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Directional Airflow for HVAC Systems

Milad Abedi

(ABSTRACT)

Directional airflow has been utilized to enable targeted air conditioning in cars and airplanes
for many years, where the occupants could adjust the direction of flow. In the building sector
however, HVAC systems are usually equipped with stationary diffusors that can only supply
the air either in the form of diffusion or with fixed direction to the room in which they have
been installed. In the present thesis, the possibility of adopting directional airflow in lieu
of the conventional uniform diffusors has been investigated. The potential benefits of such
a modification in control capabilities of the HVAC system in terms of improvements in the
overall occupant thermal comfort and energy consumption of the HVAC system have been
investigated via a simulation study and an experimental study. In the simulation study, an
average of 59% per cycle reduction was achieved in the energy consumption. The reduction
in the required duration of airflow (proportional to energy consumption) in the experimental
study was 64% per cycle. The feasibility of autonomous control of the directional airflow, has
been studied in a simulation experiment by utilizing the Reinforcement Learning algorithm
which is an artificial intelligence approach that facilitates autonomous control in unknown
environments. In order to demonstrate the feasibility of enabling the existing HVAC sys-
tems to control the direction of airflow, a device (called active diffusor) was designed and
prototyped. The active diffusor successfully replaced the existing uniform diffusor and was
able to effectively target the occupant positions by accurately directing the airflow jet to the
desired positions.



Directional Airflow for HVAC Systems

Milad Abedi

(GENERAL AUDIENCE ABSTRACT)

The notion of adjustable direction of airflow has been used in the car industry and airplanes
for decades, enabling the users to manually adjust the direction of airflow to their satisfaction.
However, in the building the introduction of the incoming airflow to the environment of the
room is achieved either by non-adjustable uniform diffusors, aiming to condition the air in
the environment in a homogeneous manner. In the present thesis, the possibility of adopting
directional airflow in place of the conventional uniform diffusors has been investigated. The
potential benefits of such a modification in control capabilities of the HVAC system in terms
of improvements in the overall occupant thermal comfort and energy consumption of the
HVAC system have been investigated via a simulation study and an experimental study.
In the simulation study, an average of 59% per cycle reduction was achieved in the energy
consumption. The reduction in the required duration of airflow (proportional to energy
consumption) in the experimental study was 64% per cycle on average. The feasibility of
autonomous control of the directional airflow, has been studied in a simulation experiment
by utilizing the Reinforcement Learning algorithm which is an artificial intelligence approach
that facilitates autonomous control in unknown environments. In order to demonstrate the
feasibility of enabling the existing HVAC systems to control the direction of airflow, a device
(called active diffusor) was designed and prototyped. The active diffusor successfully replaced
the existing uniform diffusor and was able to effectively target the occupant positions by
accurately directing the airflow jet to the desired positions.
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1 Introduction

Numerous studies have endeavored to improve the performance of Heating, Ventilation,
and Air-Conditioning (HVAC) systems in terms of occupant thermal comfort and energy
expenditure. In the US, buildings are responsible for consumption of 39% [1] of the total
energy. HVAC system are responsible for 44% [2] of the energy consumed in commercial
buildings and 48% [3] of the energy consumption in residential buildings, resulting in high
incentives for any effort towards higher energy efficiency of HVAC systems.

In the traditional approach to HVAC control, the control process is designed around
the notion of the HVAC systems’ responding to the temperature set-point requirements of
the controlling thermostat. In so doing, a number of unwarranted assumptions have been
made with regards to occupant comfort tendencies and thermal zone properties. Firstly, the
ambient temperature at the location of the controlling thermostat is not necessarily the same
as the ambient temperature at the vicinity of the occupant.

In an attempt to render the existing HVAC systems more responsive to the thermal
comfort needs of occupants while avoiding intrusive modifications of the inner operations
and the control logic of the existing HVAC systems, researchers [4-6] have proposed control
frameworks where the temperature set-point of the controlling thermostat would be driven
in accordance with the thermal comfort preferences of the occupants. Notwithstanding the
relative success of this strategy in improving the conventional control approach, further
improvements are possible. For instance, it is a common occurrence that one thermostat is
used to control the HVAC system dedicated to a zone consisting of multiple rooms. In this
scenario, in response to thermostat temperature set-point requirements, the HVAC system
will direct the air to all rooms in the zone regardless of their state of occupancy, resulting in
unnecessary energy loss due to directing the conditioned air to rooms where there is no need
for it.

An intuitive solution (called zoning) to the aforementioned short-coming is to enable
room-level binary control in which, the HVAC system would be able to open and close the
air-vent to each room in accordance with requirements of thermostats installed in each room,
thereby resulting in a further level of control granularity. While the level of control achieved
by the zoning solution allows for energy savings, the zoning solution still views each room as
a uniform entity and does not take into account the variations in temperature distribution
through the room.

In this thesis, in an effort to account for the non-uniformity of the thermal properties in the
room space, the idea of directional airflow has been investigated. While in the conventional
HVAC systems the conditioned air is diffused uniformly through the room environment, in
this thesis the notion of directional airflow has been investigated as an improvement upon
the traditional uniform diffusion approach. By utilizing directional airflow, a local area of
comfort can be created in the vicinity of the occupant, thereby avoiding the need to condition
the air in the entirety of the space, resulting in savings in energy expenditure.

This thesis consists of three studies as follows. In the first research study, a Computational
Fluid Dynamic (CFD) model of a typical office room was augmented by machine learning
algorithms to study the potential benefits of directional airflow on HVAC energy consumption
and overall occupant thermal comfort in a simulation setting. In the second research study,
the feasibility of autonomous control of the direction of airflow at the point of the ceiling air



vent, subject to privacy constraints was investigated. To do so, outputs of a CFD model of a
typical office room were used to build a simplified model of the thermal environment of the
room, in which the effect of the directional airflow could be simulated. The Reinforcement
Learning (RL) algorithm was utilized as the control algorithm, operating in the absence of
knowledge about the location of the occupant to obviate the need for utilization of intrusive
indoor localization technologies. In the third research study, a robotic device (called the
active diffusor) was designed and built that would allow the HVAC system to control the
direction of airflow. The active diffusor has been designed such that it could readily replace
the existing uniform diffusors. In the third paper, the feasibility of the active diffusor has
been studied in terms of its capability in effectively directing the airflow jet towards the
direction of interest and the energy saving potential of utilization of such a device.
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2.1 Introduction

Thermal comfort, defined as “that condition of mind which expresses satisfaction with the
thermal environment and is assessed by subjective evaluation” [7], has been the subject of
many research efforts during the last decades. While the comfort itself is a valid objective for
research, it has also been established that increase in thermal comfort often leads to decrease in
energy consumption. This is particularly encouraging due to the considerable contribution of
HVAC systems to the total energy consumption. In the US, buildings are responsible for 40%
of the total energy consumption [1], and 48% of the energy consumed in residential buildings
is used by HVAC systems [3]. In commercial buildings, HVAC systems are responsible for 44%
of the total energy consumption. [2] Current thermal comfort models such as the Predicted
Mean Vote model [7] depend on a set of environmental and human parameters such as air
temperature and metabolic rate. However, in real-world applications, lack of information
about the specific occupant and the environment often leads to conservative assumptions.
These assumptions in return lead to sub-optimal HVAC performance. Several research efforts
[4, 8-18] have focused on personalized HVAC control systems so as to adjust the HVAC
system according to the occupant-specific thermal comfort tendencies to avoid making overly
general assumptions. The other aspect of the problem, namely the estimation of relevant
environmental parameters also presents a challenge especially considering the infeasibility
of installing large number of sensors to better understand the environment. With the low
number of sensing points, the condition of the environment is assumed to be one of relative
uniformity thereby failing to take into account the effects of a non-uniform environment on
the occupant’s thermal comfort. Lack of sufficient awareness of the environment and the
consequent simplistic assumptions also affect the actions taken by HVAC system to improve
the occupant’s thermal comfort. Aside from the lack of information about the environment,
the inflexibility of HVAC system in terms of possible actions also limits the HVAC system’s
ability to produce an effective, environment-aware response. For instance, in a room with
several diffusors, a change in one diffusor’s airflow rate might be a sufficient action to ensure
the thermal comfort of the occupant but the HVAC system’s inability to control every single
diffusor would limit the control to a change in airflow rate of all the diffusors which can be
an ineffective action in terms of energy consumption. In our previous studies [4, 12-17] we
have established methods of evaluating thermal comfort of occupants that could address
the issue of lack of sufficient environment awareness in terms of its effect on evaluating the
occupant’s thermal comfort state. These methods also account for the natural differences
in the occupant’s thermal comfort parameters, thereby avoiding conservative assumptions
regarding the parameters in question, which can in return lead to higher thermal satisfaction
as well as lower energy consumption. In so doing, the occupant could be used as proxy for
sensing points. One of the potential merits of using the occupant as a proxy for sensing
points is that the HVAC system might be able to take more specific actions to satisfy the
occupant with lower energy consumption. Returning to the previous example of a room with
multiple diffusors, having a real-time understanding of the occupant’s thermal comfort state
can help the HVAC control algorithm take more effective actions. To address the problem of
lack of environmental information, we can use Artificial Intelligence (AI) learning algorithms
that explore the environment and learn as they interact with it thereby alleviating the need
for prior knowledge of the environment. One of such methods is Reinforcement Learning,



where an agent learns how to behave in an unknown environment by interacting with it.
While the current state of the literature on flexible HVAC systems in terms of control within
a thermal zone is very limited, a fair amount of research exists on a building level flexibility
of HVAC systems. Y. Tachwali et al. [19] designed a multi-zone HVAC controller equipped
with a wireless sensor network that was capable of directing the airflow only to the occupied
zones. In other studies, S.R West et al. [20] and F. Jazizadeh et al. [4] enabled a zone-level
temperature set-point control for an HVAC system with the objective of further reducing
running costs and CO2 emissions while maintaining occupant’s thermal comfort. Through
simulation of an entire floor with several rooms and offices and by using the occupancy data
gathered from monitoring the real-world counterpart of the simulated model, Y. Agarwal
et al. [21] studied the benefits of a zone level temperature set-point control based on the
occupancy state of each zone. In a subsequent paper, Y. Agarwal et al. [22] explored the idea
of using a network of occupancy detection sensors to enable a zone-level airflow control (on or
off). Benefits of control over the components of the HVAC system has also been explored. N.
Nassif et al. [23], in addition to the 70 zone-temperature set-points also controlled the inner
components of the HVAC system such as supply duct static pressure, supply air temperature
and chilled water supply temperature. In their study, M. Feldmeier et al. [9] extended the
level of control beyond the HVAC system, which was able to control zone-level temperature
set-points, and enabled the control algorithm to open and close windows as well. While the
smart control of the airflow direction by the HVAC system has not been properly studied, M.
Fountain et al. [24] explored the benefits of allowing the users to control the direction of flow
at the point of diffusion and also by using a desk fan. They concluded that enabling control
over the air-movement can lead to higher thermal satisfaction. As a first step in the way to
designing and building more effective HVAC system, in this paper we have sought to answer
the question of whether increasing the flexibility of the HVAC system in terms of control
over the direction of airflow could lead to higher overall occupant thermal satisfaction with
lower energy consumption. To do that a Computational Fluid Dynamic (CFD) model of a
room was developed and used to study the effects of direction of airflow on the performance
of the HVAC system. The performance of such a system was evaluated in term of energy
consumption. The results of the analysis were used to gain insight into the promises of such
a system and the challenges that the envisioned HVAC system would have to overcome.

2.2 Methodology

As noted, the objective of this paper is to investigate the effect of adjusting the direction of
airflow on the energy consumption of the HVAC system while taking into consideration the
thermal comfort state of the occupant. This objective has been pursued through a coupled
simulation consisting of physics-based modeling and machine learning-based prediction
algorithms. The simulation represents an occupant sitting in a room equipped with an HVAC
system with adjustable airflow direction.

