
MODELING AND CONTROL ALGORITHMS TO IMPROVE ENERGY EFFICIENCY IN
BUILDINGS

By

SIDDHARTH GOYAL

A DISSERTATION PRESENTED TO THE GRADUATE SCHOOL
OF THE UNIVERSITY OF FLORIDA IN PARTIAL FULFILLMENT

OF THE REQUIREMENTS FOR THE DEGREE OF
DOCTOR OF PHILOSOPHY

UNIVERSITY OF FLORIDA

2013



c© 2013 Siddharth Goyal

2



ACKNOWLEDGMENTS

I would like to express my sincere gratitude to my advisor Dr. Prabir Barooah for

his invaluable guidance, encouragement, and support throughout my Ph.D. program.

Without his knowledge and assistance this dissertation would not have been completed.

Dr. Barooah taught me not only how to conduct research with passion and enthusiasm,

but also how to overcome the hurdles faced during research. He also taught me the

ways of how to present results in a concise and clear manner. I would like to thank him

for providing me the opportunity to work with him and all the knowledge he has imparted

to me.

It is my pleasure to extend my sincere gratitude to Dr. Herbert Ingley for helping

me understand the basic concepts of heating, ventilation, and air-conditioning systems,

which is the primary application area of my research. I would also like to thank Dr.

Timothy Middelkoop for helping me understand the fundamentals of database and

sensors implementation, and the insights of the problems associated while transitioning

from theory to practice. I would also like to thank Dr. Prashant G. Mehta for several

helpful discussions.

I would like to acknowledge the help of Physical Plant Division at the University of

Florida, especially Skip Rockwell, for helping us collect the data and providing us timely

updates about the changes in the building that we are using as a test-bed.

I would like to thank Professors Pramod Khargonekar, Warren Dixon and Anil Rao

for being in my committee, using their precious time to read this dissertation, and giving

constructive comments to improve the quality and presentation of this work.

I also offer my regards and sincere thanks to all of those who supported me in any

respect during the completion of the work.

This material is based upon work supported by the National Science Foundation

under Grant No. 0931885 (CPS) and 0955023 (CAREER). Any opinions, findings, and

3



conclusions or recommendations expressed in this material are those of the author(s)

and do not necessarily reflect the views of the National Science Foundation.

4



TABLE OF CONTENTS

page

ACKNOWLEDGMENTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

LIST OF TABLES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

LIST OF FIGURES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

LIST OF SYMBOLS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 10

ABSTRACT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14

CHAPTER

1 INTRODUCTION . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17

1.1 Motivation and Problem Statement . . . . . . . . . . . . . . . . . . . . . . 17
1.2 Related Literature and Contributions . . . . . . . . . . . . . . . . . . . . . 22

1.2.1 Multi-zone Building Dynamics Model . . . . . . . . . . . . . . . . . 22
1.2.2 Non-linear Building Dynamics Model Reduction . . . . . . . . . . . 23
1.2.3 Zone-level Control Algorithms . . . . . . . . . . . . . . . . . . . . . 24
1.2.4 AHU-level Control Algorithms . . . . . . . . . . . . . . . . . . . . . 27

2 HYGRO-THERMAL MODEL OF BUILDINGS AND ORDER REDUCTION . . . 30

2.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30
2.2 Full-scale Model of Building Hygro-Thermal Dynamics . . . . . . . . . . . 31
2.3 Model Reduction Method . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.3.1 Review of Balanced Truncation Method for LTI System . . . . . . . 36
2.3.2 A Balanced Truncation-like Reduction of Non-linear Thermal Model 37
2.3.3 Non-Dimensionalization . . . . . . . . . . . . . . . . . . . . . . . . 40

2.4 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41
2.5 Conclusion and Open Problems . . . . . . . . . . . . . . . . . . . . . . . 47
2.6 Derivation of Humidity Ratio Dynamics . . . . . . . . . . . . . . . . . . . . 48

3 ZONE-LEVEL CONTROL ALGORITHMS . . . . . . . . . . . . . . . . . . . . . 50

3.1 Motivation and Problem Statement . . . . . . . . . . . . . . . . . . . . . . 50
3.2 Control Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.2.1 BL (Baseline) Controller . . . . . . . . . . . . . . . . . . . . . . . . 53
3.2.2 MOBS (Measured Occupancy Based Setback) Controller . . . . . 54
3.2.3 MPC-based Controllers . . . . . . . . . . . . . . . . . . . . . . . . 56

3.2.3.1 MOBO (Measured Occupancy Based Optimal) Controller 59
3.2.3.2 POBO (Predicted Occupancy Based Optimal) Controller 61

3.3 Performance Metrics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
3.4 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

3.4.1 Model Calibration and Validation . . . . . . . . . . . . . . . . . . . 64

5



3.4.2 Choice of Parameters . . . . . . . . . . . . . . . . . . . . . . . . . 65
3.4.3 Performance Comparison . . . . . . . . . . . . . . . . . . . . . . . 68

3.5 Discussion and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . 73
3.6 Error Analysis of Discretized Model of Hygro-thermal Dynamics . . . . . . 75

4 EXPERIMENTAL RESULTS . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77

4.1 Model Validation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77
4.2 Experimental Setup . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78
4.3 Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
4.4 Conclusion and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5 AHU-LEVEL CONTROL ALGORITHMS . . . . . . . . . . . . . . . . . . . . . . 88

5.1 Motivation and Problem Statement . . . . . . . . . . . . . . . . . . . . . . 88
5.2 Control Algorithms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.2.1 A-FC (AHU-Level Feedback Control) . . . . . . . . . . . . . . . . . 91
5.2.2 A-MPC (AHU-Level Model Predictive Control) . . . . . . . . . . . . 92

5.3 Simulation Parameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97
5.3.1 Building Model Parameters . . . . . . . . . . . . . . . . . . . . . . 97
5.3.2 Controller parameters . . . . . . . . . . . . . . . . . . . . . . . . . 97

5.4 Comparison Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98
5.5 Discussion and Future Work . . . . . . . . . . . . . . . . . . . . . . . . . 102

6 QUALITY OF THE MPC SOLUTION . . . . . . . . . . . . . . . . . . . . . . . . 104

6.1 Motivation and Problem Statement . . . . . . . . . . . . . . . . . . . . . . 104
6.2 Approximated Linear Model of Power and Hygro-themal Dynamics . . . . 105
6.3 Convex Optimization Problems . . . . . . . . . . . . . . . . . . . . . . . . 108
6.4 Simulation Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111
6.5 Conclusion and Open Problems . . . . . . . . . . . . . . . . . . . . . . . 113
6.6 Error Analysis in Energy Approximation . . . . . . . . . . . . . . . . . . . 114

6.6.1 Linear Convex Approximation . . . . . . . . . . . . . . . . . . . . . 114
6.6.2 Quadratic Convex Approximation . . . . . . . . . . . . . . . . . . . 115

7 CONCLUSION AND FUTURE WORK . . . . . . . . . . . . . . . . . . . . . . . 117

7.1 Conclusion of the Chapters . . . . . . . . . . . . . . . . . . . . . . . . . . 117
7.2 Overall Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120
7.3 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 121

7.3.1 Improved Modeling . . . . . . . . . . . . . . . . . . . . . . . . . . . 121
7.3.2 Detailed Analysis and Improving Control . . . . . . . . . . . . . . . 122

REFERENCES . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 124

BIOGRAPHICAL SKETCH . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

6



LIST OF TABLES

Table page

2-1 The total thermal resistance and capacitance values in the 4-zone building. . . 42

2-2 Computation time versus model order. c© Elsevier 2012 . . . . . . . . . . . . . 46

3-1 Complexity and information required by various controllers. c© Elsevier 2013 . 53

3-2 Total thermal resistance and capacitance of window and walls. c© Elsevier 2013 66

3-3 Design parameters used in the various zone-level controllers. c© Elsevier 2013 67

3-4 Daily energy consumption, % Savings, and violations. c© Elsevier 2013 . . . . 69

4-1 Daily energy consumption and % Savings with various controllers. . . . . . . . 86

5-1 Complexity and information requirements of various control algorithms. . . . . 90

5-2 Design parameters used in the various AHU-level controllers. . . . . . . . . . . 99

5-3 Daily energy consumption, % Savings, avg. temperature and humidity violations100

6-1 Design parameters used in the various controllers. . . . . . . . . . . . . . . . . 111

6-2 Equilibrium points used for linearization. . . . . . . . . . . . . . . . . . . . . . . 112

6-3 Daily energy consumption, average comfort violation, and % Savings. . . . . . 113

7



LIST OF FIGURES

Figure page

2-1 A four-zone building and its VAV-based HVAC system. c© Elsevier 2012 . . . . 32

2-2 A lumped RC model for heat interaction between the zones. c© Elsevier 2012 . 34

2-3 Inputs: mass flow rates mSA
i and total internal heat gain Qi. c© Elsevier 2012 . 43

2-4 Temperature predictions (14th order vs. 40th order model). c© Elsevier 2012 . . 43

2-5 Humidity predictions (14th order vs. 40th order model). c© Elsevier 2012 . . . . 44

