be understood from figure 4, which

shows the 55%-30-15%, solar energy distribution against the energy distribution obtained by PCAO (before
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6am and after 6pm the distribution is constant because the optimization is off). Because of the fact that the
demand response of PCAO is highly dynamically changing through the day, the constant percentage of
distributed generation cannot be optimal. The percentage of solar energy delivered to each building should also
dynamically change, and this is one of the reasons why the results of the isolated base case scenarios are not
optimal: figure 4 reveals that, with respect to PCAO, 24-isolated and 25-isolated deliver too much solar energy
to buildings 1 and 3, and not enough solar energy to building 2. At the same time the optimal DG and DR tasks
are highly connected: this is the reason why optimizing the HVAC set points without sharing energy (last
column of table I11) gives a far from optimal solution. Table 111 also reports to what extent some constraints are
violated (in minutes/day): in particular, the constraints under consideration are the violation of 10% in
instantaneous power excess and the violation of 10% in instantaneous PPD. Note that these constraints are
tighter than the constraints (3) and (6): simulations reveal that (3), the violation of 15% in instantaneous power
excess only occurs for 40 minutes in 25-isolated, and (6), the violation of 15% in instantaneous PPD never
occurs. It is found that PCAO shapes the microgrid demand in such a way to have only for 10 minutes an excess

of power of 10%: furthermore, the thermal comfort is always below the recommended threshold of 10%.

Solar Energy Distribution PCAO Buildingl
80 g T g PCAO Building2
P PCAO Building3
0r B 7 \\; —————— 30% Buildingl
s 55% Building2
/—ﬁ/\/\// 1A
= 60 / 15% Building3
< /
> /
<y /
2 50 [ !
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<
[]
»n 40 '
k<]
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D
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O r r r r
0 5 10 15 20 25

ltimestep=1h

Figure 4. Solar energy distribution for each building under different control strategies: PCAO strategy (solid line) and
isolated 30%-55%-15% strategy (dashed line). Before 6am and after 6pm the distribution of solar power is constant because
no power consumption is occurring and the PCAO optimization is switched off.

2. Comparison with 24-connected and 25-connected

In this comparison each scenario distributes the solar power proportionally to the power demand of each

building. Figures 4-5-6 show the behavior of the base scenarios as compared with the PCAO control strategy,
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for each single building inside the microgrid. For better readability, the simulations refer only to July 5™. Even if
the distribution of the solar energy according to the Kirchhoff's circuit laws lead to improved results over the
proportional distribution 55%-30-15%, the PCAO strategy can still make a difference, due to the fact that it also
dynamically shapes the energy demand of each building. Table IV reveals improvements ranging from 20.4% to
20.9%. The improvements would be even bigger (ranging from 25% to 30%, respectively) if only the power
consumption due to controllable loads was considered. Table IV reveals that PCAO not only improves the total
cost, but also the energy cost and the thermal cost singularly. This seems to violate the idea according to which
improved thermal comfort requires more energy consumption: a close inspection of figures 5-6-7 reveals the
intelligent mechanism that allows the PCAO strategy to improve both power and comfort cost.

Table IV. Simulation results (July 5" - 6" - 7). The values refer to the daily mean calculated over the three days for the
aggregate microgrid. The percentage indicates the cost increase (in red) or decrease (in blue) with respect to the PCAO cost

Microgrid aggregate PCAO 24- 25-
costs connected connected

i i 0,
V|olat|on_ 10% power 20 min 0 min 95 min
excess [min/day]
Violation 10% PPD . . .
threshold [min/day] 0 min 0 min 85 min
Energy [KWh] 15.8 19.8/25.3% 16.3/3.2%
Discomfort [%0] 4.3 4.5/4.4% 7.9/83.7%
Total cost 20.1 24.3/20.9% 24.2/20.4%

Power Demand & Predicted Percentage of Dissatisfied people

6
2 4
=
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8 2
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a L PV base
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0 /
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Figure 5. Building 1. Power demand and thermal comfort under different control strategies: PCAO (black solid line), 24-
connected (blue solid line) and 25-connected (red solid line). The PV power is also shown (dashed lines).
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Figure 6. Building 2. Power demand and thermal comfort under different control strategies: PCAO (black solid line), 24-
connected (blue solid line) and 25-connected (red solid line). The PV power is also shown (dashed lines).
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Figure 7. Building 3. Power demand and thermal comfort under different control strategies: PCAO (black solid line), 24-
connected (blue solid line) and 25-connected (red solid line). The PV power is also shown (dashed lines).