2.2.1 Environment

A CFD model in the commercial software ANSYS Fluent [25] was developed to serve as the
simulation environment. The model represents a 6m x 4m x 2.5m room with a single diffusor
on one side and an exhaust on the other (Figure 1 (a)). Given the high computational cost
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of implementing the CFD model, the direction of the airflow was set to have a constant
30° angle with the ceiling so that the space of possible directions would become smaller
and easier to explore. Equations for conservation of mass, momentum and energy were
considered for an incompressible Newtonian fluid, and the Boussinesq model and the k — ¢
turbulence model were incorporated. The equations were solved by using the segregated
Pressure-Based Navier-Stokes (PBNS) numerical solver and the Semi-Implicit Method for
Pressure-Linked Equation (SIMPLE) algorithm was employed to solve the pressure-velocity
coupling. Gradient and pressure spatial discretization was performed through the least squares
cell based (LSCB) and the pressure staggering option (PRESTO!) approaches, respectively.
For time derivative discretization, a first-order implicit method with a time step of 0.1 seconds
was used. Discretization of energy, momentum, dissipation rate, turbulent kinetic energy and
discrete ordinate was performed using a second-order upwind. Previous studies by Park et al.
[26] and Wang et al. [27] have validated the use of these equations and models for natural
and forced convection in buildings. Through a grid resolution study the uniform grid spacing
of 14.2 cm was chosen. A detailed validation of the grid cell size was performed in the studies
by Park et al. [26, 28] and guided the cell size used here. The room is exposed to the warmer
outside environment with a constant temperature of 30 °C (corresponding to a hot summer
day) through a wall on one side of the room (Figure 1). The solar intensity is constant at 1100
W/m?, which represents a southern-facing window at a latitude of 37°N. The window shades
are assumed to reflect solar radiation, but heat transfer is allowed through the windows.
The stone facade of the exterior office walls is made of dolomite (thermal conductivity is 1.5
W/mK') and conduction is modeled through the exterior walls. The diffusor has been modeled
using conventional 4-way louvre-bladed diffusors where the adjustable nature of the diffusor
is defined as boundary conditions using velocity, flow area opening, and corresponding blade
angles in each of the directions. The incoming airflow from the diffusor has a temperature
of 13°C and can be simulated at any direction and for any duration at the rate of 200 cfm
(0.0944 m?/s). In order for the CFD model to be representative of real-world scenarios
the CFD model was started from an initial condition and it was allowed to run for 180
seconds without any diffusion. During this period, the room exchanged heat with the outside
environment and thus a temperature gradient was created in the room. After the initial 180
seconds, the diffusor started to work and we continued to run the model with the diffusor
turned on for an additional 420 seconds, while recording the results at 10 second time steps.

2.2.2  Occupant

For simplicity, we have assumed that the simulated room will only host one occupant. The
occupant is assumed to be seated in a chair, the top of the head of the occupant being at a
height of 1.2 meters from the floor.
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Figure 1: (a) 3-D sketch of the simulated room. (b) The plan of the room in the CFD simulation. The
considered occupant locations have been identified by red dots.

The occupant is assumed to be stationary. The computations have been carried out for
77 different locations for the occupant, corresponding to a mesh of 11 by 7, with 50cm steps
(Figure 1 (b)). This configuration corresponds to assuming a uniform probability distribution
for the coordinates of the occupant in the room. To evaluate the thermal comfort state of
a simulated occupant at each step, a scaled version of the Proportion Comfortable model
presented by Daum et al. [18] (Figure 2 (a)) was used. This model presents a relationship
between the surrounding temperature and the thermal comfort index of the occupants. For
this study, the aggregate thermal comfort graph was normalized so that its maximum equals

1 (Figure 2 (b)).
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Figure 2: Thermal comfort index versus temperature. (a) The original model taken from [18]. (b) The scaled
model.

By using this model, the thermal comfort index can be calculated based on the tem-
perature in the vicinity of the occupant. At each time step of the CFD simulation, the
temperature surrounding the occupant is calculated by averaging the temperature at three



heights corresponding to the head, abdomen and ankles of the occupant. The average
temperature is then fed into the aforementioned model, which in return outputs the thermal
comfort index of the occupant.

2.2.3 Using Machine Learning Algorithms to Expand the Results of the CFD
Simulation

Given the prohibitive computational cost of running the CF'D model for every airflow direction
of interest, simulations were carried out only for a total number of 6 airflow directions as
illustrated in Figure 3. A number of machine learning algorithms (Regression Models) were
used to expand the results of the simulated 6 airflow directions to non-simulated directions of
interest. Based on an empirical validation process, the Gaussian Regression Process (GPR)
model was chosen. Using the CFD simulation results, a GPR model was trained that would
allow us to evaluate the changes in the occupant’s thermal comfort index in cases where the
direction of airflow was not among the 6 simulated directions.

(=]
4 W Diffusor
E Exhaust
1 \ Airflow Direction

Room

Outdoor

Pl EPAVEIIN ERTEVENEN EFEFRFETE IVEVIVITEN ERPRTIVE

6 5 53 2 1 0

Z (m)

Figure 3: The simulated airflow directions. All directions have a 30° angle with the ceiling.

2.2.3.1 Model Selection and Validation Given that the intention behind using a
regression model was to estimate the improvements in thermal comfort index in non-simulated
directions, we have tailored our validation approach to correspond to this objective. To
validate the performance of any regression model we completely eliminated the data belonging
to a single chosen direction from the training set and used it as testing data instead. For
instance, we trained the model based on the simulation results of directions 1, 2, 3, 5, 6
(leaving out direction 4). We then used the regression model to predict the results of the
simulation for direction 4, and compared the regression model’s predictions to the CFD
simulation results. This process was performed in each direction for all the 77 occupant
locations as shown in Figure 1 (b). Table 1 represents the average and minimum values for
the coefficient of determination (R?) for the testing data in each of the tests in the case of the
GPR model. For instance, the first row of Table 1 represents the validation results for the
case where the CFD simulation data for direction 1 were eliminated from the GPR model’s
training set. The R? values were calculated based on the testing data (belonging to direction
1) and predictions of the GPR model that was trained on the data for remaining directions.



Selection of the regression model to generalize the results of the CFD analysis was done
through an empirical validation process. The metric that was used for model selection is the
average of all the R? values. For instance, the value of this metric for the GPR model is the
average of all the values in the second column of Table 1. A number of well-known regression
methods were tested, and based on the overall validation results (Table 2) the GPR model
was selected. The Boosted Decision Tree Regression model, despite its higher R? score was
not chosen for reasons that have been explained at the end of this section. In Table 1, note
the lower value of the average and minimum R? in the case where the data belonging to
direction 2 was eliminated from the training data. This is not surprising, because once we
eliminated the data belonging to direction 2 there was no airflow direction in the training
data that had a component in the same direction as direction 2 (all the other directions have
an angle of 90° or more with direction 2). The results in Table 1 indicate that GPR is an
accurate and reliable approach for our needs.

Table 1: Validation Results for the GPR Model

Eliminated Direction | Average R? | Minimum R?
1 0.97 0.93
2 0.60 0.47
3 0.91 0.87
4 0.97 0.92
5 0.93 0.87
6 0.98 0.91

Table 2: Model selection based on average overall R?

Regression Method Average Overall R?

Boosted Decision Tree Regression 0.98

Gaussian Process Regression 0.89

K Nearest Neighbors Regression (K=5) 0.79

Multi-layer Perceptron Regression 0.58

Support Vector Regression 0.46

Linear Regression 0.45
fla) = XTW, y=f(a)+e (1)

Where w represents the model parameter vector and € is the noise which is assumed to
have a normal distribution as follows.

¢~ N(0,07) (2)
Assuming that the training data are independent, the likelihood is defined as:

ply | X, W) = [ plys | 20, W) = N(XTW, 021) 3)

i=1



Assuming a zero mean Gaussian prior probability with a covariance matrix of ¥, we have:
W~ N(0,%,) (4)

(v [, x) = P D) )

After some mathematical manipulation, we would arrive at the following conclusion.

p(W | X,y) ~ N(W,A™) (6)

Where:
A= L XXT 4yt 7
W =0,24""Xy (8)

To make predictions for a test case we would average over all possible parameter values
w, weighted by their posterior probabilities. Thus the predictive distribution for f, £ f(X,)
at X, is given by:

1

The strength of the GPR models stems partly from their capability in utilizing the notion
of kernels (for further readings see ref. [29]).

2.2.3.2 GPR Model Overview Inputs to the GPR model are the airflow direction, the
duration of airflow, and the initial thermal comfort index of the occupant (Figure 4). The
first two parameters, namely the direction and duration of airflow define the actions that the
proposed HVAC system can take. The initial comfort index of the occupant encapsulates a
number of human and environmental variables. The output of the GPR model is the amount
of improvement in the thermal comfort index of the occupant as a result of the action that
was taken by the HVAC system (Figure 4).

Inputs Output
Airflow Direction
. . Gaussian Process Changes in Occupant’s
—J S _— >
Airflow Duration Regression Model Thermal Comfort Index

Initial Thermal
Comfort Index

Figure 4: Overview of the GPR Model.
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2.2.3.3 Evaluation of the Boosted Decision Tree Regression (BDTR) Model
While the higher value of the average R? metric in the first glance suggests a superior
performance for the BDTR model, upon closer inspection, we came to the conclusion that
the BDTR model might not be representative of the CFD simulation results. Our analysis
indicated that the BDTR model might have over-fitted the model to duration of flow (one of
the inputs to the model) and as a result may have not been able to represent the effect of
airflow direction on improvements in the occupant’s thermal comfort index. To show that
the BDTR model does not capture the relationship between the direction of airflow and the
model output, we trained the BDTR model by using the data belonging only to direction 2
and then used the trained model to predict the improvements in thermal comfort index for all
the other directions. The average testing R? for this analysis was 0.98 which indicates that
the results of the CFD simulation for airflow direction 2 was enough to predict the results for
all the other direction, meaning that the airflow direction is inconsequential when it comes
to improvements in the thermal comfort index of the occupant. If this were true, then the
first hypothesis of this paper, namely that the direction of airflow has a significant effect
on the thermal comfort index of the occupant would have been proven false. While R? is a
well-known metric for validation or rejection of regression models, it is a single number and
it does not provide enough insight into the underlying mechanism of the model. In order to
gain further insight into the results of the BDTR model, we introduced the following error
definition for any given data point in our data set.

Absolute Error; = |PV; — TVj| (10)

Where PV is the predicted value given by the regression model and TV is the true value
obtained from the CFD simulation. To investigate the relationship between the BDTR
model’s performance and the Duration of Airflow parameter, a BDTR model and a GPR
model were trained on the data belonging only to direction 2 and then they were used to
predict the improvement in thermal comfort index for an occupant sitting at (X=3.5, Z=5.5)
for all the other simulated airflow directions. Figure 5 (a) represents the absolute error of the
BDTR model’s predictions and its relationship with the duration of airflow.
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Figure 5: Absolute Prediction Error of regression models trained only on the data belonging to airflow
direction 2 (a) BDTR model (b) GPR model.

As shown in Figure 5 (a), in the case of BDTR the data points that have a longer duration
of flow have been predicted more accurately than those that have a lower duration of flow.
This is not surprising, given our suspicion that the BDTR model gives more weight to the
duration of flow than the other parameters. Long duration of flow creates a more uniform
environment in the room and the effect of the direction of airflow is lessened compare to
the situations where the duration of flow is limited. Therefore, in the situations with longer
duration of flow, the duration of flow becomes the dominant parameter, which is why the
BDTR model makes better predictions in those cases. For these reasons we suspect that the
BDTR model has not been able to capture the relationships between the airflow direction
parameters and the output, but instead has heavily relied on the duration of airflow to
the detriment of the other parameters. The unrealistically high value of the coefficient of
determination can be accounted for by the outlier effect, since the data points to which
the model has shown the best fit are those that have a considerably longer duration of flow
compared to the majority of the data points. In contrast to the BDTR model, the GPR
model has not ignored the effects of airflow direction by relying heavily on the duration
of flow parameter, which is why in Figure 5 (b) the values of absolute error of prediction
for the GPR model have not followed the same trend as Figure 5 (a). Further analysis is
required to determine if the BDTR model’s overall performance is poor, but the represented
evidence strongly indicates that the performance of the BDTR model is not as impressive as
the R2 values indicate. Given that such a comprehensive evaluation requires more data than
available to us, in the interest of time and efficiency we have chosen to use the GPR model
instead.