2-6 Temperature predictions (8th order vs. 40th order model). c© Elsevier 2012 . . . 45

2-7 Humidity predictions (8th order vs. 40th order model). c© Elsevier 2012 . . . . . 45

3-1 Generic scheme for zone-level controller’s implementation. c© Elsevier 2013 . 52

3-2 A schematic of the baseline controller (“dual maximum”). c© Elsevier 2013 . . 55

3-3 Implementation of the MOBO and POBO controllers. c© Elsevier 2013 . . . . . 57

3-4 Layout of zone 247 on the 2nd floor in Pugh Hall at the University of Florida. . . 64

3-5 Predicted and measured temperatures in zone 247. c© Elsevier 2013 . . . . . . 65

3-6 OA temperature and relative humidity in Gainesville, FL, USA. c© Elsevier 2013 66

3-7 Comfort envelope during occupied and unoccupied times. c© Elsevier 2013 . . 68

4-1 Layout of zone 241 on the 2nd floor in Pugh Hall. . . . . . . . . . . . . . . . . . 78

4-2 Predicted and measured temperatures in zone 241. . . . . . . . . . . . . . . . . 79

4-3 Implementation schematic of the control algorithms during experiments. . . . . 80

4-4 Interface of security software during experiments. . . . . . . . . . . . . . . . . . 81

4-5 True and measured occupancy in zone 241 for the MOBS and MOBO controllers. 82

4-6 Zone 241 temperature during the experiments and simulations. . . . . . . . . . 83

4-7 Flow rate of air supplied to zone 241 during the experiments and simulations. . 84

4-8 Temperature of SA entering zone 241 during the experiments and simulations. 84

4-9 Average humidity ratio in zone 241 during the experiments and simulations. . . 85

4-10 Average CO2 concentration in zone 241 during the experiments. . . . . . . . . . 86

5-1 Flow-chart of the Z-FC controller to determine the control inputs. . . . . . . . . 93

8



5-2 Layout of a zone (auditorium) on the first floor of Pugh Hall. . . . . . . . . . . . 97

9



LIST OF SYMBOLS, NOMENCLATURE, OR ABBREVIATIONS

Cpa Specific heat capacity of air at constant pressure = 1.006(kJ/kg/◦C)

Cpw Specific heat capacity of water vapor at constant pressure = 1.84(kJ/kg/◦C)

Ci,j Thermal capacitance of an internal node connecting zone i and j (kJ/K)

Cii Thermal capacitance of ith zone (kJ/K)

CLG Cooling set-point

DH Humidity violation

DH Average humidity violation

DT Temperature violation

DT Average temperature violation

EC Energy consumed by controller C

EBC Energy consumed by the baseline controller

H Relative humidity

HTG Heating set-point

K Number of steps chosen for prediction horizon

M Mass

P Total power

PF Fan power

PR Re-heating power, i.e., power consumed in reheating at the VAV box

PU Conditioning power, i.e., power consumed by chiller

P da Pressure of dry air

Q Heat load

Rg Specific gas constant of dry air = 287.04(J/kg/K)

Ri,j, R
mid
i,j Thermal resistances of part of a wall that connects zone i and j (K/W )

RTG Re-heating set-point

RRA Return air ratio (ratio of return air to mixed air flow rate)

T Temperature

10



T set Desired set-point

TRTG Re-heating set-point

Thigh Maximum temperature allowed in the zone

Tlow Minimum temperature allowed in the zone

V Volume

W Humidity ratio

Whigh Maximum humidity allowed in the zone

Wlow Minimum humidity ratio allowed in the zone

∆t Discretization time

∆H Enthalpy difference of supply air and extract air

α IAQ factor of safety

e(Temp) Prediction error of temperature between full-scale and reduced models

e(W ) Prediction error of humidity ratio between full-scale and reduced models

h Enthalpy of air

hwe Evaporation heat of water at 0◦C = 2501(kJ/kg)

m Flow rate

mOA
p Amount of fresh outside air required per person

mSA
p Amount of supply air required per person

mSA
high Maximum amount of supply air during occupied or unoccupied time

mSA
low Minimum amount of supply air during unoccupied time

mA
z Amount of fresh outside air required per unit area

np Number of people

np
d Designed number of people

u Controllable input vector

v Exogenous input vector

Az Zone floor area

β Fan power constant

11



ωH20 Rate of water vapor released by a person due to respiration (kg/sec)

ρ Density

superscripts

SA Supply air: air leaving the variable-air-volume box

CA Conditioned air: air being supplied by air handling unit

OA Outside air

EA Extract air: air being exhausted from the zone

MA Mixed air: air being send to air handling unit

occ During occupied time

unocc During unoccupied time

s Solar gain

p People

lin Linearized around equilibrium point

subscripts

d Discrete

da Dry air

i ith zone, where i = 1, ..., N

w Water vapor

eq Equilibrium point

rate Rate at which a variable can increase or decrease

max Maximum allowed value

min Minimum allowed value

Abbreviations

MPC Model Predictive Control

12



BL Baseline

MOBS Measured Occupancy Based Setback

MOBO Measured Occupancy Based Optimal

POBO Predicted Occupancy Based Optimal

Z-FC Zone-Level Feedback Control

A-FC AHU-Level Feedback Control

A-MPC AHU-Level Model Predictive Control

AHU Air Handling Unit

VAV Variable Air Volume

HVAC Heating, Ventilation, and Air-conditioning

ASHRAE American Society of Heating, Refrigerating and Air-Conditioning Engineers

IAQ Indoor Air Quality

13



Abstract of Dissertation Presented to the Graduate School
of the University of Florida in Partial Fulfillment of the
Requirements for the Degree of Doctor of Philosophy

MODELING AND CONTROL ALGORITHMS TO IMPROVE ENERGY EFFICIENCY IN
BUILDINGS

By

Siddharth Goyal

August 2013

Chair: Prabir Barooah
Major: Mechanical Engineering

In this dissertation, we address the problem of “how to improve energy efficiency

of buildings while maintaining a comfortable and healthy indoor climate” with minimum

cost; Our primary focus is on commercial buildings with VAV (variable-air-volume)-based

HVAC (heating, ventilation, and air-conditioning) systems. We believe that a cost

effective solution to this problem is to update the existing control logics that operate the

HVAC system with an improved control algorithm. Going forward with the approach of

updating the control algorithm leads to a list of questions:

1. What type of improved control algorithm should be chosen?

- How the choice of a controller effects energy consumption and indoor climate?

- What are the computation and practical requirements to implement the controller?

2. What are the key control inputs that should be varied by the controller?

3. What type of information is required by the control algorithm?

- Does the controller require a model of building dynamics?

- What are the sensors required by the controller, and how they effect savings?

One option is to design a controller that requires the maximum amount of

information, varies all the control inputs, and uses advanced computationally-expensive

optimization methods. It is possible that such a controller may result in high savings,

but the effort and cost required to design and implement such a controller may also be

drastically high. Our goal is to design an appropriate controller that not only results in

14



high savings while maintaining comfortable climate but also requires minimal additional

investment. To address all the above questions and find out the appropriate controller,

we propose and compare the performance of several control algorithms, which are

of varying complexity and require varying amount of information. We divide the work

presented in this dissertation into two parts.

Examination of model-based control requires a model. In the first part, we develop a

lumped parameter and physics-based model of hygro-thermal dynamics for a multi-zone

building, which is called “full-scale” model. Though the full-scale model is a simplified

lumped parameter model, it has a large number of states, which makes it unsuitable for

real-time control, especially for the model-based control methods. Therefore, we develop

a method for reducing the order of the hygro-thermal dynamic model for multi-zone

buildings. The reduction method exploits the linear portion and sparsity pattern of the

non-linear portion of the model to obtain the reduced order model. Simulation results

for a four-zone building model show that the predictions of the zone temperatures and

humidity ratios obtained from the reduced model are quite close to that of the full-scale

model, and the computation time reduces by a factor of six or more.

In the second part, we present several control algorithms and compare their

performance and complexity. The goal of the control algorithms is to reduce the energy

use over a conventional control algorithm, which we call a baseline (BL) controller, while

maintaining thermal comfort and indoor air quality. Some of the proposed algorithms

are applicable at zone-level, while other are applicable at AHU (air handling unit)-level.

At the zone-level, the control inputs commanded by the controllers are supply air

temperature and supply air flow rate. The control inputs commanded by the AHU-level

controllers are supply air temperature, supply air flow rate, return air ratio, and the

temperature of air leaving the cooling coils inside AHU.

Three zone-level control algorithms: 1) MOBS, 2) MOBO, and 3) POBO are

proposed, which vary in complexity and require varying amount of information. The
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MOBS controller is the simplest one among the proposed controllers since it is

based on feedback logics and only requires occupancy measurements. Both the

MOBO and POBO controllers are model predictive control (MPC)-based controllers,

which are computationally expensive and require a hygro-thermal dynamics model.

The MOBO controller requires occupancy measurements while the POBO controller

requires occupancy predictions that are quite hard to obtain. Simulation results show

that all the proposed controllers result in significant amount of energy savings over the

baseline controller without sacrificing occupant health and comfort. Simulations also

show that the feedback (MOBS) controller performs almost as well as the more complex

MPC-based controllers (MOBO and POBO). Experimental results obtained from

implementing the MOBS and MOBO controllers in Pugh Hall building at the University of

Florida also correspond well with the simulations results.