Figures 5-6-7 show that the PCAQ strategy shapes the power demand in the following way: late in the
morning, when enough solar power is available, the HVAC units run at increased power so as to overcool the
building and achieve a good PPD score. In the afternoon, when less solar power is available, PCAO sacrifices
(in an optimal sense) the PPD index, because otherwise the buildings would be forced to absorb too much

energy from the central grid. Notice that the power consumption of PCAO in the afternoon is smaller than the
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power consumption of 24-connected and 25-connected.

Thus the PCAO strategy realizes that the buildings have a thermal inertia that can be exploited. This
intelligent mechanism allows the minimization of the energy consumption (improvements ranging from 3.2% to
23.5%, respectively) and of the thermal discomfort (improvements ranging from 4.4% to 83.7%, respectively) at
the same time. With the respect to the violation of constraints, it can be noted how, as expected, the isolated

setting wastes more redundant power than the connected scenario.

3. Comparison with genetic algorithm

The proposed four base case scenarios are common practice DG/DR control strategies which employ simple
rules: in order to compare the PCAO algorithm with a more advanced DG/DR control strategy, a genetic
algorithm (implemented in the Matlab Optimization Toolbox [53] by the function ga) has been adopted to
minimize the cost function (1). A genetic algorithm has been chosen, since this algorithm is adopted in many
simulation-based approaches [54]. The genetic algorithm optimizes the cost function (1) in a simulation-based
fashion, using a similar architecture as in figure 3. Three different implementation of the genetic algorithm have
been tried: in the first one the genetic algorithm attempts to optimize the 5671 elements of the symmetric matrix
P of the quadratic Lyapunov function. In the second implementation the genetic algorithm attempts to optimize
the 106x10=1060 elements of the linear feedback vector K that maps the 106 variables of the feedback vector of
section I11.4 into the 10 control inputs. Unfortunately, both implementations led to unsatisfactory results. In fact,
ever after thousands of iterations, the genetic algorithm was not able to provide relevant improvement with
respect to the 24-connected and 25-connected strategies (improvements smaller than 2% have been found). This
is probably due to the huge search space arising from the large number of parameters to be optimized. For this
reason, a less computationally expensive open-loop DG/DR strategy has been implemented: by open-loop
strategy it is meant that the DG/DR decide the daily profile of the HVAC set points not as a function of the state
of the microgrid, but as the result of a receding-horizon optimization. In this third implementation of the genetic
algorithm, the optimization is called to decide, from 6am to 6pm, the profile of 30 HVAC set points every 60
minutes: this profile results in 30x12=360 decision parameters, which can be better handled by the genetic
algorithm. The results of the third implementation of the genetic algorithm are shown in table V. The PCAO
algorithm can outperform the genetic algorithm by 10.1% in energy consumption, 18.6% in thermal comfort and
10.4% in total cost. Similar violations of power excess and PPD constraints are observed. The reasons for the
sub-optimal performance of the genetic algorithm might be that 360 decision parameters is still a big search

space for the genetic algorithm, and that the HVAC set points should be scheduled more often than every 60
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minutes (due to its closed-loop feedback nature, the PCAO algorithm can act on the HVAC set points

continuously).