2.3 Results
2.3.1 Dynamics of the Environment
The presented results in this paper are intended to reflect the potentials that the proposed

HVAC system has in terms of savings in energy consumption. Figure 6 (a) presents the
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amount of improvement in the thermal comfort index of the occupant when the HVAC system
has been working for a duration of 60 seconds in the CFD Model. By using the trained
GPR Model the improvements in thermal comfort index for non-simulated directions have
been computed. According to Figure 6 (a) the suitable direction of the airflow for the given
duration and environment is one that directs the airflow towards the occupant. Note that the
shown energy-efficient airflow direction in Figure 6 (a) is not among the 6 simulated cases
(Figure 3), rather it is the prediction of the GPR Model.
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Figure 6: Effect of direction of airflow on changes in the thermal comfort index (Duration=60 seconds)

Figure 6 (b) shows the improvements in the thermal comfort index of an occupant sitting
in a different location. Similar to Figure 6 (a) the results belong to the case, where the
HVAC system has worked for a duration of 60 seconds. The contrasts between Figure 6
(a) and Figure 6 (b) shed light on challenges that the control system will have to face and
overcome. According to Figure 6 (b) in that situation the efficient direction of airflow is not
in the direction of the occupant. As mentioned before, in our simulated CFD Model and the
trained GPR Model the direction of the airflow has been constrained so that there exists a
30° angle between ceiling and the airflow direction. Thus, if the occupant is sitting close to
the diffusor, setting the airflow direction towards the occupant would result in a situation
where the airflow passes above the head of the occupant by a distance. This limitation in
the flexibility of the simulated HVAC system has made the problem of finding the efficient
direction of airflow considerably more complex. The energy-efficient direction of airflow in
Figure 6 (b) is one that hits the walls first. Note that despite the geometrical symmetry of
the room (with respect to the X=2 line), the improvements in the thermal comfort index
are not symmetric. This can be explained by taking into account that one of the walls is in
contact with outside warm air which creates a temperature gradient within the room that
causes the aforementioned non-symmetric behavior.

As demonstrated by the drawn contrasts between Figure 6 (a) and Figure 6 (b), the
optimal behavior of the HVAC system is affected by many parameters such as the airflow
dynamics of the room, the imposed temperature constraint and properties related to the
occupant. In real-world applications other issues such as barriers (desks, monitors, etc.) can
potentially cause further complexity. The control algorithm must be able to learn the optimal
behavior despite all of these complexities, while requiring only a minimum number of sensors.
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2.3.2 Energy Consumption

In this section, we have examined the potentials for reduction in energy consumption that the
proposed flexibility in operation of HVAC system will be able to facilitate. A common practice
in HVAC control studies is to define the thermal comfort as a constraint and then minimize
the energy consumption of the system. For the purposes of this section, the minimum thermal
comfort index will be set to 0.95. The underlying hypothesis is that the energy consumption
of a smart, comfort driven HVAC system is sensitive to the variations in the airflow direction
at the point of diffusion. Using the CFD simulation and the trained GPR Model, we have
computed the duration of airflow necessary for each airflow direction to bring the occupant
to the desired thermal comfort index. Since the airflow rate is equal for all directions, for
the purposes of this study we will assume that the energy consumption is proportional to
the duration of airflow. However, we must be mindful that the relationship between airflow
and energy consumption is not necessarily linear in all settings. Figure 7 demonstrates the
relationship between the horizontal angle of airflow and the duration of airflow (proportional
to energy consumption). The horizontal axis shows the angle between the airflow direction
and the direction of the occupant from the diffusor, while the vertical axis shows the duration
of airflow required for the occupant to reach the desired thermal comfort index. Positive and
negative values on the horizontal axis respectively indicate counter-clock-wise and clock-wise
angles between the direction of the occupant and the direction of airflow. The solid line (red)
shows the average results for the cases, in which the occupant is sitting at locations where
Z=0.5 or 1 or 1.5 (21 locations), with the shaded area representing a variation of one standard
deviation from the average. The dash line (blue) belongs to the case where the occupant is
sitting at (X=2.5, Z=1.5). In Figure 7 the efficient direction of airflow is the direction that
blows the air in the direction of the occupant since this direction has a lower duration of
airflow and therefore a lower level of energy consumption. Also note that the consistency
of the results for different occupant location as demonstrated by a relatively narrow shaded
area corresponding to a smaller standard deviation Figure 8 is similar to Figure 7, except
that the occupant is sitting closer to the diffusor at locations where Z=4.5 or 5 or 5.5 for
the solid line (red) and the corresponding location to the dash line (blue) is (X=2, Z=4.5).
Unlike the previous case, here the efficient angle of airflow is not at the same direction as the
occupant’s location. Note the more complex behavior and lack of consistency in Figure 8
compared to Figure 7 that is a result of the airflow dynamics of the room and the limitations
of the HVAC system.
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Figure 7: Required duration of airflow in the CFD model that brings the occupant to the desired thermal
comfort index versus the deviation angle from the location of the occupant.
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Figure 8: Required duration of airflow in the CFD model that brings the occupant to the desired thermal
comfort index versus the deviation angle from the location of the occupant.

To examine the second hypothesis of this paper, namely that significant energy savings
can be achieved by using flexible HVAC systems, we will assume a uniform probability
distribution for the location of the occupant (occupant has an equal probability of sitting in
any location in the room). To account for this assumption, we use the uniformly distributed
occupant location presented in Figure 1 and then we average over all user locations. The
percentage of energy savings for each direction is calculated in comparison to the uniform
diffusion.

E;
Energy Savings for direction i = 100 X (1 - E—> (11)
uniform
E; is defined as the amount of Energy needed to bring the occupant to the 0.95 thermal
comfort index while diffusing the air in direction i. FEypiform is defined as the amount of
Energy needed to bring the occupant to the 0.95 thermal comfort index with a uniform
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diffusion. The average of the results for all the airflow directions (from 1 to 360 degrees by a
1° step size) has been used as an estimate for uniform diffusion. As mentioned before, the
airflow rate is constant in our simulations, so the energy consumption is proportional to the
duration of airflow. Assuming that a control algorithm can effectively identify the optimal
airflow direction, we compute the Maximum Energy Savings for each occupant location.

Mazimum Energy Savings = maxi(lo() X (1 — i)) (12)
uni form

For each one of the 77 occupant locations the Maximum Energy Savings has been

calculated. According to the results, the average amount of energy saved by using the

envisioned HVAC system with a competent control algorithm is 59% per cycle. The amount

of the saved energy varies between 20% and 92% per cycle, depending on the location of the

occupant. The histogram in Figure 9 provides some insight into the potential savings that
the proposed system can yield.
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Figure 9: Histogram of the Maximum Energy Savings per cycle achieved in the 77 considered occupant
locations.

Figure 10 allows for a better understanding of the relationship between the occupant’s
location and the potential for savings in energy consumption by using the proposed platform.
According to Figure 10, in locations that are closer to the diffusor higher savings can be
achieved. This should be taken into account when choosing the location of a diffusor or the
number of diffusors in a real-world building. Note that the actual amount of energy savings
brought on by the proposed HVAC system also depends on the number of heating/cooling
cycles. It is likely that the envisioned HVAC system would have to go through a higher
number of operation cycles compared to the case of uniform diffusion.
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Figure 10: Potential energy savings (per cycle) for each of the considered occupant locations.

2.4 Conclusion

In this paper, we introduced the idea of HVAC systems with more flexibility in terms of
possible actions they can take within a thermal zone. A specific case of such HVAC systems,
namely an HVAC system that is capable of adjusting the direction of airflow was investigated.
A CFD model of the described setting was created and the results of the simulation were
further generalized by using Gaussian Process Regression method to alleviate the need to
perform a large number of computationally expensive CFD Simulations. The results indicate
that the idea of enabling the HVAC system to have control over the direction of airflow
at the point of diffusion, offers a very promising prospect. The average energy savings of
59% per cycle (assumed to be proportional to the airflow duration) in comparison to a
uniform-diffusion HVAC system calls for further research into this potentially effective and
underexplored area of research. Notwithstanding the demonstrated promise of the proposed
ideas, the results show that a successful real-world design and implementation of such systems
is predicated on effectively addressing the complexities and barrier that lie in the way. One
of the challenges that such a system will face is the issue of designing an effective control
algorithm. It was discussed in the previous sections that the optimal response at each state,
as well as the potential for energy savings dramatically varies with parameters related to the
occupant’s location, the limitations of the HVAC system and the airflow dynamics of the
thermal zone. Taking into account the infeasibility of installing a high number of sensors, the
control algorithm must be capable of learning how to effectively control the HVAC system
while using only a minimal amount of information. The envisioned HVAC system should also
address the ventilation requirements. Our future line of research will focus on creating an
interactive framework, in which an intelligent control algorithm would learn how to control
the HVAC system. We are also in the process of designing and executing relevant empirical
studies.
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3.1 Introduction

Enhanced control of Heating, Ventilation and Air-Conditioning (HVAC) systems has been the
subject of numerous research efforts. Improvements in the operation of HVAC systems have
been sought in two areas of HVAC energy consumption and occupant thermal comfort. In the
United States, buildings consume 39% [1] of the total energy, with the HVAC system being
responsible for 48% [3] and 44% [2] of the energy consumption in residential and commercial
buildings respectively, resulting in high incentives for energy efficiency improvements.

In the conventional control methods, the HVAC systems are configured to conform to the
temperature requirements of a space (measured at the location of a thermostat), assuming that
the temperature set-point of the thermostat is a sufficiently accurate indicator of the thermal
comfort tendencies of the occupants. However, this assumption is not entirely accurate for a
number of reasons. Firstly, the thermal comfort state of the human subject often depends
on many parameters other than the surrounding air temperature, such as airflow velocity,
clothing, and metabolic rate [30]. Secondly, there is no guarantee that the temperature at the
arbitrary location of the thermostat is the same as the air temperature in the vicinity of the
occupant. One of the approaches taken to tackle the deficiencies in the conventional approach
to HVAC control is to account for personalized and contextual thermal comfort state of the
occupants in driving thermostat set points [4-6]. While this strategy helps improve upon
the conventional control approach, there could be room for improvement. For instance, in
a house with one thermal zone consisting of multiple rooms and a single thermostat, the
response of the HVAC system to changing the temperature set-point of the thermostat would
be to direct the conditioned air to all the zones, occupied and unoccupied alike until the
temperature at the location of the thermostat reaches a certain range. Logically, conditioning
the air in unoccupied zones serves no purpose and is an unnecessary energy expenditure.

An implemented solution to this shortcoming is to divide larger areas with a single
air conditioning system (i.e., a larger thermal zone) to a number of smaller zones with
individual thermostats and diffusors capable of binary operations (i.e., opening and closing).
By augmenting these systems with occupancy detection sensors, the HVAC system could
avoid excessive use of energy by conditioning the air only in occupied areas. However, these
systems are also subject to a number of limitations. As is the case in the conventional
approach to HVAC control, the zoning solution also suffers inaccuracies from assuming that
the thermal condition at the location of the thermostat is representative of the condition at
the location of the occupant. In reality the temperature might not be uniform across the
room and response of the HVAC system might not create a uniform change. Abanto et al.
[31] have demonstrated that the operation of the HVAC system in a particular room equipped
with uniform diffusors does not necessarily lead to a uniform temperature distribution within
the room.

In order to tackle the non-uniformity of temperature distribution we have investigated the
advantages of replacing the traditional uniform diffusors with devices that would enable the
HVAC system to control the direction of airflow at the point of the air supply. This approach
would allow the HVAC system to build a local climate surrounding the occupant (Figure
11) thereby obviating the need to condition the air in the entire room. This concept could
potentially improve energy efficiency and personalized thermal comfort in the environment.
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Figure 11: Uniform diffusion vs targeted airflow

We have demonstrated that enabling the HVAC system to control the direction of the
airflow at the location of the air-vent could lead to energy savings [32]. However, the success
of this solution is predicated on the ability of the HVAC system to learning the optimal
action strategy, that is the HVAC system must be able to determine the best direction of
airflow at the location of the air-vent. In this study, we have investigated the characteristics
and feasibility of a control framework that enables the HVAC systems to autonomously
determine the best airflow direction by accounting for energy consumption and occupant
thermal comfort.