At the AHU-level, we propose two types of controllers, which again require varying

amount of information and are of varying complexity. Simulation results show that

occupancy measurement is the key information in reducing energy usage (56 − 69%).

The energy savings can be increased by 15−20%, if the measurements of zone humidity

and outside weather are also used in addition to occupancy measurements. Another

important finding is that a feedback-based controller performs as well as MPC-based

controller, if the same measurements are provided to both the controllers. It is observed

through simulations that the effect of control inputs on the energy savings decreases

in the following order: 1) supply air flow rate and temperature 2) return air ratio 3)

conditioned air temperature, and the conditioned air temperature has almost negligible

impact on energy savings when the return air ratio is varied. Therefore, a feedback

controller, with supply air temperature, return air ratio, and supply air flow rate as the

control variables, is the most appropriate control algorithm to be used for single-zone

VAV HVAC systems due to its simplicity, low computation, and similar performance to

that of more complex control algorithms.
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CHAPTER 1
INTRODUCTION

1.1 Motivation and Problem Statement

Buildings are one of the main consumers of energy worldwide. In the United States,

they account for about 40% of the total energy consumption [1]. Heating, ventilation, and

air-conditioning (HVAC) systems contribute to more than 50% of the energy consumed

in buildings [1]. Poor design and inefficient operation of HVAC system cause a large

fraction of energy used to be wasted [2, 3]. Though the energy consumption in the

buildings can be improved through better HVAC system design, it requires substantial

investment to retrofit an existing building with improved HVAC equipment [4]. In contrast,

improving control algorithms (that operate the HVAC system) to achieve higher efficiency

is far more cost effective. Indeed, there is a growing interest in developing techniques

to improve energy efficiency in buildings [5–15]. Our goal is also to reduce energy

consumption in buildings through the use of an improved control algorithm but with

minimal investment (in terms of design and implementation).

We limit ourselves to commercial buildings with variable-air-volume (VAV) system

because approximately 30% of the commercial building floor space in the United States

is served by VAV systems [16]. In a VAV system, a building is divided into “zones”,

where a zone can be a single room or a collection of rooms. The air leaving the zones

is mixed with outside air based on the value of return air ratio, and the mixed air is sent

to one or more AHUs. The air leaving the cooling coils in an AHU is called conditioned

air, which is cooled down to conditioned air temperature to reduce the humidity ratio.

The conditioned air goes to the VAV box of each zone, where the conditioned air may be

heated up by using the heating coils before being supplied to the zone. The air supplied

to the zone is called supply air. The flow rate of the supply air is controlled through

dampers inside the VAV box. There are four control inputs that need to be decided

for these multi-zone VAV systems. Two of the control inputs (the return air ratio and
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conditioned air temperature) are decided at AHU while the other two control (the supply

air temperature and supply air flow rate) inputs are decided at the VAV box.

We divide the control strategies we focus on, into two parts: 1) zone-level and 2)

AHU-level. The zone-level strategies can be applied at an individual VAV box in which

the control inputs that need to be determined are the flow rate and temperature of the

supply air. In AHU-level strategies, the control inputs that need to be determined by the

controller are the return air ratio, conditioned air temperature, supply air temperature and

flow rate.

Conventional control strategies in the most existing buildings use only zone

temperature measurements but do not use any measurements of occupancy, zone

humidity, and outside weather. Occupancy here means number of people in a zone. The

control inputs at the VAV box, which are the supply air temperature and flow rate, are

determined by the conventional controllers in such a way that the zone temperature

is maintained in specific ranges based on predetermined occupancy schedules.

To maintain indoor air quality (IAQ), the minimum airflow rate supplied to a zone is

determined based on the occupancy schedules and building standards, such as

ASHRAE (American Society of Heating, Refrigerating and Air-Conditioning Engineers)

ventilation standard 62.1-2010 [17]. Zones are typically over-ventilated as the minimum

flow rate is usually 30–40% of the designed maximum, especially when the zone is not

occupied but it is expected to be, e.g., in “daytime” mode. The control inputs at the AHU,

which are the return air ratio and conditioned air temperature, are usually kept constant

at predetermined values irrespective of whether the building is occupied or not. This is

inefficient in terms of energy usage since the indoor climate is maintained even during

unoccupied times.

Over-ventilation can be prevented by applying demand control ventilation (DCV) in

which the supply air flow rate is changed based on real-time occupancy measurements

or CO2 measurements instead of a pre-defined schedule. Real-time occupancy
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measurements can be obtained from motion detectors such as PIR and ultrasound

sensors, which are inexpensive and work well in small office spaces where the nominal

occupancy value is one [6, 18]. In very large spaces, CO2 measurements can be

effectively used for DCV instead of an occupancy sensor. DCV is typically used in large

spaces with the help of CO2 sensors; it is less commonly used in small zones such as

an office room. Efforts in developing occupancy measurement technology are carried

out by several researchers; see [19] and references therein.

As sensors and/or algorithms for inexpensive yet reliable real-time occupancy

measurement/estimation become available, it should be possible to reduce energy use

further than what can be achieved by controlling ventilation. For example, we can save

energy by reducing the airflow rate as well as letting the temperature vary in a wider

range during unoccupied times than that of occupied times. It is possible to improve the

energy efficiency further by varying the inputs at AHU, i.e., RA ratio and conditioned air

temperature, in addition to the inputs at the VAV box.

Our conjecture is that “a substantial amount of energy can be saved—while

maintaining thermal comfort and IAQ (indoor air quality)—by controlling the inputs at

the VAV box and AHU, and using the measurements of occupancy, zone temperature,

zone humidity, and outside weather”. However, how to design a controller to achieve this

is not obvious.

Caution is required to develop a control algorithm. For instance, if the zone

temperature during unoccupied time is let to deviate far away from what is considered

comfortable, it might take a while for the zone temperature to come back to a comfortable

condition when the zone becomes occupied again. The same goes for humidity and

IAQ. One has to be careful while deciding the control inputs at the AHU. For example,

one might think that using high return air ratio reduces the energy used by cooling coils,

but high return air ratio might increase the supply air flow rate due to the minimum

ventilation requirements by ASHRAE standard 62.1-2010 [17], which might end up
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increasing the total energy consumption instead of reducing it. Similarly, one might

think that increasing the conditioned air temperature reduces the total energy as less

amount of energy is consumed by the cooling coils. However, increasing the conditioned

air temperature may cause the zone humidity to deviate far away from a comfortable

range, which can increase the total energy consumption as high supply air flow rate is

required to bring the zone humidity back to the comfortable range. It may be possible

to avoid such type of scenarios, if a model of thermal, humidity dynamics, and energy

consumption is incorporated into a controller. Furthermore, the controller should also

have some robustness to error in the measurements.

As suggested earlier, we could design simple control strategies, which use

occupancy measurements, to reduce energy consumption in buildings. However,

we are not restricted to only simple control strategies. Recall that our goal is to

reduce energy consumption while maintaining comfort level and indoor air quality in

buildings. An advanced control algorithm based on optimal control methods such as

MPC [5, 20, 21]—that will minimize the energy consumption as an objective function

subject to the constraints on temperature, humidity, comfort level, and IAQ in the

building—may also have merited if it leads to sufficiently large energy savings. Optimal

control techniques require a dynamic model that relates the control inputs to the relevant

outputs (zone temperature and humidity ratio of each zone).

A model of thermal dynamics of a multi-zone building can be constructed from

energy and mass balance equations. Modeling all the relevant physical phenomena

will lead to a set of coupled partial differential equations, which are highly complex in

nature. Therefore, obtaining the predictions using such a model is computationally

expensive. However, an important requirement of a dynamic model for use in real-time

control methods such as MPC is simplicity, since overly complex models with large

state space dimension will render them too slow for prediction in real-time. Therefore,

simplified reduced order models are required for the real-time control. Resistor-capacitor
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(RC) networks are commonly used for constructing a reduced order model of the

transient heat flow through a solid surface, such as a wall [22–25]. The resistances and

capacitances are carefully chosen to model the combined effect of conduction between

the air masses separated by the surface, as well as long wave radiation and convection

between the surface and the air mass in contact with it [24, 26],[27, Chapters 3, 29,

& 31]. A RC network model of a solid surface is a set of linear differential equations.

The heat and moisture exchanged between a zone and supply air can be modeled

with ordinary differential equations (ODEs), which are non-linear ODEs. Assuming that

there is no inter-zone thermal convection, a thermal dynamics model of a building can

be constructed by linking the linear ODEs corresponding to the RC networks and the

non-linear ODEs corresponding to the moist air enthalpy dynamics. A model of the

humidity dynamics can be constructed using mass balance equations. The dynamics

of temperature and humidity are coupled. Hence, the combined model is called a

hygro-thermal model. We call such a model a “full-scale” model, which is explained in

Section 2.2.