Table V. Simulation results (July 5" - 61 - 7). The values refer to the daily mean calculated over the three days for the
aggregate microgrid. The red percentage indicates the cost increase with respect to the PCAO cost

Microgrid aggregate PCAO Genetic
costs

Vlolatlon. 10% power 20 min 20 min
excess [min/day]
Violation 10% PPD . .
threshold [min/day] 0 min 0 min
Energy [kWh] 15.8 17.4/10.1%
Discomfort [%6] 43 5.1/18.6%
Total cost 20.1 22.5/10.4%

4, Computational time

The simulation section is concluded with considerations about the computational time of the proposed
PCAO algorithm. A workstation with quad-core processor at 3.6 GHz, 10MB cache, RAM 8GB has been used
for the simulations. Working with a linear-in-the-parameters estimator of dimension 15000, and with N = 5000
candidate DG/DR controllers, the time required at each iteration to train the estimator (step 2 of table Il) is
around 1 minute. The time needed for the simulation-based evaluation of the controller (step 3 of table II)
requires running one EnergyPlus simulation: in 2-3 minutes it is possible to evaluate the performance of a
controller over a horizon of 8-10 days. Finally, steps 4 and 5 of table Il require another minute. The overall
update iteration (i.e. the secondary loop of figure 3) is therefore feasibly implementable online adopting a time
step of 10 minutes. It can also be considered that sometimes, because of safety reasons, the grid operator might
prefer not to change DG/DR controller from one time step to the other, and might prefer keeping the same
controller for the entire day. In such a situation, the PCAQ strategy can be adopted as an offline optimization
strategy. In this case both loops in figure 3 are performed offline and the optimization can run after 6pm outside
occupancy hours, till convergence, using the data collected during the last day, and possible weather predictions
based on historical data for the next day(s). In this offline mode it has been found that PCAO converges after
around 4 to 5 hours of calculations, after which the optimal DG/DR strategy of the microgrid over the next 2
days is obtained. As compared with a genetic algorithm with a population of 5000 candidate controllers (the
same number of candidate solution evaluated by the PCAQO estimator), the computational time required to
evaluate the performance index of the entire population is 2minutes/controllerx5000controllers = 7 days. In

fact, the computational advantage of PCAO is that the candidate DG/DR strategies are evaluated by the



606

607

608

609

610
611

612

613

614

615

616

617

618

619

620

621

622

623

624

625

626

627

628

629

630

631

632

633

estimator, and only the best one is evaluated via an EnergyPlus simulation. The total computational time is thus
drastically reduced. In order to reduce the computational effort of the genetic algorithm, the population of
candidate DG/DR controllers has been reduced to 300 and, in order to obtain the results of table V, the genetic

algorithm has been run for 1 week of calculations.

V. CONCLUSIONS

The paper presented a novel control algorithm for joint demand response and thermal comfort optimization
in photovoltaic-equipped interconnected microgrids. The main contributions of the paper were: (a) contrary to
many state-of the-art approaches that rely on simplified linear models, this paper employed a realistic nonlinear
microgrid modelled, modelled in an elaborate energy building simulation program (EnergyPlus), for the
synthesis and evaluation of the proposed control strategy; (b) the optimization was performed under a realistic
thermal comfort model (Fanger index), and the thermal satisfaction of the end user is part of the performance
index to be optimized; (c) the optimization of the energy demand via HVAC management is performed jointly
with the solar energy distribution; it was also shown that HVAC management leads to far from optimal results if
solar energy is not shared in the microgrid. Comparisons with rule-based DG/DR strategies have been
performed; the proposed algorithm showed improvements ranging from 23.4% to 25.4% with respect to rule-
based DG/DR strategies that do not share solar energy among buildings, and improvements ranging from 20.4%
to 20.9% with respect to rule-based DG/DR strategies that share solar energy among buildings. While the base
case scenarios achieved good thermal comfort only at the expense of very high energy consumption, or low
energy consumption at the expense of unacceptable thermal comfort, the proposed optimization algorithm
integrated the microgrid with the photovoltaic system and sensibly reduced dependence from the central grid.
Improvements of 10.4% with respect to an alternative genetic-based DG/DR strategy have also been achieved.
The proposed DG/DR strategy achieved the optimal between the following tasks; the energy absorbed from the
main grid was reduced, the energy demand of each building was balanced with the solar energy, while taking
into account the thermal comfort of the occupants. The intelligent mechanism leading to improved performance
can be summarized as follows: while dynamically changing the HVAC set points, the proposed algorithm
exploited the thermal inertia of the buildings to reduce the cooling action during the afternoon, when the solar
energy decreases, because otherwise the buildings would be forced to absorb too much energy from the central

grid. This intelligent mechanism was performed while improving at the same time the thermal comfort.
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