A control framework based on the reinforcement learning (RL) approach, which is an
artificial intelligence (Al) learning method enabling a system to operate as an autonomous
agent, will be evaluated in this work. The proposed framework will aim to simultaneously
maximize the occupant thermal comfort while minimizing the energy consumption. It was
shown in a previous study [32] that the location of the occupant within the room was an
important piece of information to determine the best direction of airflow. However, for
the proposed framework herein, we sought to avoid introducing any knowledge regarding
the location of the occupant into the control framework. This decision was made in order
to address the privacy concerns that would arise from using effective indoor localization
technologies such as vision-based techniques.

The paper has been organized as follows. A review of the research efforts on user-centric
control in HVAC systems has been presented in Section 3.2. Section 3.3 presents the control
framework including the rationale for the choice of control algorithm, and different components
of the controller. In Section 3.4, the performance of the control framework has been evaluated.
Finally, Section 3.5 concludes the paper and presents future directions of our research.

3.2 Background Review

As a part of research efforts to enhance the operations of the HVAC systems, some researchers
have focused on designing and building HVAC control frameworks in which the occupant is an
integral part of the control process. The inclusion of the occupant in the control framework
is achieved through a multitude of approaches. The following is a concise discussion of the
current state of the literature in human-in-the-loop HVAC control. In order to achieve a
user-centric HVAC control, the framework must be capable of understating the needs of the
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user and be capable of addressing those needs.

A considerable portion of the literature on user-centric HVAC control uses the predicted
mean vote (PMV) model [30] for evaluation of the thermal comfort state of the occupants
6, 33]. However the PMV model has been designed to reflect the average thermal comfort
tendencies of a group of people rather than that of an individual. Therefore, a number of
studies have endeavored to build personalized frameworks for occupant thermal comfort
evaluation so as to render the HVAC control more occupant-centric. Among these approaches
are the participatory sensing frameworks (e.g. [4, 10, 13, 15, 17, 34-36]) in which, the
occupant is asked to provide the system with feedback regarding their thermal comfort
state and the feedback is then used to construct the control signal. In order to build a less
intrusive and more personalized control framework, other researchers [12, 37-41] have used
physiological measurements to evaluate the thermal comfort state of the occupants. All of
these efforts have been made to tackle the first requirement of a user-centric HVAC control
framework, i.e. the ability to understand the needs of the user (demand).

On the control side, one line of research is aimed at integration of user-centric operations
with minimal intrusion to the internal operations of the HVAC systems. Thus, these research
efforts have aimed to offer solutions for determination of the thermostat temperature set-point
that would take the thermal comfort state of the occupant into account. For example,
Bermejo et al. [6] have used fuzzy logic controllers to modify the temperature set-point of
the thermostat to optimize the thermal comfort state of the occupant as defined by the PMV
model [30]. In another instance, Nabil and Samir [5] have proposed a temperature set-point
controller that attempts to optimize the energy consumption of the HVAC system, while
accounting for the thermal comfort of the occupant via a predefined allowable temperature
range.

Other studies [33, 42-44] have tried to further modify the internal operations of the HVAC
system thereby achieving a level of control beyond adjusting the temperature set-point of the
thermostat. For instance, in an optimal control framework Nassif et al. [33] have extended
the level of control to include such components as “supply air temperature set-point”, and
“supply duct static pressure set-point” while the cost function is defined as a two-objective
function comprising of the occupant comfort and energy consumption components. The
occupant thermal comfort has been defined as the “predicted percentage of dissatisfied”, an
index that is defined base on the PMV model.

A number of studies have explored the potential benefits that might be achieved via
augmenting the existing HVAC systems with extra devices and sensors with minimal or
no modification in the inner components of the HVAC system. Lu et al. [45], Dong and
Andrews [46], Dong and Lam [47] used a network of sensors to detect the occupancy state
of the zones and to recognize occupancy patterns so as to use this information to turn the
HVAC system on and off. The periodic nature of occupancy patterns allows for building of
models that provide predictive knowledge of future conditions. This has enabled researchers
to successfully use model predictive control approaches, which allows them to incorporate
the foresight arising from the predictability of occupancy patterns in HVAC control[45-51].

Contrasting to this approach, a number of studies have proposed modifications to the
HVAC system that would enable the existing systems to control the airflow to each room
thereby resulting in a more fine-grained level of control [52]. In conjunction with the network
of sensors that add the ability to detect and predict the occupancy state of each room, it is
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possible for the HVAC system to focus its operation only in occupied areas. For instance,
Feldmeier and Paradiso [9] developed a network of sensors and actuation hardware that
allowed the HVAC system to locate the occupants in the building, detect their thermal
comfort state via direct measurement of related parameters on the skin, and direct the air
only to the occupied areas.

In this study, we have sought to create further adaptation capacities in the HVAC system
by enabling control over the direction of airflow at the point of the ceiling air-vent. In so doing,
a considerable increase would be achieved in the level of fine control capabilities of the HVAC
system compared to other solutions. Permitting the HVAC system the ability to control the
direction of airflow, the control framework will no longer be subject to the limitations of
uniform diffusion paradigm. By virtue of the new action capabilities (i.e., control of airflow
direction), the system can forgo the assumption of a uniform temperature distribution within
the room and incorporate the variations in temperature distribution within the room and
its effect on the occupant. With the non-uniformity of the room environment, the control
over the direction of airflow could be utilized to leverage the non-uniform nature of the
environment towards a more pleasant and energy efficient user experience. For this objective
to be realized, a control framework capable of addressing the complexities of the environment
must be developed. Moreover, the framework must be able to address the privacy concerns
surrounding the indoor localization technology, by being capable of operating in the absence
of knowledge regarding the location of the occupant.

In view of the above-mentioned requirements, we have chosen RL to serve as the control
algorithm in charge of driving the direction of airflow. In context of RL, the control algorithm
will learn based on the information gathered through interactions with the environment where
the agent will receive feedback (reward) from the environment with regard to the favorability
of the action taken. Through iterations of this interaction the agent will learn the appropriate
behaviors, which is the action policy that leads to the maximum expected overall reward.

In recent years, researchers in numerous fields have turned to RL to address their needs
for reliable, autonomous control algorithm that could handle the complexities of the control
process. The intuitive nature of the notion of reward function, and the obviation of the
need to have prior models of environmental processes has also encouraged researchers in the
field of building systems control to utilize RL. For instance, in a simulation-based study,
Chen et al. [53] used RL to enable autonomous control of the HVAC and window systems
where the RL agent is able to turn the HVAC system on and off in addition to being able
to open and close the windows. The reward function has been designed to penalize against
energy consumption and deviation from the target temperature and humidity. In another
simulation based study, Baghaee and Ulusoy [54] have used RL to control the ”ventilation
rate” of the HVAC system. The reward function in this study was designed so as to penalize
against deviations from the desired CO, content and energy consumption. Wei et al. [55]
have investigated the feasibility of utilizing Reinforcement Learning for control of the HVAC
system in a simulated environment. In their study, the agent is capable of choosing the airflow
rate to each zone. Their designed reward function penalizes against the cost and deviations
from the temperature set-point. In another simulation based study, Fazenda et al. [56] have
used RL to control the temperature set-point of the HVAC system in accordance with the
occupancy-related behaviour of the occupants so as to improve comfort of the occupants as
well as the energy consumption of the HVAC system.
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In this study, we have evaluated the potential of Reinforcement Learning to serve as the
autonomous control algorithm that will guide the expanded adaptive capacity created by
enabling the HVAC system to have control over the direction of airflow. The performance of
the RL algorithm has been evaluated in terms of its ability in operating subject to a dearth of
information regarding the location of the occupant, brought on by privacy concerns. In order
to evaluate the performance of the RL algorithm under real-world training-time limitations,
we have introduced constraints on RL training time. Moreover, the intuitive design of the
reward function makes it easy for the end-users to convey their comfort/cost expectations to
the control framework to enable a more personalized control objective.

3.3 Reinforcement Learning as the Control Algorithm

Selection of the Reinforcement Learning algorithm as the control algorithm in charge of
adjusting the direction of airflow, was based on certain contextual requirements. Firstly, given
the fact that the location of the occupant is a major factor in determining the best direction of
airflow at the air-vent, knowledge of the relative location of the occupant can be an invaluable
piece of information for the control algorithm. However, utilization of indoor localization
technology will introduce a number of privacy concerns. In order to address privacy concerns,
the control algorithm must be capable of performing in the absence of information about
the location of the occupant. Secondly, a number of thermal zone properties such as room
dimensions and location of the air-vent can have a major influence in determining the best
direction of airflow. However, in order for the control algorithm to be capable of performing
in a variety of environmental settings, the control algorithm must be capable of performing
in the absence of prior information about the properties of the environment. In other words,
the control algorithm must be able to learn through exploration of the unknown environment.
These considerations have driven us towards choosing RL to serve as the control algorithm.
The following is a discussion of components of the RL control framework.

3.3.1 State

In order for the control algorithm to choose an action, first it must have an understanding
of the current situation. The knowledge of the current situation is given to the RL agent
via the definition of the State. State, is the information given to the agent (often an array
of numbers) regarding the environment in so far as it relates to the operations of the RL
agent. In this study, we have defined the state to be the temperature at the location of the
occupant. In real-world scenarios the ambient temperature at the location of the occupant
can be easily measured given the ubiquity of various types of temperature sensors.

3.3.2 Action

In each interaction with the environment, the agent is capable of choosing the direction
of airflow, represented by a unit vector of length 3 corresponding to X,Y, and Z axes. In
addition to the direction of flow, the agent is also capable of choosing the duration of flow for
the interaction in question. Thus in each interaction the agent will determine the element
values for an array of length 4 where the first 3 elements represent the unit direction vector
and the 4" element determines the duration of flow.
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3.3.3 Reward

In the context of Reinforcement Learning, Reward is a scalar that represents the feedback
from the environment to the actions taken by the agent. The agent will receive higher rewards
for favorable actions and by contrast it will receive lower rewards for unfavorable actions.
Definition of the rewards is one of the most challenging steps in designing an RL controller
as any error in the definition of the reward function will inevitably lead to error in the
performance of the RL agent. Also the definition of the reward could have a significant effect
on the training time of the RL agent.

To define the reward in the context of HVAC system control, we have examined our
expectations from the control agent and constructed the definition of the reward so as to
meet those expectations. As discussed in the Introduction section, the ideal control algorithm
should be able to improve the thermal comfort state of the occupant while using a minimum
amount of energy. In view of this objective, we have defined the reward as follows:

Reward = a1 X Apc —as X E (13)

Where:

Arc = Change in the thermal comfort state of the occupant
E = Energy consumed for taking the action
a1, as = Positive constants

By virtue of the definition of the rewards as shown in Equation 13 the agent will receive
higher rewards for actions that cause greater improvements in the thermal comfort state of
the occupant(s) and it will be penalized for the amount of energy it has consumed to take
that particular action. The constant coefficient of a; and as represent the relative importance
of the energy consumption versus the occupant thermal comfort. Choosing large values for
a1 and small values for as would indicate that the occupant is more concerned about the
thermal comfort and less concerned with the energy consumption. By contrast small values
for a; and large values for as would indicate that the occupant is more concerned about the
energy consumption than occupant thermal comfort. Thus the values of a; and ay are a
matter of personal preference and can be effected by considerations such as energy pricing.
This explicit definition will allow the end-users to intuitively convey their preferences to the
control framework.

3.3.4 Q-Function

In a given state (e.g. s; : Tp =26 °C) the agent should choose an action among all possible
actions such that the expected overall reward is maximized (see Equation 14). Note that
future expected rewards are discounted according to their latency.

o0

a; = argmax a(E[Z’}/t_TTT | S =5, A= a]) (14)

t=T

Where:
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A = Action

S = State

~v = Discount factor for future rewards
r, = Reward at time step T

In evaluating Equation 14, the agent will compare look for and choose the action that
will result in the largest value for the expected overall reward. The expected overall reward
given a particular state and action is called the Action-Value and is denoted by Qs ).

Qsa) = E[ivt_TrT | S=s;,A= a] (15)
t=T

In cases where the space of possible State-Action pairs is discrete and small, one could
use a table to store the values of Q) q) for each pair of s,a. However, as the number of
possible State-Action pairs increases, the tabular representation for ()(,,) becomes more
and more infeasible. In the case of controlling the direction of airflow, both the State space
and the Action space are continuous and therefore an infinite number of State-Action pairs
can be defined. In cases such as this a common approach (Function Approximation) is to
use a continuous function to represent (s.), and update the model parameters as more
information is observed (Equation 16).