Even though the full-scale model itself is a simplified lumped-parameter model, it

has a large state space dimension even for a moderate number of zones. For instance,

a 4-zone building model may have a state-space dimension of 40 or more, and a medium

building with 66 zones may have a state-space dimension of 500 or more. Thus, such a

model is not recommended for a real-time model-based control techniques, especially

the ones that require on-line optimization based on model prediction such as MPC.

In the work presented here, we first propose a novel method for reducing the order

of a full-scale model of the thermal dynamics of a multi-zone building. The proposed

model reduction method exploits a specific structure of the model that is unique to

multi-zone building thermal dynamics and existing model reduction techniques for LTI

systems to reduce the model order. Once the reduced and simplified model is being

developed, we next investigate how much energy can be saved by the control algorithms

21



that use information of various measurements (zone-humidity/zone-temperature/occupancy/outside

weather) and reduced model dynamics, and how the savings depend on the fidelity of

the information. As more fine-grained information is available, the control algorithm may

result in more energy savings, but the control algorithm may become more complex.

For instance, a controller equipped with occupancy predictions can save more energy

than the one with occupancy measurements, by turning the airflow low and temperature

outside a comfortable range. But developing models to predict occupancy is not an

easy task. We focus on the control algorithms that can be used in existing (and new)

commercial buildings; the four control inputs that need to be determined by the control

algorithms are return air ratio, conditioned air temperature, supply air temperature and

flow rate.

1.2 Related Literature and Contributions

1.2.1 Multi-zone Building Dynamics Model

Although a number of papers on thermal modeling of buildings exist, quite a few

of them are limited to single zones [28–30] or a very small number of zones [31]. The

papers [14, 15, 32] model conduction between multiple zones, but do not model the

non-linear effects of humidity on the temperature response. The paper by Wang [33]

presents a full-scale non-linear model of multi-zone buildings with an arbitrary number

of zones with a model of inter-zone convection based on temperature difference.

However, Wang [33] also does not take into account the non-linear effect of moist air

on temperature, and moreover uses a 1R1C model for conduction among zones. It has

been shown that 1R1C—or even 2R1C—models are less accurate than 3R2C models in

predicting temperature response, and that 3R2C models represent the best compromise

between prediction accuracy and model complexity [24]. However, recent work in [34]

shows that the parameter of a reduced order lumped parameter model can be fitted from

the measured data, but the data has to be sufficiently rich and a significant number of

forced-response experiments need to be conducted to generate that type of data.
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Contribution: We develop a physics based model of hygro-thermal dynamics for

a multi-zone building, which is obtained by combining the dynamics of temperature

(thermal) and humidity (hygro) in a zone. The thermal model has a linear part and a

non-linear part. The linear part comes from the RC network due to the heat transfer

between zones, and the non-linear part comes from the energy exchange between the

air supplied to a zone and the air extracted from that zone. The dynamics of humidity

are derived using mass balance laws, which are a set of non-linear ODEs.

1.2.2 Non-linear Building Dynamics Model Reduction

The full-scale model is a set of non-linear coupled ODEs that are obtained by

mass and energy balance. There are a number of well-developed techniques for

model reduction of linear systems; see [35] for a review. However, model reduction

of non-linear systems is a less developed area. Some work has been done on model

reduction of bilinear systems [36–39]. Since the full-scale model we constructed is not

bilinear, these methods are not applicable. Other notable work on non-linear model

reduction includes the energy-function based method of [40], the empirical Gramian

based method of [41]. The proposed method avoids the computational difficulties

in obtaining the energy function that is required by the method of [40]. Though the

method proposed in [41] is quite general since it does not require any specific structure

of the full-scale model, it requires collecting extensive and sufficiently rich simulation

data to construct the so-called empirical Gramians. In addition, this method is unable

to take advantage of any specific structure since the method is developed for a fully

general non-linear model. The interested reader is referred to [42] for a review—as well

as a comparison of merits and weaknesses—of existing non-linear model reduction

techniques.

Contribution: We develop a novel model reduction technique that is applicable

as long as the full-scale model has a specific sparsity structure. Since the full-scale

model is based on basic mass and heat balance, we expect the model reduction
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method to be applicable to a wide range of building systems. It is shown that the zone

temperature and humidity predictions by the reduced model are quite close to the

predictions by the full-scale model; the computation time taken by the reduced order

model decreased approximately by a factor of 6 as that of the full-scale model. This

model reduction method not only reduces the model order but also makes the linear part

of the reduced model observable. Since we only have the measurements of the outputs

(zone temperature and humidity), observability of the non linear model is required as

we use EKF (Extended Kalman Filter) to estimate the states; the states are required to

implement the MPC-based controllers.

1.2.3 Zone-level Control Algorithms

There are a number of recent papers that have investigated the use of occupancy

information (either measurements or predictions) to reduce energy consumption in

buildings. The papers [7–9] compare MPC-based controllers with the conventional

controllers. The MPC controllers mentioned in [7–9] use occupancy predictions while

the conventional controllers use only day/night schedules. The papers [7–9] report

substantial energy savings with MPC compared to conventional controllers. However,

they do not investigate how much energy savings are possible with a controller that is

less complex than MPC and uses occupancy measurements, which are easier to obtain

than occupancy predictions.

The paper [21] compares four MPC strategies: 1) occupancy schedule based

controller, 2) turn off lighting based on occupancy measurements, 3) turn off lighting and

ventilation based on occupancy measurements, and 4) occupancy predictions based

controller. The paper [21] only compares the MPC controllers, and does not compare a

feedback controller with the MPC controllers that use the same amount of information.

This paper does not consider humidity in the problem formulation, which is an important

part of thermal comfort. Also, the HVAC system used in [21] is different than the type of

HVAC system we study, i.e., VAV-based system.
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A number of papers have proposed simple rule-based controllers that use

occupancy measurements, and conclude that significant energy savings are possible

with the rule-based controllers compared to the conventional controllers that do not use

occupancy measurements [43–46]. We refer conventional controllers to the controllers

that are commonly used in the practice and do not use occupancy information (either

measurements or predictions). We refer to rule-based controllers as either only “if-else”

logics based controllers or a combination of conventional controllers and “if-else” logics,

where the “if-else” logics are based on either real-time occupancy measurements or

predictions. The controller in [43] uses occupancy measurements to turn off the HVAC

system, while the controllers in papers [44–46] modulate only the ventilation rate based

on measured occupancy. However, none of these papers compare rule-based control

with complex control schemes such as MPC. While MPC may require more information

such as dynamic model and occupancy predictions as compared to rule-based control,

MPC may also lead to more energy savings. The paper [6] compares several rule-based

controllers that use various types of occupancy information: two use occupancy

predictions while one uses binary occupancy measurements (presence/absence). It

is concluded that significant energy savings are possible with the rule-based feedback

control that uses binary occupancy measurements compared to the baseline controller

that does not use occupancy measurements. It is also concluded that a small amount

of additional energy savings are possible if the predictive rule-based controller is

used instead of the feedback controller. However, it does not compare the predictive

rule-based controller with complex predictive control algorithms such as MPC, which

may result in more energy savings than the rule-based control.

Though some of the previous work has compared either MPC or rule-based

controllers with conventional controllers, they did not compare all three. Since the

conventional controllers used in the previous work for comparison were distinct, it is

hard to compare all three from the previous work. It is useful to know how performance
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(as measured by energy savings and/or comfort) of the control algorithm varies with

its complexity. In particular, the value of occupancy measurements vs. occupancy

predictions is not clear from the previous work. Since obtaining the predictions are much

more difficult than obtaining the measurements, it is particularly useful to know their

relative value. Though [6] compares performance of the rule-based controllers that use

occupancy predictions with that of the feedback controller, the feedback controller uses

only presence/absence measurements but not occupancy measurements.

Contribution: We first propose three control algorithms (one feedback-based and

two MPC-based) of varying complexity and requiring varying amount of information.

The feedback-based controller is the simplest one among the proposed controllers

since it is based on simple feedback logics and requires only occupancy and zone

temperature measurements. Both the MPC-based controllers are computationally

expensive and require a hygro-thermal dynamics model in addition to the zone

temperature measurements. One of the MPC-based controller requires occupancy

measurements while the other MPC-based controller requires occupancy predictions.

We next examine trade-offs between energy savings achieved and the information

requirements/complexity of the control algorithms in a unified manner through

simulations and experiments. Through the simulations, we have examined several

types of zones with varying levels of occupancy that is exposed to multiple outside

weather and climate conditions. Simulations show that 1) occupancy measurement is

a key factor in saving energy consumption, 2) feedback control that uses occupancy

measurements performs as well as MPC-based control, 3) additional savings with

MPC controller that uses occupancy predictions are small, and thus, the use of

MPC controllers at individual zone-level is not justified. We have also implemented

the feedback and MPC controllers that use occupancy measurements in a zone of

Pugh Hall in the University of Florida campus. Experimental results also confirm the

conclusions that we have obtained during the simulations.
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We have also converted the non-linear convex problem into a convex problem,

which is used by the MPC-based controller. This is done to compare the performance

of MPC vs. feedback controller when the solution obtained by the MPC-based controller

corresponds to the global minima. Similar results at the zone-level as mentioned above

are obtained even when MPC provides the global solution: 1) MPC results in 45%

savings over baseline control and 2) feedback performs as good as MPC when both are

allowed to have occupancy measurements.

1.2.4 AHU-level Control Algorithms

There have been many recent papers that have developed control algorithms

to reduce energy consumption in buildings. Some of the papers [14, 47, 48] use

optimal control based methods that are complex and computationally expensive, while

others use feedback controllers [43, 49, 50] that are simple and easy to implement.

All of the papers show significant energy savings over the conventional baseline

controllers. The strategy in [14] controls the return air ratio, supply air flow rate and

temperature to minimize Predicted Mean Vote and energy consumption. The control

strategies in [47, 48] reset the supply air temperature, ventilation rate, and chilled

water temperature. The controller in [49] resets the static pressure reset and supply air

temperature while only the minimum supply air flow rate is reset in [50].

All of the above mentioned papers either compare complex optimal control methods

with conventional controllers, or compare the simple feedback-based methods with the

conventional controllers. However, they did not compare all three, i.e., the conventional,

simple feedback, and complex MPC controllers. These papers do not investigate how

much energy savings are possible with a controller that is less complex and easier

to implement as compared to an MPC, and uses the same amount of information as

used by MPC. It is important to know how a complex MPC controller benefits over a

simple feedback controller. None of the papers mentioned above show the effect of the

types of measurements on the controllers performance. It is useful to know this from a
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practical implementation point of view since additional sensors imply extra investment

and effort. However, it does not necessarily mean that using additional measurements

will always result in high energy savings. The controllers in above mentioned papers

control a maximum of three variables, though there are four possible variables (supply

air temperature and flow rate, conditioned air temperature, and return air ratio) that can

be controlled. Controlling all the four variables may result in high savings/comfort. Also,

these papers do not study the effect of an individual control input on the controllers

performance.

Contribution: We propose two types of controllers: a simple feedback and a

complex optimization-based MPC, and compare their performance against the

performance of conventional controller. We examine the effect of each control variable

and all the control variables on energy consumption, thermal comfort, and IAQ. We also

study the value of measurements and control inputs in the performance of feedback

and MPC controllers. The outcome of our study is that the feedback controller performs

as well as MPC provided the same measurements to both the controllers. Our study

shows that occupancy measurement is the key information in minimizing energy usage.

We show that the effect of the control inputs on the energy consumption decreases in

the following order: 1) SA flow rate and temperature 2) RA ratio 3) CA temperature.

Furthermore, all of the above mentioned papers either do not include the conditioned air

humidity ratio or assume constant humidity ratio. However, the conditioned air humidity

ratio depends on the conditioned air temperature, which we consider in our work since

the dependency of conditioned air temperature and humidity can have a significant

impact on energy consumption and thermal comfort.

Dissertation Organization: The full-scale hygro-thermal model and the model

reduction method to reduce the state dimensionality of the full-scale model is presented

in Chapter 2. Chapter 3 describes the conventional control and the proposed zone-level

control algorithms along with their simulation results. Chapter 4 presents the experimental
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setup and the performance of the proposed control algorithms when the controllers are

implemented in a zone in the Pugh Hall. The AHU-level controllers and their simulation

results are presented in Chapter 5. A convex approximation of the optimization problem

used by the MPC-based controller at the zone-level, and the performance of the

MPC-based controller that uses the approximated convex problem is presented in

Chapter 6. Chapter 7 summarizes this dissertation and discusses the future work.
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CHAPTER 2
HYGRO-THERMAL MODEL OF BUILDINGS AND ORDER REDUCTION

2.1 Problem Statement

In this chapter, we develop a model of building hygro-thermal dynamics using

resistance-capacitance (RC) network and mass balance laws from physics, which

has been described in the introduction of Chapter 1. The combined model of building

hygro-thermal dynamics is a system of coupled ODEs, which we call “full-scale” model.

Even though the full-scale model itself is a simplified lumped-parameter model, it has a

large space dimension even for a moderate number of zones. In such a case, the model

is not suitable for optimal-control based methods such as MPC that requires on-line

optimization based on model prediction. Therefore, we propose a novel model reduction

method in this chapter to reduce the state dimensionality of the full-scale mode while

maintaining sufficiently high accuracy of the predictions of outputs. The outputs of the

model are zone temperatures and humidities, while the inputs are outside temperature,

outside humidity, heat gains from occupants and solar radiation, and supply air flow

rates and supply air temperatures. The proposed model reduction method exploits a

specific structure of the model that is unique to multi-zone building thermal dynamics

and existing model reduction techniques for LTI systems to reduce the order of full-scale

model.

The rest of the chapter is organized as follows. Section 2.2 describes briefly

the non-linear model of building thermal dynamics. The proposed method for order

reduction of this model is described in Section 2.3. Results from numerical simulations

are presented in Section 2.4. Section 2.5 concludes this chapter and discusses the

possible future work. The derivation of humidity dynamics in a zone is presented in

Section 2.6.
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2.2 Full-scale Model of Building Hygro-Thermal Dynamics

In this section, the full-scale model of building hygro-thermal dynamics is constructed

using resistance-capacitance lumped parameter models. The full-scale model predicts

the zone temperature and humidity ratio for a given input value and initial state. The

humidity ratio of a volume of moist air is defined as the ratio of the mass of water

present in the air to the mass of dry air. A schematic of a four-zone building with a

VAV-based HVAC system is shown in Figure 2-1. In this system, the conditioned air (CA)

supplied by AHU, which is cold and dry, is distributed to the VAV boxes associated with

each zone. The VAV boxes may heat up or change the flow rate of the air supplied to the

zone. The control logics used by the VAV box are explained later in the Section 3.2.1.

The air supplied to the zone by the VAV box is called supply air (SA). The air exhausted

from the zone is called extract air (EA). Part of EA is recirculated, which is called return

air (RA), and is mixed with the outside air (OA) before it is supplied to the AHU.

As shown in Figure 2-1, the building model is separated into two parts: upstream

and downstream. The “upstream” part includes the AHU dynamics, while the “downstream”

part includes the dynamics associated with the VAV boxes, zone temperature and

humidity. We ignore the dynamics in the upstream part due to two reasons. First, the

size of the downstream model is much larger than the size of upstream model. This is

because an AHU serves multiple zones and the number of AHUs in a large building is

typically small. For instance, there are 3 AHUs in a 66-zone building at the University

of Florida campus. The 3-AHU model has almost 20 states, while the 66-zone thermal

model has more than 500 number of states. Thus, the downstream model requires

model reduction techniques much more than the upstream model. Second, the AHU has

the fastest dynamics in the HVAC system, with a time constant of about a minute [51],

whereas the thermal dynamics of the zones are far slower with time constants in the

order tens of minutes [28] to hours [25]. As a result, it may be possible to replace the

dynamics of the AHUs and ducts by static gains without losing too much accuracy.
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We also ignore the dynamics of the VAV boxes since the VAV boxes have much faster

dynamics as compared to the dynamics of zone temperature and humidity.

AHU

Zone 1 Zone 2

Zone 3
Zone 4

OA

RA

VAV

VAVVAV

VAV

CA

Upstream

Downstream

mSA
1 mSA

2

mSA
3

mSA
4

Figure 2-1. A four-zone building and its VAV-based HVAC system. c© Elsevier 2012

The assumptions involved during the construction of building hygro-thermal

dynamics are that 1) the air in each zone is well mixed so that there is only one value

associated with zone temperature and one with humidity ratio, 2) there is no inter-zone

convection, 3) infiltration or exfiltration does not exist, 4) each window has negligible

thermal capacitance as compared to the walls, floors and ceilings, and 5) the air leaving

a zone (EA) has the same temperature and humidity ratio as the air present in the zone,

i.e., TEA
i = Ti,W

EA
i = Wi.

The inputs to the model, which effect the temperature and humidity in each zone are

1) flow rate, temperature, and humidity of SA in each zone, 2) thermal heat gain due to

occupants, solar radiation, lighting, and equipments in every zone, 3) temperature of the

outside air, and 4) amount of moisture generated by occupants. The output of the model

that we are interested in predicting are T1, ...TN , W1, ...WN , where N is the number of
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zones. The vector v, which consists of all the input signals to the building hygro-thermal

dynamics (i.e., flow rate, temperature, and humidity of supply air, outside temperature,

heat gain due to the occupants, lightning, equipments, and solar radiation) is defined

below

v = [mSA
1 , . . . , mSA

N ,W SA
1 , . . . ,W SA

N , T SA
1 , ...T SA

N , Qp
1, ...Q

p
N , Q

s
1, ...Q

s
N , T

OA]T .

We use a resistor-capacitor circuit to model the heat transfer through a solid

surface such as a wall, floor, celling or window. Specifically, a 3R2C network is used,

i.e., each solid surface except windows is modeled as a network of three resistors

and two capacitors, while each window is modeled as a single resistor since windows

are assumed to have negligible thermal capacitance. Also, every zone has a thermal

capacitance associated with it due to the heat capacity of air, furniture, and equipments

in the zone. Then, the elemental RC models constructed for each surface are combined

to create the model of the entire multi-zone building.