~

Q(s,a) ~ Q(s,a) - f(s,a|9) (16)
Where:

Q(&a) = Approximation of Q)
0 = Model parameters

In choosing the model to represent Q(s,a) one must be careful not to impose unwarranted
restrictions on the Action-Value space. For instance if the ) has a highly non-linear
shape, choosing a linear model as the approximating model can lead to erroneous outcomes.
Perhaps the most challenging task in choosing an appropriate model for the Action-Value
function is the lack of prior information about the particular Q) q) in question at time. In
the absence of prior knowledge about the characteristics of (s, choice of models that can
mimic a wide variety of shapes can help avoid the aforementioned issues. In this study, we
have chosen a Gaussian Process Regression model to approximate ()(,,). Gaussian Process
Regression is a non-parametric regression model whose shape is determined to a great extent
based on the observed data rather than prior parameterization assumptions.

3.3.5 The Learning Algorithm

In the context of Q-Learning with Function Approximation, the task of learning is the training
of the Q(s,a). The following is the derivation of an iterative algorithm for updating the Q(s,a)
function. Per it’s definition, () function is the expected total discounted reward if the agent
takes action a, in the current state s, (Equation 17).

Quopary = E|re+ 3 47| = Bl r,| + 4-B[ 3 40| a7)
t=T+1 t=T+1
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After taking the action a, in the current state the reward r, will be received, and
substituting 7" = T + 1 in Equation 17 will result in:

Qspray) = Tr T W-E[th_T n} (18)
t=T
Using the definition of the @) function, Equation 18 can be rewritten as:

Q(5T7aT) = Tr + v Q(ST/ 7aT/) <]'9)

Given that the behaviour policy of the system is to take the action which maximizes the
value of the ) function, Equation 19 can be rewritten as:

Qespoap) =7 +7 MaXQ(s a ) (20)
T/

~ Equation 20 is then used to develop the following iterative update algorithm to train the
Q) (s,a) model.

Algorithm 1 Training the Q function
1: while A > Tolerance do

2 Y r,+y max, , Qs a )
3: A%HY_Q(

Sp ,aT)

4: Train Q via regression (Inputs = State — Action pairs; Output =Y)

5. end while

3.3.6 Exploration vs Exploitation

In the context of Q-Learning, at each state the RL agent could choose the action that
maximizes the value of QA(ST’QT) (acting greedily, also called Exploitation). However if the
agent were to always act greedily, there is a danger that the agent might not sufficiently
explore the possible range of actions. In order to force the agent to sufficiently explore the
environment as apposed to repeating a particular routine it deems to be best based on prior
experiences, we will force the agent to act randomly every now and then. In order to strike
a reasonable balance between exploration and exploitation, we will use an algorithm called
the € — Greedy algorithm. The € — Greedy algorithm will force the agent to act randomly at
each step with the probability of e.

_ Greedily  Probability =1 — €
Action = o
Randomly  Probability = €

As the time passes and agent becomes more experienced with a better understanding of
the environment, the unexplored portions of the State-Action space become smaller, and
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therefore there is less need for the agent to act randomly. For this reason, at each time
step we will decrease the probability of acting randomly. Accordingly, at time step ¢, the
probability of acting randomly has been defined in Equation 21:

€= % (21)

3.4 Results

In order to evaluate the performance of the developed control framework, we have designed a
synthetic environment in which to test the capabilities of the RL algorithm in controlling the
direction of airflow. To do so, the results of a CFD model of a typical room (Figure 12) with
a single diffusor and a single exhaust, developed in the commercial software ANSYS Fluent,
were used. The details of the simulation set-up and model properties can be found in [32].
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Figure 12: The room simulated in the CFD model

Due to high computational expense of running the CFD model, simulating airflow for
each direction of interest via the CFD model is not feasible. For this reason, results of CFD
simulations for 6 airflow directions (Figure 12(a)) were used as a bases to estimate the results
for other directions of airflow. We have used a Gaussian Process Regression (GPR) model to
estimate the results of the CFD analysis for non-simulated airflow directions [32]. To build
the simplified model of the thermal environment, the amount of change in the temperature
at the location of the occupant has been expressed in the following form:

AT‘oc = Fpur X Fpiy (22)
Where:
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AT,. = Change in the temperature at the location of the occupant
Fp. = Duration of Flow Factor
Fp;» = Direction of Flow Factor

AT, (C°)

Figure 13: The relationship between the Duration of Flow and the Change in Temperature at the location of
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The choice of this model was inspired by the observation that the relationship between
the change of temperature at the location of the occupant and the duration of airflow has the
same linear behaviour for different directions of airflow. In Figure 13 the amount of change
in temperature at the location of the occupant (for 4 different occupant locations) versus the
duration of flow for the 6 simulated airflow directions has been plotted. As can be seen in
Figure 13, the quasi-linear nature of the relationship between the duration of flow and the
AT,. does not change with the change in the direction of airflow.

29



T T T
0r ® CFD Results B
—— Degree 6 Polynomial (zero intercept)

| | | | | | | | |
0 50 100 150 200 250 300 350 400
Duration of Flow (Sec)

Figure 14: The relationship between Duration of Flow and the Change in Temperature at the location of the
occupant using the most effective direction of airflow (the direction causing the fastest change in temperature)

For a given location of the occupant, in order to build the simplified environment, the
Duration Factor (Fp,,) model will be built by measuring the temperature drop for different
durations of flow. To do so, of all the airflow directions, the direction that causes the greatest
amount of change in the temperature at the location of the occupant will be selected. For
this airflow direction, the Duration of Flow vs AT, relationship will be modeled via a degree
6 zero-intercept polynomial regression model as shown in Figure 14. The resulting regression
model will be used as the Duration Factor (Fp,,). Thus, the duration factor represents the
amount of change in the temperature at the location of the occupant for different durations
of airflow when the direction of airflow has been chosen such that it creates the maximum
change in the temperature . For other directions of airflow, the temperature change will be
calculated by multiplying the Duration Factor by a coefficient that captures the effect of
airflow direction (i.e. the Direction Factor).

The model representing the Direction of Flow Factor Fp;. will be built based on the
results of the GPR model that we developed to estimate non-simulated airflow directions.
Using this model we calculated a coefficient that will reflect the effect of direction of flow
as shown in Equation 22. To do so we will use the GPR model to measure the amount of
temperature change at the location of the occupant for different directions of airflow and
we will call it g(g) (theta represents the direction of flow). To obtain Fp; we will normalize
(e such that its maximum value equals 1 (Equation 23), corresponding to the most energy
efficient direction of airflow. An example of the Fp;,. function has been presented in in Figure
15 for an occupant sitting in (X=1, Z=1).

(23)
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Figure 15: Direction Factor for occupant sitting at (X=1,Z=1)

As for the representation of the human in the environment we have chosen to use the
model of the thermal comfort offered by Daum et al. [18] which defines the relationship
between the thermal comfort state of the occupant and the surrounding air temperature
(Figure 16(a)).
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Figure 16: Description of the occupant as a part of the environment

In order to evaluate the potential savings that could be achieved by enabling the HVAC
system to control the direction of the airflow, we have considered a total of 77 occupant
locations uniformly distributed within the room as shown in Figure 16(b). Starting from
the initial temperature of 26 °C, we have calculated the duration of flow required to bring
the occupant to the thermal comfort index of 0.95 (Figure 16(a)) for the optimal direction
of airflow (the direction of airflow that requires the shortest duration of flow) and for the
traditional uniform diffusion, calling them D,,;, & D, respectively.

In their 2014 paper Ghahramani et al. [4] demonstrated the existence of a linear relationship
between the airflow rate and the energy consumption. Under the assumption of a linear
relationship between the rate of airflow and the energy consumption, equation 24 estimates
the percentage of reduction in the required duration of flow for the directional airflow in
comparison to uniform airflow. Given the constant rate of the airflow in our simulated
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environment, the percentage of reduction in the required duration of airflow is approximately
equal to the the percentage of energy saved for the individual diffusor in question.

Du = Drmin Dm”") (24)

D’LL

In Figure 17(a) we have shown the potential for energy saving that can be reached by
enabling the HVAC system to control the direction of airflow for each of the 77 considered
occupant locations. As can be seen in Figure 17(a) the location of the occupant has a major
influence on the potential for energy saving. Also, occupant locations that are closer to the
diffusor have a higher energy saving potential since a smaller portion of the room needs to be
cooled in order to target the occupant. Moreover, in occupant locations that are closer to the
warmer wall (the wall in contact with the hot outdoor environment) the potential for energy
saving is lower than the locations that are further away from the warm wall. In Figure 17(b)
the histogram of the values calculated by equation 24 for the potential energy saving save
been presented. On average energy saving of %59 per cycle was achieved in the analysis of 77
occupant locations.
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Figure 17: Energy saving potential analysis

Studying the relationship between the direction of airflow and the duration of flow required
to bring the occupant to the desired thermal comfort level (thermal comfort index of 0.95)
can shed light onto the dynamics of the environment. To that end we have selected two
sides of the room in which to study the relationship between the direction of airflow and the
required duration of flow to reach thermal comfort targets (Figure 18). The results of this
analysis have been presented in Figure 19(a) and Figure 19(b).
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Figure 18: Energy saving potential analysis

In Figure 19(b) the duration of flow required to bring the occupant to the comfort level of
0.95 has been plotted against the direction of airflow (as defined in Figure 20). The red line
in Figure 19(b) is the average value of the required duration for 21 occupant locations on the
right hand side of the room as show in Figure 18. The shaded area in Figure 19(b) represents
one standard deviation from the mean. As reflected in the narrowness of the shaded area, the
dynamics in the right hand side are consistent and simple, where the most energy efficient
direction of airflow is one that directs the flow towards the occupant.
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Figure 19: Energy saving potential analysis

In contrast to the right-hand side, the dynamics of the environment in the left-hand
side are more complex as has been reflected in the wider shaded area (Figure 19(a)). The
Reinforcement Learning control agent must be capable of dealing with such complexities
in the room that could arise from the occupant’s choice of location or from the thermal
constraints inherent in the environment such as having a wall in contact with the hot outside
environment. In order to evaluate the performance of the RL control agent under the described
complexities, we have considered four occupant locations for our experiments as shows in
Figure 20. The chosen locations vary both in terms of their location characteristics as shown
in Figure 19, and their exposure to the thermal constraints of the environment as reflected in
their distances from the wall in contact with the hot outside environment.

33



Figure 20: Occupant locations considered in evaluation of the control algorithm

In order to investigate the performance of the Reinforcement Learning agent in controlling
the direction of the airflow at the point of the air-vent the RL agent was permitted to interact
with the Environment for a total of two cooling cycles. In each cycle, the RL agent was
allowed to change the direction of airflow 5 times, while observing the effect of each action
after taking it. The rationale behind restricting the length of the agent’s learning experience
before performance evaluation is to simulate a real world scenario where the directional
airflow has been enabled in a room. It is imperative that the controller be able to demonstrate
acceptable performance in a short amount of time after installation. Also the agent must be
able to quickly address any changes in the thermal environment of a room such as opening of
a window. In order for the agent to be able to react briskly to such changes, the learning
time for the agent should be as brief as possible.

At the end of the two cooling cycles, the agent has been trained based on a total of 10
experiences (5 interactions per cycle). At this point we made an inquiry about the RL agent’s
judgment regarding the optimal direction of airflow at the beginning of the day when the
air temperature surrounding the occupant (Sy) was approximately 26 °C. Since from the
perspective of the RL agent the optimal action is the one that incurs the greatest (s ) value,
the response of the agent to the inquiry would be as follows:

a,, = arg m(?x Q(S0,0) (25)

We have repeated this process for 1000 times and then drew the histogram of the agent’s
understanding of the best direction of airflow, denoted by 6,,; (defined similar to # in Figure
20). In Figure 21(a) you can see the histogram of the 6,, for the occupant sitting at (X=1,
Z=1). Recall that based on the control problem set-up, we expect the optimal policy to
maximize the thermal comfort state of the occupant while minimizing the energy consumption.
This objective can be reached by selecting the direction of airflow that causes the greatest
change in the temperature at the location of the occupant for a given duration of airflow
(i.e. the most energy efficient airflow direction). In construction of the Equation 22 we
demonstrated that the effectiveness of every airflow direction in changing the temperature at
the location of the occupant is accounted for by using a direction of flow factor (Fp;.) where
the more energy effective direction is the one with a greater value of Fp;.. It follows that the
optimal action policy is one that aims to choose directions of airflow with the maximum Flp;,
value.
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Figure 21: Histograms of the best angle of flow as predicted by the RL agent

In Figure 21(a) we have also plotted the Fp;. function for the occupant sitting at (X=1,
Z=1). The comparison of this plot (ground truth) with the histogram of direction of airflow
deemed to be optimal by the RL agent reveals that the RL agent is more likely to choose
airflow directions with greater Fp;. value than those that have a smaller Fp;. value. This
indicates that in this particular case on average the agent has been able to choose more
energy efficient angles despite the limitations imposed on the length of the learning phase
and the complexities of the environment as discussed before.