An example of creating the equivalent RC network model of a zone i surrounded

by four zones j, k, l, and o is shown in Figure 2-2. The zone o represents the outside.

We do not consider floor and ceiling in this example for simplicity. Recall that the zone

i has Cii thermal capacitance, and the wall that separates the zone i and o has thermal

resistances and capacitances of Ri,o, R
mid
i,o , Ro,i and Ci,o, Co,i corresponding to its 3R2C

model. Combining the 3R2C model of each wall, the dynamics of Ti, the temperature of

zone i, can be written as

CiiṪi =−

[

1

Ri,o

+
1

Ri,j

+
1

Ri,k

+
1

Ri,l

]

Ti +
Ti,o

Ri,o

+
Ti,j

Ri,j

+
Ti,k

Ri,k

+
Ti,l

Ri,l

+Qp
i +∆Hi. (2–1)

The term ∆Hi will be explained later in this section. The dynamics of the variables

Ti,o, To,i, which are the temperatures of the “internal” nodes of the wall separating i and
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o, can be written as

Ci,oṪo,i =−

[

1

Ro,i

+
1

Rmid
i,o

]

To,i +
Ti,o

Rmid
i,o

+
TOA

Ro,i

+Qs
i ,

Co,iṪi,o =−

[

1

Rmid
i,o

+
1

Ri,o

]

Ti,o +
Ti

Ri,o

+
To,i

Rmid
i,o

.

(2–2)

The total thermal resistance and capacitance values for each solid surface can be
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B Equivalent RC-network model

Figure 2-2. A lumped RC model for heat interaction between the zones. c© Elsevier
2012

either computed from material properties and the ASHRAE guidelines [27] or fitted from

model calibration experiments [52]. Once the total thermal resistance and capacitance

values are decided, the formulas specified by Gouda et al. [24] are used to split the total

capacitance into two capacitances and the total resistance into three resistances.

The enthalpy difference ∆Hi in (2–1) is computed using the following equation

∆Hi = mSA
i hSA

i (T SA
i ,W SA

i )−mEA
i hEA

i (Ti,Wi), i = 1, 2, ...N. (2–3)

Though we ignore infiltration, it can be included if desired in (2–3). The specific

enthalpies h
(·)
i in (2–3) are computed from psychometric equations [27] as

hSA
i = CpaT

SA
i +W SA

i (hwe + CpwT
SA
i ), (2–4)

hEA
i = CpaTi +Wi(hwe + CpwTi). (2–5)
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Note that the flow rate of extract air leaving the zone i is mEA
i (t) = mSA

i (t) + np
i (t)ωH20.

The humidity ratio dynamics are derived from mass balance and gas laws as

dWi

dt
=

RgTi

ViP da
i

[

np
iωH2O +mSA

i

W SA
i −Wi

1 +W SA
i

]

, i = 1, 2, ...N. (2–6)

Detailed derivation of (2–6) is explained in Section 2.6.

Combining (2–1)-(2–6) for all the zones i = 1, . . . , N , the full-scale model of the

entire building hygro-thermal dynamics is constructed. The full-scale model includes

the dynamics of the temperature of each zone, temperature of the internal nodes for

each solid surface, and humidity in every zone. We associate zone temperature or the

temperature of internal node (i.e., inside the solid surface) with a unique node. The total

number of nodes (n) in a N zone building model is

n = N +Nint,

where Nint is the number of nodes corresponding to the temperatures inside solid

surfaces1 . The full-scale model is a set of coupled ODEs, which can be expressed

compactly as

Ṫ = AT +BU + f(T,W, v), (2–7)

Ẇ = g(T,W, v), (2–8)

where vector T := [T1, . . . , TN , . . . , Tn]
T ∈ R

n contains the temperatures associated

with all the nodes, U := [TOA, Qp
1, . . . , Q

p
N , Q

s
1, . . . , Q

s
N ]

T is a sub-vector of the input

vector v as defined in (2–1), W := [W1,W2, . . . ,WN ]
T , and the non-linear function

f(T,W, v) := [∆H1,∆H2, . . . ,∆HN , 0, . . . , 0]
T ∈ R

n. The entries of the matrices

1 The variations of outside air temperatures on the various sides of a building can
be taken into account easily by considering more than one outside temperatures as
inputs. However, we don’t consider variations in the outside air temperatures to make
the notation simple.
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A ∈ R
n×n and B ∈ R

n×(2N+1) are determined by the resistance and capacitance values

corresponding to each solid surface, as well as the zone capacitances.

Indexing of the nodes is done in a way that the first N states of the vector T

correspond to the zone temperature of N zones, and the remaining n − N states

correspond to the temperatures of the internal nodes. As a result, the function f has

formed a special structure with non-zero entries at the first N places and zero entries at

the remaining n − N places. The first N non-zero entries correspond to the heat gain

or enthalpy difference due to moist air in the N zones. This special structure of f will be

useful in the proposed model reduction method, which is presented next.

2.3 Model Reduction Method

Before getting into the model reduction of (2–7)-(2–8), we first briefly review

the balanced truncation method of model reduction for the linear time invariant (LTI)

systems; see references [53–56] for more details. Then, we describe the proposed

model reduction technique for the non-linear model of the building hygro-thermal

dynamics in which balanced truncation is used.

2.3.1 Review of Balanced Truncation Method for LTI System

Consider a stable LTI system with a p×m transfer function G(s), which has m inputs

and p outputs. Suppose it has a state-space realization as

ẋ = Ax+Bu, y = Cx+Du, (2–9)

where x ∈ R
n is the state vector, u ∈ R

m is the input vector and y ∈ R
p is the output

vector. Thus, A ∈ R
n×n, B ∈ R

n×m, C ∈ R
p×n, and D ∈ R

p×m. The controllability Gramian

G(c) and observability Gramian G(o) of (2–10) are defined as

G(c)(A,B) :=

∫ ∞

0

eAtBBT eA
T tdt, G(o)(A,C) =

∫ ∞

0

eA
T tCTCeAtdt.

Consider a state transformation xb = Rx, which gives us the transformed realization

ẋb = Abxb +Bbu, yb = y = Cbxb +Du, (2–10)
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where Ab = RAR−1, Bb = RB, Cb = CR−1. This is called a balanced realization if R

is chosen in a way that the controllability and observability Gramians G
(c)
b , G

(o)
b of (2–10)

are both equal and diagonal:

G
(c)
b = G

(o)
b =













λ1 0 0

0
. . . 0

0 0 λn













, G
(c)
b = G(c)(Ab, Bb), G

(o)
b = G(o)(Ab, Cb),

where λ1 > λ2 > ... > λn > 0. To reduce the full-scale nth order LTI system (2–9) to a qth

order LTI system such that q < n, decompose Ab, Bb, and Cb as

Ab =







A11 A12

A21 A22






, Bb =

[

BT
1 BT

2

]T

, Cb =

[

C1 C2

]

,

where A11 ∈ R
q×q, A12 ∈ R

q×(n−q), A21 ∈ R
(n−q)×q, A22 ∈ R

(n−q)×(n−q), B1 ∈ R
q×m, B2 ∈

R
(n−q)×m, C1 ∈ R

p×q and C2 ∈ R
p×(n−q). Define xq :=

[

Iq×q 0q×(n−q)

]

xb, which is a

vector in R
q consisting of first q entries of xb. The system

ẋq = A11xq +B1u, yq = C1xq +Du

is a reduced q-th order model of the full n-th order model (2–9). In the reduced model,

the states corresponding to the n − q smallest eigenvalues of G(c)
b and G

(o)
b are ignored.

This method of reducing the model order of a LTI system is called balanced truncation.

2.3.2 A Balanced Truncation-like Reduction of Non-linear Thermal Model

In this section, we describe the new proposed model reduction method for the

building hygro-thermal dynamics. The goal is to approximate the non-linear ODEs (2–7)

and (2–8) by another, smaller set of ODEs with minimal loss of predictive power. We

achieve the goal by reducing the number of temperature states. The humidity ratio

dynamics (2–8) are left untouched since there is only one humidity ratio variable for
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each zone. Recall from (2–7) that the temperature dynamics of the building model are

Ṫ = AT +BU + f(T,W, v), (2–11)

where T ∈ R
n contains the n temperature states. The indexing of the state vector T is

done in a way that T can be rewritten as

T =

[

T T
z , T T

nz

]T

, (2–12)

where the vector Tz := [T1 T2 ... TN ]
T contains the zone temperatures, and the vector

Tnz ∈ R
Nint contains the temperatures of the nodes internal to walls. Due to the specific

structure of f with first N non-zero entries, f can be decomposed as

f(T,W, v) = [fT
a (Tz,W, v) 0T(n−N)×1]

T , where fa ∈ R
N . (2–13)

We have also used the fact that the entries of the vector f depends only on the zone

temperatures Tz and not on the temperatures of internal nodes. We now introduce a

fictitious output Y of the following form:

Y = CT, Y ∈ R
p, p ≥ N, (2–14)

where the matrix C ∈ R
p×n is chosen in a way that vector Y contains Tz, the vector of

zone temperatures, as a sub-vector. Again, we index the output Y in such a way that the

first N elements are zone temperatures. Thus, Y can be expressed as

Y :=







Tz

Ynz






,where Tz =

[

IN×N 0N×(p−N)

]

Y, (2–15)

where Ynz ∈ R
(p−N), and I is an identity matrix. Combining (2–11) -(2–15), we get







Ṫ

Ẇ






=







AT +BU + [fT
a (Tz,W, v) 0T(n−N)×1]

T

g(Tz,W, v)






, (2–16)

Y = CT.
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We have again used the fact that g(·) depends on the zone temperatures and not on the

temperatures of the nodes internal of the walls; see Section 2.6 for details.

Suppose Tb := RT is a state transformation in such a way that the matrix R ∈ R
n×n

leads to a balanced realization of the system Ṫ = AT + BU , where A,B are the

corresponding matrices from (2–7). The stability of the LTI part, which follows from the

physics of RC networks, assures that the R matrix exists. The transformation matrix R

can be computed easily; e.g., the command balreal in MATLAB c©. After applying the

transformation, eq. (2–7)-(2–8) can be expressed as






Ṫb

Ẇ






=







AbTb +BbU +R[fT
a (Tz,W, v) 0T(n−N)×1]

T

g(Tz,W, v)






, (2–17)

Y = CbTb,

where Ab = RAR−1, Bb = RB, Cb = CR−1. Note that the computation of R is solely

based on the LTI part of (2–7). Suppose we want to reduce the number of temperature

states from n to r (p ≤ r < n). Decompose the vector Tb and the matrices Ab, Bb, and Cb

as

Tb = [T T
r T T

g ]
T , Ab =







A11 A12

A21 A22






, Bb =







B1

B2






, (2–18)

Cb =

[

C1 C2

]

, R =







R11 R12

R21 R22






, (2–19)

where A11 ∈ R
r×r, A12 ∈ R

r×(n−r), A21 ∈ R
(n−r)×r, A22 ∈ R

(n−r)×(n−r), B1 ∈ R
r×m, B2 ∈

R
(n−r)×m, C1 ∈ R

p×r, C2 ∈ R
p×(n−r), R11 ∈ R

r×r, R22 ∈ R
(n−r)×(n−r), and Tr ∈ R

r consists

of the first r entries of Tb.

Now define a vector fr that contains the vector fa and possibly additional zeros:

fr(Tz,W, v) := [fT
a (Tz,W, v) 0T(r−N)×1]

T ∈ R
r.
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We now eliminate the last n − r states of Tb, which leads to the following (r +N)th order

approximation






Ṫr

Ẇ






≈







A11Tr +B1U +R11fr(Tz,W, v),

g(Tz,W )






, (2–20)

Y ≈ C1Tr.

From (2–20), it can be written that Tz ≈ CrTr, where Cr :=

[

I 0

]

C1. Using this

and (2–15), we now ignore the approximation errors and rewrite (2–20) as






Ṫr

Ẇ






=







A11Tr +B1U +R11fr(CrTr,W, v),

g(CrTr,W )






, (2–21)

Y = C1Tr.

Eq. (2–21) is (r +N)th order reduced model of the full-scale system model (2–7)-(2–8).

Since we truncate the n − r temperature states based on the linear part, it

is assumed implicitly that n − r truncated states do not effect the non-linear term

significantly. Simulation results in the next section show that the reduced order model

predictions are close to the full-scale model predictions, which suggest that the implicit

assumption holds well up to a particular order r of reduced model. Given the initial

temperature T (0) and humidity ratio W (0) of the full-scale model, the initial state value

Tr(0) of the reduced order model can be calculated as

Tr(0) =

[

R11 R12

]

T (0). (2–22)

2.3.3 Non-Dimensionalization

Consider an LTI model ẋ = Ax + Bu with two inputs having an equal effect on the

states. Suppose the first input has a higher magnitude than the second input. In this

situation, the entry of B corresponding to the first input is smaller than the entry of B

corresponding to the second input. Such a scenario may lead the balanced truncation
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to determine incorrectly about which input has the most effect on the output. This

issue can be resolved by non-dimensionalizing the equations and variables so that the

effect of inputs on the output is independent of the units of the measurements/inputs.

Since the inputs to the model (2–7)- (2–8), outside temperature (measured in ◦C),

solar radiation heat gain (measured in KW ), differ in the magnitude and units, we

first non-dimentionalize the states and inputs. Then, we apply the balanced reduction

technique as mentioned in above section. This is done to provide numerical robustness

to the proposed reduction method.

We scale the variables T, TOA, Qs, and Qp as

T̄i =
Ti

Ti(0)
, T̄OA =

TOA

TOA
char

, Q̄s
i =

Qs
i

Qs
char

, Q̄p
i =

Qp
i

Qp
char

, (2–23)

where TOA
char is the characteristic outside temperature, Qs

char is the characteristic heat gain

of a zone from solar radiation, and Qp
char is the characteristic heat gain of a zone due

to occupants. These are constants whose values can be set by the user. We choose

TOA
char as the average of maximum and minimum of the outside temperatures range

expected. In the simulations reported later in Section 2.4, we choose TOA
char = 27.5◦C,

Qs
char = 0.928kW and Qp

char = 0.26kW . The building thermal dynamics (2–7) in terms of

the non-dimensional variables defined in (2–23) can be expressed as

˙̄T = AsT̄ +BsŪ + fs(T̄ ,W, v̄) (2–24)

where Ū := [T̄0, Q̄
p
1, . . . , Q̄

p
N , Q̄

s
1, . . . , Q̄

s
N ]

T , and v̄ is the scaled counterpart of v. The

state transformation matrix R is calculated based on the LTI part of (2–24) instead

of (2–7). Once the matrix R is calculated, this matrix is used in the method described in

Section 2.3.2, and rest of the procedure is same.

2.4 Simulation Results

In this section, we compare the zone temperature and humidity ratio predictions

obtained by the reduced order model and full-scale model. Simulations are performed
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using MATLAB c© for the four-zone building shown in Figure 2-1. Each zone has a

volumetric area of 75m3 and floor area of 25m2. Each wall is 5m wide and 3m tall. The

north facing wall of the zone 1 has a small window of 5m2 area, while the east facing

walls of the zones 2 and 4 have a larger window of 7m2 area each. All the exterior walls

that separate the zones from the outside have the same construction type, and all the

internal walls that separate the zones have the same construction type. Also, the floor

and ceiling have the same construction type as of the external walls. The total thermal

resistance per unit area and total thermal capacitance per unit area of the floor, ceiling,

external walls, internal walls, and windows are shown in Table 2-1. The values shown

in Table 2-1. are used with the formulas in [24] to compute three resistance and two

capacitance values used in 3R2C models.

Table 2-1. The total thermal resistance and capacitance values in the 4-zone building.
Surface Type Floor and Ceiling External Walls Internal Walls Windows

Total resistance per unit area 2.69 2.69 0.45 0.3
(m2K/W )

Total capacitance per unit area 493 493 52 -
(KJ/m2/K)

The maximum flow rate that the HVAC system can supply in each zone is 0.25 kg/s,

and T SA
i = 12.8◦C for each zone. In each zone, the number of people is a uniformly

distributed random integer between 0 and 4. Outside weather conditions are chosen for

a summer day (05/24/1996) of Gainesville, FL [57].

A proportional-integral (PI) controller is used in the full-scale model of each zone

to maintain the zone temperature at 19◦C. The flow rate values calculated by the PI

controller are used as inputs during the simulations of the reduced order model and

full-scale model. Note that all the results shown here are from open loop simulations.

The PI controller is used only once to obtain the set of inputs, which are used for the

simulations of reduced and full-scale model. This is done to ensure uniformity while

comparing the time consumed during the simulations.
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The inputs in the vector U are kept constant for every 10 minute time interval. All

the temperatures and humidity ratios are initialized at 24◦C and 0.01, respectively. Inputs

such as outside temperature, outside humidity ratio, mass flow rates, and total internal

heat gain for each zone are shown in Figure 2-3.
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Figure 2-3. Inputs: mass flow rates mSA
i and total internal heat gain Qi. c© Elsevier 2012
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Figure 2-4. Temperature predictions (14th order vs. 40th order model). c© Elsevier 2012

43



0 6 12 18 24
7

8

9

10

11x 10
−3

 

 

W
i

W
i
r

0 6 12 18 24
0

5

10

15

x 10
−4

 

 

1
2
3
4

W
1

e(
W

)
i

Time (hr)Time (hr)

Figure 2-5. Humidity predictions (14th order vs. 40th order model). c© Elsevier 2012

Simulations presented here are performed using the ode45 ODE solver in

MATLAB c©. In figures and their captions, superscript r represents the results obtained

from reduced order model and legends 1, 2, 3, 4 represent the results for the 1st, 2nd, 3rd, 4th

zone, respectively. In particular, T r
i ,W

r
i are the predictions of temperature and humidity

ratio of ith zone obtained by a reduced order model. Correspondingly, e(Temp)
i := Ti − T r

i

is the difference between the predictions of ith zone temperature obtained from the

full-scale model and the reduced order model, while e
(W )
i = Wi − W r

i is the difference

between the predictions of humidity ratio obtained from the full-scale model and the

reduced order model.