In Figure 21 similar results for three other occupant locations (as shown in Figure 20)
have also been presented along with the Fp;,. function for each particular case. As can be seen
in the histogram of each case, the agent has been successful in choosing effective directions of
flow more than the unfavorable ones. An interesting observation is that the agent’s likelihood
of choosing a direction of airflow as the best airflow direction is higher in cases where there
is a more dominant airflow direction. For instance, in locations at the right-hand side of
the room (Figure 21(a) and Figure 21(c)) the Fp; has a more pronounced peak. In these
locations, the RL control agent is more likely to choose the best direction of airflow than the
cases where the best airflow direction does not have a pronounced maximum Fp;,. value. The
overall success of the RL agent in constructing an appropriate understanding of the optimal
airflow direction despite the complexities and performance constraint imposed on the agent
is indicative of the potential of the proposed control framework as an autonomous air-flow

direction controller.
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3.5 Conclusion

In this paper we have introduced the notion of enabling the HVAC system to control
the direction of airflow coming into the room at the point of diffusion as apposed to the
conventional uniform diffusion approach. We studied the potential energy savings that can be
achieved by such expansion of control capabilities. We have further investigated the possibility
of using Reinforcement Learning to enable autonomous control of the direction of airflow
subject to privacy constraints. Our analysis indicates the existence of considerable potential
for energy savings with the addition of the airflow direction control capacity to the HVAC
control capabilities. Our observations indicate that the Reinforcement Learning algorithm
could enable the HVAC system to autonomously control the direction of airflow under the
constraints of privacy. Reinforcement Learning has further been able to demonstrate effective
performance in terms of briefness of the learning period. In our future studies we will further
investigate the potential of RL as a control algorithm in real-world experiments.

3.6 Acknowledgment

This material is based upon work supported by the Institute for Critical Technology and
Applied Science (ICTAS) at Virginia Tech. Any opinions, findings, and conclusions or
recommendations expressed in this material are those of the author(s) and do not necessarily
reflect the views of the ICTAS.

36



4 Research Study 3: Active Diffusor, the Next Step
for User-Centric HVAC Systems

Authors: Milad Abedi', Farrokh Jazizadeh!

1Via Department of Civil and Environmental Eng., Virginia Tech, Blacksburg, VA, 24061, USA

Key Words: HVAC Control, Directional Airflow, Thermal Comfort, User-Centric HVAC
systems, Energy Consumption

37



4.1 Introduction

During the course of the last few decades, numerous research efforts have been dedicated
to enhancing the operational efficacy of the HVAC systems in terms of their ability to
improve the occupant thermal comfort while minimizing the energy consumption. Part of
the incentives for researchers in this field rises from the potential for considerable energy
savings by improving the performance of existing HVAC systems. According to US Energy
Information Administration [1], buildings in the US are responsible for 39% of the energy
consumption. The shares of the HVAC systems from the consumed energy in the commercial
and residential buildings are 44% [2] and 48% [3] respectively, meaning that any improvement
in the energy performance of the existing HVAC systems can lead to considerable savings in
the total energy expenditure. The other part of the incentives for the aforementioned research
efforts originates from the inefficiencies of the current HVAC systems in promoting occupant
thermal comfort. In their survey of 215 building in US, Canada, and Finland, Huizenga et al.
[57] found that only in 11% of the buildings the percentage of satisfied occupants was above
80%. Their findings further indicate that on average, the number of dissatisfied occupants is
greater than the number satisfied occupants.

In order for these objectives (enhanced energy efficiency through improved Human-Centric
Control Strategies) to be realized, researchers have endeavored to propose enhanced HVAC
control frameworks. The level of change that these efforts have introduced into the existing
HVAC control framework varies considerably from one approach to another. In one line
of research, researchers have tried to conserve the existing control logic to the greatest
extent possible. Under the existing control paradigm, the HVAC system will continue to
condition the air in the environment until the temperature set point requirements at the
location of the controlling thermostat are satisfied. However, the temperature set point of the
controlling thermostat is not necessarily reflective of the thermal comfort tendencies of the
occupant. Firstly, the ambient temperature at the location of the controlling thermostat is
not necessarily the same as the ambient temperature at locations in the strict vicinity of the
occupant. Moreover, the thermal comfort of humans has been shown to depend on a variety
of parameters other than the ambient temperature, such as clothing insulation, metabolic
rate, and air speed [30]. In order to compensate for these shortcomings, some researchers have
proposed control frameworks, in which the temperature settings of the controlling thermostat
would be driven in such a way that the thermal comfort preferences of the occupant are taken
into account (e.g. [4-6, 58, 59]).

Current HVAC systems usually serve multiple rooms in a building, while only having a
controlling thermostat in one of the rooms. Moreover, the actions that the HVAC systems
are capable of taking have also been limited to actions that simultaneously affects multiple
rooms (i.e. directing the conditioned air to all the rooms). Because of such limitations in
action capabilities, the HVAC system will not have accurate knowledge of the demand in
individual rooms and it will not be capable of responding to room-level demands. As a
result, if one occupant in one of the rooms feels uncomfortably hot and lowers the thermostat
temperature set point, the HVAC system will in turn direct the conditioned air to all of the
rooms regardless of their occupancy state and preferences until the thermostat requirements
have been satisfied. An intuitive solution to this problem has been to divide larger zones
into a number of smaller zones where the HVAC system would be capable of directing the
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conditioned air into each zone independently. Once this level of control has been achieved,
the system could be augmented with room-level sensors that would allow for detection of
occupancy to be used in the control framework.

Notwithstanding the aforementioned advancements in the operations of the HVAC systems,
there is still room for improvement in the action capabilities of the HVAC system. Under the
current HVAC system design, the air in the entirety of the room will be uniformly conditioned
until a stopping criterion (e.g. thermostat temperature set point) has been satisfied (Figure
22(a)). However, one might not need to condition the air in the entirety of the room to
achieve occupant comfort. It might be possible to reach occupant comfort by conditioning
the air only in the vicinity of the occupant by enabling control over the direction of airflow
at the point of the ceiling air-vent (Figure 22(b)). In this study, we have proposed an
augmentation to HVAC systems, where the control capabilities of the HVAC system will be
extended to include control over the direction of airflow at the point of the ceiling air-vent.
To achieve this objective, we have designed and prototyped a robotic air-vent (we will call it
the active diffusor) that can enable airflow direction control. The proposed active diffusor has
been designed and built with the same dimensions as the existing uniform diffusors, thereby
allowing for it to be directly installed in place of the existing facilities. We have installed
the active diffusor in an office room on the campus of Virginia Tech to study the effects
of the active diffusor on the temperature distribution in the room, in comparison with the
traditional uniform diffusors. To do so, we have installed a network of ambient temperature
sensors uniformly distributed inside the within the room. By increasing the temperature
inside the room to an uncomfortable 28 °C, we were able to compare the performance of the
active diffusor with the traditional uniform diffusors in bringing the occupant to a state of
thermal comfort.
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Figure 22: The conventional and the proposed diffusion strategies

4.2 Research Background

In the recent decades, a great body of research has been dedicated to enhancement of the
operational efficiency of HVAC systems in terms of energy consumption and occupant comfort.
One prominent and recurring theme among these efforts is the notion of user-centric HVAC
systems. In the conventional approach to HVAC control, the representation of the human side
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in the control framework was through the temperature set point of the controlling thermostat.
Moreover, in the conventional HVAC systems, action capacities of the system were limited to
zone-level on/off operations, where each zone could potentially consist of multiple spaces. In
the user-centric paradigm, the underlying operational logic of the HVAC system has been
altered by directly including the human-comfort and occupancy in HVAC system operations.

In order for a human-in-the-loop HVAC framework to be realized, the HVAC system
must be capable of constructing a detailed understanding of the human-side demand. In
determination of demand, the HVAC should be able to detect the state of occupancy as an
essential step. Researchers have employed a variety of sensing technologies for occupancy
detection including RFID based systems [60], WiFi based frameworks [61], and vibration
based approaches [62]. After determination of occupancy, the user-centric HVAC system must
be able to understand occupant thermal comfort. Since its initial introduction, the Predicted
Mean Vote (PMV) model [30] has gained a considerable amount of attention from the research
community and has been used in numerous studies as a means of understanding occupant
thermal comfort tendencies [63—65]. Notwithstanding its widespread popularity, by design,
the PMV model is reflective of the thermal comfort tendencies of a group of occupants, and
as such it does not necessarily reflect the thermal comfort tendencies of the specific occupants
(66, 67]. In efforts to address the inaccuracies that arise from such generalizations, researchers
have proposed personalized frameworks to help capture the individualized thermal comfort
attitudes. To that end, numerous studies [13, 15, 17, 68, 69] have proposed user-feedback
based frameworks where the occupants directly inform the HVAC system of their thermal
comfort state. Researchers have also studied other, less burdensome approaches for evaluation
of the thermal comfort state of the occupants through measurement of such physiological
parameters as subcutaneous blood flow [12, 37, 40, 70], pulmonary activity [38, 39], skin
temperature [41, 71-73], and heart rate [74].

While having an accurate knowledge of the occupants’ thermal comfort state is a necessary
piece of information for the realization of a user-centric HVAC system, it is not sufficient. To
be truly user-centric, the HVAC system must also be capable of taking appropriate actions
in accordance with observations regarding occupant thermal comfort. In the conventional
HVAC control framework, the HVAC system directs the conditioned air into the environment
so as to satisfy the temperature requirements of the controlling thermostat. In efforts to
render the existing HVAC systems user-centric without major alterations in the operational
design of the HVAC systems, Al-Sanea and Zedan [75] have aimed to optimize the fixed
monthly thermostat set point of the HVAC system while accounting for occupant comfort.
Other researchers [4, 5, 76, 77| have also proposed comfort-based control frame works for
driving thermostat temperature set points.

The improvements brought on by these frameworks notwithstanding, there are still
unaddressed limitations present in these approaches. In many HVAC systems, one thermostat
and one actuator serve each zone which often consists of multiple spaces. Moreover, the
response of the HVAC system to the requirements of a thermostat is to direct the airflow to all
of the rooms in that zone. As a result of this setup, the differences in temperature in different
rooms of the zone, the variations in the thermal comfort preferences of the occupants in
different rooms, and the occupancy states of the rooms are not being taken into account. To
help address these shortcomings, Lin et al. [78] have endeavored to enhance the control of the
existing single actuator per zone systems by using data acquired from multiple sensors (one
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per room) without any infringement on the original action capabilities of the HVAC system.
Other researchers [52, 79, 80], in a departure from the practice of minimal-intrusion into the
original design of the HVAC mechanics, have studied the potential benefits of a higher control
resolution by dividing larger zones with multiple rooms into a number of smaller zones with
on/off capabilities for each zone, thereby permitting for incorporation of space occupancy
state in HVAC control Xu and Wang [81]. There are also numerous commercial products
(smart vents) that can replace the existing vents in residential buildings to facilitate binary
control capabilities [82, 83].

The studies discussed so far have operated under the assumption of a uniform diffusion
setting. In the uniform diffusion paradigm, the incoming airflow into the room will be
uniformly distributed in all directions at the point of the ceiling air-vent by means of
conventional uniform diffusors. By forgoing the assumption of uniformity, in an effort to
utilize the non-uniform nature of the temperature distribution to achieve higher levels of
thermal comfort, Lo and Novoselac [84] have used localized airflow to create areas of comfort
within the room in an energy-efficient manner. In another study, Wang et al. [85] have
aimed to take into account the spatial dynamics of the HVAC system operations by tracking
dynamic spatial occupancy distribution within a room so as to control the HVAC system
accordingly.

By casting aside the assumption of a uniform environment, in this study we have proposed
further modifications in the existing HVAC systems to enable control over the direction of
airflow at the point of the ceiling air-vent. In our previous simulation study [32] we have
demonstrated the existence of a considerable potential for energy savings by enabling control
over the direction of the airflow at the point of the ceiling air-vent. In this study, by enabling
the HVAC system to control the direction of airflow in a real-world experimental setting,
we have sought to study the feasibility, thermophysical impact, and the potential benefits
of creating a local comfort climate surrounding the occupant by adjusting the direction of
airflow. To do so, we have designed, prototyped, and implemented a the active diffusor which
allows for control over the direction of airflow at a ceiling air-vent in office buildings.

4.3 Methodology

4.3.1 Directional airflow

4.3.1.1 Concept In the conventional HVAC systems, the diffusors, as the name implied,
are not intended to be an active part of the control framework. They have been designed
to distribute the air uniformly in a given space for thermal and ventilation conditioning.
However, with advancements in the field of user-centric HVAC control and the increased
granularity of the control process, the idea of diffusors as mere stationary pieces could be
rethought. Currently, multiple commercial products under the common description of smart
vents [82, 83| are present in the market. These devices have been designed to replace the
existing diffusors in residential buildings to add such capabilities as on/off functions. These
added capabilities, coupled with technologies that allow for detection and prediction of
occupancy have facilitated higher levels of user-centricity in the HVAC control process.

In this study, we have sought to further augment the control mechanism of HVAC systems
to create additional adaptive control capacity over the direction of airflow, in addition to
the binary on/off functionality. The resulting extensions in the control capacity could be
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utilized to create targeted areas thermal comfort surrounding the occupant as opposed to
the conventional practice of diffusing the conditioned air uniformly into the space until the
entirety of the room is thermally comfortable. The obviation of the need to condition the
entirety of the space, could result in savings in energy consumption.

To fully utilize the added control capabilities towards targeted response and energy
efficiency, the HVAC control framework must also undergo certain modifications. For instance,
depending on the distance of the occupant from the active air-vent (capable of creating
directional airflow) the energy efficient values of the supplied air speed and temperature could
vary. As such, in an ideal condition, the HVAC system is capable of dynamically changing
these variables in accordance with the preferences and the location of the occupant.

Additionally, in the conventional uniform diffusion approach, from all the factors that
would affect the thermal comfort state of the human subject, the HVAC systems are only able
to control the temperature. However, with the addition of directional airflow capabilities, the
synergistic combination of the expanded control over the direction of airflow and the ability
of the HVAC system to adjust the airflow rate would result in a capability to also control
the airflow speed at the strict vicinity of the occupant. Given that the air speed is one of
the influential factors in determining the thermal comfort state of the occupants [30], the
ability of the system to influence it could result in further savings in a user-centric control
framework.

4.3.1.2 The Envisioned Framework In order for the potential benefits of directional
airflow to be realized, the HVAC system must also be capable of effectively controlling
the direction of airflow. While it would be possible to query the occupant about the best
direction of the airflow, such an intrusive approach would neither be operationally feasible,
nor effective as the occupant might not necessarily be aware of the best airflow direction. As
such, autonomous control of the airflow direction by the HVAC system is a necessity for the
realization of the potential benefits of directional airflow.

In our previous study [32], we observed that the location of the occupant inside the room
is an invaluable piece of information when it comes to controlling the direction of airflow. As
such, one could utilize indoor localization technologies that allow for knowledge of occupant
location. However, the utilization of indoor localization technology is associated with a
number of privacy concerns, as well as additional sensing infrastructure.

Alternatively, certain control approaches could be used that would help obviate the need
for information regarding the location of the occupant. One possible candidate for such a
control framework is the utilization of Reinforcement Learning (RL) algorithm which makes it
possible to control the direction of airflow based on a reward given to the control framework
for its actions. In the RL setting, the reward is indicative of how favorable the action in
question was such that more favorable actions would lead to greater rewards and vice versa.
By defining the reward to be a function of occupant thermal comfort and energy consumption
the RL algorithm could be used to achieve these objective in controlling the direction of
airflow. The authors are currently studying the feasibility of utilizing such an autonomous
control framework for control of the airflow direction in another paper.

For the purposes of this study, we have assumed that only one occupant will be present in
the room at any moment in time. However, The directional airflow could also benefit rooms
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with multiple occupants, since the direction of airflow could be dynamically controlled to
serve multiple occupants in the room. Another consideration for the envisioned framework is
the ventilation requirements. Under the uniform diffusion, the fresh air is diffused through the
room to ensure that the air quality throughout the room is at an acceptable level. However,
with directional airflow and the quality of the air at area that are far from the targeted
location could deteriorate. This concern could be addressed by periodically directing the
airflow to those locations.

4.3.2 Active Diffusor Design and Prototyping

In this study, we have sought to build and test a devise that enables us to investigate the
potential benefits of directional airflow in terms of improving occupant thermal comfort and
HVAC energy efficiency, as discussed in the previous sections. To achieve this, we embarked
on a process of designing a device (active diffusor), that would make it possible for the HVAC
system to control the direction of airflow. In the process of building the active diffusor we
came up with a number of potential designs.

Presented in Figure 23(a) is the first prototype of the active diffusor we designed. In this
design, flexible air ducts, the orientation of which could be changed to direct the airflow at
the direction of interest were utilized. To adjust the orientation of the tubes, linear actuators
were used to move the upper frame of the devise, to which the tubes have been connected.
The lower part of the tubes are connected to gyroscope bearings (Figure 23(b)), making it
possible for the orientation of the tubes to be freely adjusted. We proceeded with building
the first prototype, and during the building process we realized that this design could be
improved in a number of ways. To begin with, the tubes needed to be made out of material
that was flexible enough to be easily bent in the direction of interest, yet strong enough
to hold the circular tube cross-section shape without collapsing. A number of available
products in the market were experimented with and the conclusion was reached that the
tested materials were not suitable for this application. Moreover, because of the relatively
high volume of steel rails used in this design, the weight of the final product was also a
concern, specially considering that the device was intended to be mounted on the existing
suspension ceilings which have not been designed to carry heavy loads. After facing these
challenges in building the first prototype, we proceeded with the design of a second prototype
to address the concerns that were raised during our first attempt. Our design of the second
prototype was driven by a number of criteria imposed to ensure the feasibility of the active
diffusor as an economically and functionally viable product.
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(a) Overview of the first prototype of the(b) Gyroscope bearing
active diffusor mechanism

Figure 23: The first prototype of the active diffusor

The first and most important criterion in the design of the active diffusor was its capability
to replace existing uniform diffusors and direct the airflow at the desired direction. To that
end we decided to use louvre blades as a means of directing the air flow. Louvre blades have
been used for years as a means of adjusting the direction of airflow in the car industry and
in the manually adjustable air-vents for HVAC systems. In Figure 24(a) a side view and in
Figure 24(b) a top view of the two layers of louvre blades as well as the connector pieces
have been displayed. In order for the active diffusor to be installable in place of the existing
uniform diffusors, we have chosen the outer dimensions of the active diffusor to be 2ft x 2ft
(0.61m x 0.61m), which is the typical grid size of suspension ceiling in the US. Therefore,
one of the questions being addressed in this study is with regards to the feasibility of the
proposed design in effectively directing the airflow jet towards the targeted location.
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(a) Side view (b) Top view

Figure 24: Side view of louvre blades and connector pieces

Another design criterion that drove our design was the cost considerations. In the current
design, we will need one actuator each one of the two louvre blades. If it were not for the
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cost considerations, instead of two layers of connected louvre blades we could have divided
the opening into 4 equal sections with 4 sets of double-layered louvre blades operating
independently of one another, with an increased number of actuators. While such a design
would result in further control granularity (ability to simultaneously target multiple locations
in the room), the added complexity would result in higher costs.

For actuation, we have chosen to use two stepper motors, one for each layer of louvre
blades. An image of the active diffusor has been presented in Figure 25. As can be seen in
Figure 25, the stepper motors have been used in conjunction with worm-gears to ensure the
blades would retain their position. To enable remote control over the actuators, we have used
a Raspberry-Pi computer, capable of connecting to the existing wireless network. In order to
power this setup, we will need a 12-volt power supply for the actuators and a 5 volt power
supply for the Raspberry-Pi computer. Given the presence of wiring for lights in the ceiling,
powering the active diffusor does not require excessive extra wiring.

(a) Before installation (b) After installation

Figure 25: The active diffusor

Following the installation of the active diffusor in the room environment, we sought
answers to a number of research questions through experimentation. The first question
was whether the implemented design for the active diffusor could successfully target the
occupants seated in the room. To answer this question, we have studied the impact of the
active diffusor in the change of temperature at the targeted occupant location compared to
other non-targeted locations. The second question to be answered, is whether the targeted
airflow approach will lead to savings in terms of energy consumption. In order to answer
this question, we have conducted experiments using the conventional uniform diffusors so as
to produce a baseline against which the efficacy of the targeted diffusion approach is to be
compared. In this study we have adopted the duration of flow required to bring the occupant
to a state of comfort as the comparison metric.
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4.3.3 Experimental setup

In order to evaluate the performance of the active diffusor, we have installed it in place of
an existing uniform diffusor in a computer room located at Virginia Tech with 7.5m x 4m
dimensions. We have also installed a network of ambient air temperature sensors, uniformly
distributed through the room to capture the temperature distribution created by the active
diffusor. In Figure 26, the plan of the office room, as well as the distribution of the sensors
can be seen.
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Figure 26: The plan of the test room and the distribution of sensors
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As shown in Figure 26, a total of 12 temperature/humidity sensors have been installed in
a 3x4 grid at a height of 80 cm from the floor, corresponding to the approximate average
height of the abdomen area of the occupants seated in an office chair. The sensors used in
this experiment were digital DHT22 temperature and humidity sensors, although in this
setup we only used the temperature readings. For data acquisition we have used the Arduino
Mega 2560 Rev3 micro-controller board. In Figure 27 an image of the experimental setup
has been shown.
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Figure 27: Image of the sensor setup

In order to study the ability of the active diffusor in creating a local comfort zone
surrounding the occupant (represented by temperature sensors), we used 4 heaters and one
fan to increase the temperature of the room to a uniform 28°C. Then we create a local
comfort zone for the imaginary occupant sitting at the location of each temperature sensor
by directing the airflow towards that point via the active diffusor. The rate of temperature
drop at the targeted position, compared to other non-targeted positions, will be observed
to determine the efficacy of the active diffusor in creating targeted flow. We performed this
experiment for each of the 12 temperature sensors, each representing a possible location for
the occupant. The uniform distribution of these sensors through the room helps obviate
any assumptions regarding the location of the occupant and any possible biases that could
arise from such assumptions. In order to develop a baseline against which to compare the
performance of the active diffusor, we have also evaluated the performance of the conventional
uniform diffusors in a similar experimental setting. The duration of time required to bring the
occupant to the state of thermal comfort in the case of active diffusion and uniform diffusion
will be studied and compared so as to serve as an indicator of energy saving potential of the
active diffusor. Note that in all of our experiments we have not controlled the inner functions
of the HVAC system, and the HVAC system has relied on its own thermostat based control
logic.

In this paper, for evaluation of the thermal comfort state of the occupants, we have used
a thermal comfort model offered by Daum et al. [18] which relates the ambient temperature
at the vicinity of the occupant to the probability of being thermally comfortable (Figure
28). According to the ASHRAE 55 standard [7], the lowest acceptable percentage of satisfied
occupants (probability of being comfortable) is 80%. By adopting the same minimums of a
thermally comfortable environment, we have defined the state of comfort to be a state where
the occupant has an 80% chance of being thermally comfortable (equal to or above TC} = 0.8
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as shown in Figure 28). Starting from an initial ambient temperature of Ty = 28°C, in Figure
28 the initial value of the thermal comfort index (7'Cj), the minimum changes required in
thermal comfort index of the occupant (AT'C') and in the ambient air temperature (AT), as
well as the corresponding final ambient air temperature (77) have been presented.

o
o

5

"E 1

— 1

.;: I

<06y i ATC

3 I

O I

£0.4

$ I 1

= 1 1

= 1 1
| 1

02t AT

—

I 1
T, T,
OI L 1 1 1 1l Ly L L

15 17 19 21 23 256 27 29 31 33 35
Temperature (C)

Figure 28: The model of thermal comfort offered by Daum et al. [18]

4.4 Results

Prior to conducting our experiments, we tested the data acquisition system to ensure a
consistent and sufficient flow of data acquisition capabilities. For our experiments, we were
able to read the temperature every 3.805 seconds (a constraint imposed by the data acquisition
setup). The sampling period (time elapsed between two samples) was very consistent, with
minimum and maximum of 3.796 ans 3.811 seconds respectively. We determined that this rate
of sampling was sufficient for our application and there was no need to use more advanced
data acquisition hardware to obtain higher sampling frequency. While we expected a normal
distribution for the sampling period, our observations indicated a bi-normal distribution for
these values (Figure 29). Given that the all of the values for the sampling period are very
close to the average value, we accepted the non-normal distribution of the sampling period as
is and did not look further into the issue.
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Figure 29: Histogram of the sampling period (time elapsed between two samples) for sensor readings

In our first experiment, we have studied the performance of the conventional uniform
diffusors in creating a comfortable climate in the vicinity of the occupant (represented by
temperature sensors). To do so, the temperature of the room was risen to an uncomfortable
(according to Figure 28) 28°C . Then the HVAC system started to condition the air in the
room while diffusing the conditioned air using a conventional uniform diffusor which results
in a sharp angle between the airflow jet and the ceiling. The temperature readings of each of
the 12 sensors shown in Figure 26 have been plotted in Figure 30. As can be seen in Figure
30, the trends of the change in the temperature are consistent for different occupant locations.
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Figure 30: Ambient temperature under uniform diffusion at the location of temperature sensors

For the next set of experiments we replaced the existing uniform diffusor with the active
diffusor. As was the case for the previous experiment the initial temperature of the room was
set to an approximately uniform temperature of 28 °C. In order to evaluate the ability of the
active diffusor in creating local comfort zones surrounding the imaginary occupant(represented
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by a temperature sensor), the direction of the airflow was adjusted towards the corresponding
sensor positions. This experiment was performed for each one of the 12 occupant sitting
positions. Changes in the ambient temperature through the room, when sensor positions S01
through S06 have been targeted are presented in Figure 31.
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Figure 31: Targeted airflow experiment for S01-S06 sensor positions

As shown in Figures 31(d), 31(e), and 31(f), when the active diffuor aims to create a
local comfort zone in these positions by directing the airflow towards them, the change in
temperature at these points happens faster than non-targeted positions. However, as can be
seen in Figures 31(a), 31(b), and 31(c), while the active diffusor has aimed to target sensor
positions S01, S02, and S03, the change in temperature at these locations was slower than
the change of ambient temperature at non-targeted positions of S04, S05, or S06. This is
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due to the fact that S01, S02, and S03 are at a farther distance from the active diffusor and
when the active diffusor aims to target these positions, it also ends up targeting S04, S05,
and S06 due to the dispersion of the airflow jet. Given the greater relative distance between
sensor positions S01-S03 and the diffusor, when targeting these positions, due to the greater
dispersion caused by the greater travel distance of the airflow jet, other sensor positions also
get affected. As such, in these cases, the difference in temperature drop for the targeted
sensor position compared to other non-targeted sensor positions is not as significant.

By contrast, when targeting sensor positions that are closer to the active diffusor (i.e.
S07-S12) the difference between the temperature drop at the point of the targeted sensor
versus other non-targeted sensor positions is more pronounced as shown in Figure 32. This is
due to the lesser dispersion of the airflow jet due to the shorter travel distance to the targeted
position.
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Figure 32: Targeted airflow experiment for S07-S12 sensor positions

One of the contributions of this study is the presentation of a design for the active diffusor,
that is capable of effectively targeting the airflow jet towards the direction of interest. The
stark difference in the rate of change in ambient temperature between the targeted and
non-targeted positions where the targeted position experiences a faster rate of temperature
drop in all experiments except for experiments where positions S01-S03 were targeted, is
indicative of the ability of the prototyped active diffusor to effectively direct the airflow jet at
the direction of interest so as to create a locally comfortable zone surrounding the occupant.

As mentioned in the previous section, another objective of this study was to demonstrate
that directional airflow is a more energy efficient approach when compared to the conventional
uniform diffusion scenarios. In their 2014 paper, Ghahramani et al. [4] demonstrated that a
linear relationship exists between the electricity consumption of the HVAC system and the
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airflow volume. Thus, in order to investigate the potential for energy savings, we studied
the duration of time required to bring the imaginary occupant to a state of comfort for both
the uniform diffusion and targeted diffusion scenarios, when the initial temperature in the
room is an approximately uniform 28 °C. In Table 3, the required durations of airflow until
comfort for each occupant location (i.e. sensor position) has been presented for both uniform
and targeted airflow. Moreover, we have also presented the percentage of reduction in the
duration of airflow that can be achieved via targeted airflow compared to uniform airflow.
An average reduction of 64% was achieved in the duration of flow required to reach a state of
thermal comfort (time-to-comfort). As such, the reductions in the duration of airflow achieved
by active diffusion as shown in Table 3 can be taken to mean a proportional reduction in the
energy consumption. Moreover, the ability of the active diffusor to create a state of comfort
in a shorter period of time also means that the occupant will be uncomfortable for a shorter
duration of time, thereby enhancing the overall thermal comfort experience.However, it is
the opinion of the authors, that further studies are required to better understand the effect
of directional airflow on the thermal comfort state of the occupants.

Table 3: Duration of airflow (minutes) required to reach the state of thermal comfort for uniform and targeted
airflow scenarios, and the percentage of reduction achieved in duration of airflow by enabling directional
airflow

‘ Sensor Position
‘SOl S02 S03 S04 S05 S06 SO7 S08 S09 S10 S11  S12

Uniform 16.9 19.5 20.0 15.3 185 29.0 30.8 214 179 23.0 23.0 144
Targeted 124 157 72 8 22 33 89 62 51 09 46 6.6
% Reduction | %27 %19 %64 %48 %88 %89 %71 %71 %72 %96 %80 %54

One interesting and unexpected observation through these experiments was the fact that
even in the absence of an effective targeting framework, the active diffusor is able to reach
considerable savings compared to the uniform diffusion. This is due to the fact that in the
uniform diffusion approach, the conditioned air is diffused at a very sharp angle from the
ceiling, conditioning the room space from top to bottom. However, regardless of the precision
of the targeting functionality, in the active diffusion the airflow jet is directed towards the
floor, thereby conditioning the room environment from bottom to top.

To study the energy saving potential of the active diffusor with an ineffective targeting
functionality, we have studied scenarios where the distance between the intended target
location and the actual target point is at least 3 meters on the floor plan. For instance, if
the intended target was sensor position S01, we will use the data from experiments where
sensor positions S07-S12 were targeted (these positions are at least 3m away from the
intended position S01). To study the effect of the aforementioned phenomenon on the thermal
environment of the room, in table 4 we have presented the average duration of airflow required
for a given target sensor position to reach a comfortable temperature when the targeting
functionality is ineffective (i.e. a 3m error in target localization).
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Table 4: Duration of airflow (minutes) required to reach the state of thermal comfort when the targeted sensor
is at least at a distance of 3m, and the resulting percentage of reduction in duration of airflow compared to
uniform diffusion

‘ Intended Target Position
‘SOI S02  S03 S04 S05 S06 SO7 SO08 S09 S10 S11 S12

Distant Target | 10.3 95 92 73 82 87 159 141 14 115 11.6 108
% Reduction %39 %51 %54 %52 %56 %70 %48 %34 %22 %50 %50 %25

Also shown in Table 4 is the percentage of reduction in the time-to-comfort (comfortable
temperature) for each intended target position. The average of percentage of reduction in
time-to-comfort for this scenario is 46% compared to the uniform diffusion approach. This
is indicative of the potential for energy savings compared to uniform diffusion despite the
possible inaccuracies in the targeting capabilities of the framework.

4.5 Limitations and future work

In this paper we have evaluated the potential benefits of directional airflow only for one
room with specific dimensions and HVAC design. It is the authors’ opinion, that to better
understand the broader impact of such a modification in the operational capabilities of the
HVAC system, more studies in a variety of different thermal environments are required.

Another limitation of this study is the assumption that the thermal comfort state of the
occupant can be accurately predicted by measuring the ambient air temperature in their
vicinity. Specifically, in this study we have not studied the effect of air speed on the thermal
comfort state of the occupant. In future studies, the impact of targeted diffusion on local air
speed, and the effect on occupant thermal comfort should be investigated.

As mentioned in the Methodology section, we were not able to control the inner components
of the HVAC systems in our experiments, and as such we had to rely on the existing thermostat-
based control logic of the HVAC system. However, future studies should investigate the
potential for enhanced control of the inner components of the HVAC system to better utilize
the added control capacity. Specifically, the ability to control the supply airflow speed is of
particular interest. With control over the incoming airflow speed, the authors could account
for and control the air speed at the strict vicinity of the occupant which is an important
factor in determining the thermal comfort state of the occupant.

The focus of this study has been the introduction of the idea of directional airflow and
active diffusion and an illustration of its potential to improve occupant comfort and HVAC
energy efficiency. However, a crucial requirement for the active diffusor is the ability of the
system to autonomously control the airflow direction. In future studies the feasibility of an
autonomous control framework will be studied.

4.6 Conclusion

In the present paper, a novel expansion in the action capabilities of the HVAC systems was
proposed. With the envisioned modifications, the HVAC system will be able to control the
direction of airflow at the point of the ceiling air-vent as opposed to the conventional uniform
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diffusion approach. To enable control over the direction of airflow for the existing HVAC
systems, we designed and built a device called the ”active diffusor” which could replace the
existing uniform diffusors. We have installed the active diffusor in an office room at Virginia
Tech along with a network of temperature sensors (so as to represent the occupant) to study
the potential of the directional airflow in enhancing the overall occupant thermal comfort
and the energy efficiency of the HVAC system. Our experiments indicate that the proposed
prototype of the active diffusor can effectively direct the airflow jet towards the direction of
interest. In our experiments the active diffusor reached an average of %64 reduction per cycle
in the duration of airflow required to bring the occupant to an acceptable state of thermal
comfort compared to the conventional uniform diffusors, translating into a considerable
potential for energy savings. These results are indicative of a considerable potential for
enhancing the existing HVAC systems by realization of the idea of directional airflow.
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5 Conclusion

In this thesis at hand, the idea of directional airflow for HVAC systems has been proposed
as an improvement on the existing uniform diffusors. While in the conventional uniform
diffusion approach the distribution of the temperature inside the room was assumed to be
uniform, in the proposed directional airflow approach the non-uniformity of the thermal
environment has been recognized and leveraged towards further savings in energy expenditure.
In the proposed directional airflow approach, instead of conditioning the air in the entirety
of the environment as is done in the case of conventional uniform diffusors, the HVAC
system would create a local area of thermal comfort surrounding the occupant. In the first
research study presented in this thesis, the potential for improvements in the energy efficiency
and the overall occupant thermal comfort was investigated in a simulation setting. Per
conclusions of the first research study, the directional airflow demonstrated a 59% reduction
in the energy consumption per cycle, as well as improvements in the overall thermal comfort
experience of the occupant via a shortening in the duration of discomfort. In the second
research study, the feasibility of autonomous control of the direction of airflow by means
of Reinforcement Learning was investigated. In developing the control framework, privacy
considerations regarding the utilization of indoor localization technology were taken into
account by operating in the absence of knowledge regarding the location of the occupant.
The second research study concluded that the Reinforcement Learning algorithm could be
utilized to provide an autonomous control algorithm for control of the direction of the airflow.
Given the encouraging findings in the first two research study, in the third research study the
functional feasibility of directional airflow as well as its potential benefits were investigated
by designing and building a robotic device (called the active diffusor) that rendered the
existing HVAC systems capable of controlling the direction of airflow at the point of the
ceiling air-vents. The third research study concluded that the proposed active diffusor was
able to effectively direct the airflow jet at the direction of interest. Moreover, the study
demonstrated the capability of the active diffusor in improving the energy efficiency of the
HVAC systems by 64% per cycle as well as the overall occupant comfort.
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