There are 40 states in the full-scale model of the four-zone building. We performed

simulation for two reduced order models: (i) one with 14 states and (ii) one with 8

states. The minimum possible order using the proposed method is 8 as there are 4

number of zones. Figures 2-4 and 2-5 show the zone temperatures and humidity

ratios, respectively, for the 14th order reduced model. The rms error in the temperature

prediction is 0.5◦C, which is of the same order as the spatial variation in temperature

that exists inside a zone. The rms errors presented here is for the zone that has the
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Figure 2-6. Temperature predictions (8th order vs. 40th order model). c© Elsevier 2012
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Figure 2-7. Humidity predictions (8th order vs. 40th order model). c© Elsevier 2012

maximum rms error among the four zones. The maximum error in the temperature

predictions is 2.9◦C, which appears during the initial transients. The rms and maximum

error in the humidity ratio predictions are 1.4 × 10−4 and 16 × 10−4, which are 1.6% and

18% of the predictions by the full-scale model, respectively. The maximum error is again

due to the initial condition mismatches, which occurs in the first 20 minutes. After the first

20 minutes, the error is around 1%. We believe that the large initial error is due to the
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Table 2-2. Computation time versus model order. c© Elsevier 2012

Model order Computation time
Full-scale 40 189-397 sec
Reduced 14 38-77 sec

Maximally reduced 8 32-64 sec

difference between the initial conditions of the reduced order and the full-scale model,

which occurs due to the transformation (2–22).

Predictions by the 8th order reduced model are shown in Figure 2-6 and Figure 2-7.

Temperature predictions by the 8th order reduced model show larger error in both

transient and steady state behavior compared to the 14th order model; cf. Figure 2-4. It

is known that reducing the model order increases the prediction errors since the states

corresponding to the large values are truncated. Therefore, the rms and maximum error

in the temperature predictions increases to 2◦C and 9.7◦C, respectively, when the model

order is reduced to 8. However, the error in the humidity ratio predictions are similar to

the 14th order case, i.e., the rms and maximum errors are 1.39 × 10−4 and 16 × 10−4. It

seems to suggest that the variation of humidity ratio due to the temperature mismatch is

small, and that model order has less effect on humidity ratio than on temperature. The

comparison results also illustrate a trade-off between prediction accuracy and reduced

model order.

Table 2-2 presents a comparison between the computation times and model order.

The times reported in the table are the times consumed by MATLAB c© 7.9.0 (R2009b)

in running a simulation of the four-zone building for 24 hours in a Dell with a T3400

2.16 GHz Intel Pentium Dual Duo processor. The table shows that the computation

time reduces by a factor of 6 when the model order is reduced by a factor of 5 (from

40 to 8). We also performed simulations for a 66-zone building model with 2316 states.

The computation time reduces by a factor of 12 when the model order is reduced from

full-scale value (i.e., 2316) to the minimum possible value (i.e., 132).
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2.5 Conclusion and Open Problems

We proposed a novel method for model reduction of a class of non-linear systems

that models the hygro-thermal dynamics in a multi-zone building. The full-scale model

of the building thermal dynamics is constructed using a lumped resistance-capacitance

network. The full-scale model is non-linear and has a larger number of states even for

a moderate number of zones. We exploit the specific sparsity structure of the building

dynamics model and existing techniques for the reduction of linear systems to propose

the reduction method for non-linear systems. The proposed method works very well

in simulations, i.e., the predictions of the zone temperatures and humidities are quite

close to the predictions of the full-scale model even when the model order is reduced

to the minimum possible. The maximum errors occur only during the initial transient

phase, which are due to mismatch in the initial conditions. The error in temperature

and humidity predictions stay small after the transients. It seems that the temperature

predictions are more sensitive to model order than the humidity ratio predictions. It is

observed that scaling of the states and inputs of the full-scale model is required to retain

the prediction accuracy of the reduced model.

The proposed model reduction method is applicable as long as the full-scale model

has the specific sparsity structure as that of (2–7)-(2–8). We expect the full -scale model

to be applicable to a wide range of building systems as the full-scale model is based on

basic mass and heat balance. If there is significant convection between the zones, this

modeling framework may not be applicable. In this situation, the assumptions made in

constructing the full-scale model will not hold. However, the model reduction method

may still be applicable as long as the full-scale thermal model has the same structure as

that of (2–7)-(2–8).

We have ignored thermal interaction among the zones while constructing the

full-scale model. Constructing a reduced order models of inter-zone convective heat

transfer is another important direction to proceed. We have done preliminary work in
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identifying reduced order RC network models of inter-zone convection, which is reported

in [58]. Since the inter-zone convention model is also a lumped resistance-capacitance

network model, it can be directly combined with the full-scale model. In such a case, the

proposed model reduction can be directly applied since the structural properties do not

change with the augmentation of the inter-zone convection model.

2.6 Derivation of Humidity Ratio Dynamics

The humidity ratio W of a zone is defined as

W :=
Mw

Mda

, (2–25)

where Mw is the mass of water vapor and Mda is the mass of dry air in the zone.

Differentiating (2–25) with respect to time gives us

Ẇ =
d

dt

[

Mw

Mda

]

=
ṀwMda −MwṀda

M2
da

=
1

Mda

(Ṁw −WṀda) =
1

Vdaρda
(Ṁw −WṀda), (2–26)

where Vda is the volume of dry air (which is same as the zone volume V ), and ρda is the

density of dry air. It is known from the ideal gas law that ρda = P da

RgT
, where P da is the

partial pressure of dry air, T is the air temperature, and Rg is the specific gas constant of

dry air. Equation (2–26) can now be rewritten as

Ẇ =
RgT

V P da
(Ṁw −WṀda). (2–27)

Ignoring infiltration and exfiltration into and out of the zone, the mass flow rate of air

leaving a zone (mEA) can be decomposed into dry air mass flow rate and water vapor

mass flow rate as

mEA = mEA
da +mEA

w , (2–28)
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where mEA
da and mEA

w are rates of dry air and water vapor rates leaving the zone,

respectively. We can rewrite (2–28) as

mEA = (1 +WEA)mEA
da = (1 +W )mEA

da , (2–29)

where WEA is the humidity ratio of the air leaving the zone, and we have assumed that

the humidity ratio of air in the zone is the same as the humidity ratio of air going out of

the zone. Similarly, flow rate of air entering the zone (min) can be written as

mSA = (1 +W SA)mSA
da , (2–30)

where mSA
da is the flow rate of dry air entering the zone and W SA is the humidity ratio of

the air entering the zone. The following equations follow from mass balance:

Ṁw = npωH2O +mSA
w −mEA

w ,

Ṁda = mSA
da −mEA

da , (2–31)

where mSA
w is the flow rate of water vapor entering the zone. Equations (2–29)

and (2–30) can be rearranged to provide

mEA
da =

1

1 +W
mEA, mEA

w =
W

1 +W
mEA,

mSA
da =

1

1 +W in
mSA, mSA

w =
W SA

1 +W SA
mSA.

(2–32)

Combining (2–32) and (2–31) with (2–27) leads to

Ẇ =
RgT

V P da

[

npωH2O +mSAW
SA −W

1 +W SA

]

. (2–33)

Eq. (2–6) is simply (2–33) applied to each zone.
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CHAPTER 3
ZONE-LEVEL CONTROL ALGORITHMS

3.1 Motivation and Problem Statement

In this chapter, we examine how much energy can be saved by control algorithms

that use information of occupancy and system dynamics, and how the savings depend

on the fidelity of the information. As more fine-grained information is available, we may

be able to save more, but the control algorithm may become more complex. Our focus is

on the zone-level control algorithms that can be used in VAV boxes of individual zones

in existing (and new) commercial buildings: the control inputs that the controller has to

decide are the flow rate and temperature of the air supplied to the zone.

The first and the simplest controller we propose is a rule-based feedback control

law that decides the control inputs based on instantaneous measured occupancy.

This control strategy is called MOBS (Measured Occupancy Based Setback) since it

typically “sets back” the zone temperature set-points and flow rate to smaller values

during unoccupied times. The other two controllers, which we propose, are MPC-based

controllers: MOBO (Measured Occupancy Based Optimal) and POBO (Predicted

Occupancy Based Optimal). Both of the MPC-based controllers are complex and

computationally expensive as they compute the control inputs by solving an optimization

problem. The main difference between the MOBO and POBO controllers is that

MOBO requires occupancy measurements, while the POBO algorithm requires

occupancy prediction. Thus, complexity of the control algorithms increases in the

order BL, MOBS, MOBO, POBO.

By doing the comparison of the above mentioned controllers, we address the

following four questions:

1. How much savings can be obtained if a system model and measurements/predictions

of occupancy are available to a controller?

2. What is the value of occupancy prediction vs. occupancy measurements?
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3. How do the savings depend on the fidelity of information and complexity of the

controller?

4. What is the worth of using optimal control techniques over a feedback method?

The rest of the chapter is organized as follows. The baseline control (which is a

conventional control used in practice) and the proposed control, along with the model of

power consumption, are described in Section 3.2. Section 3.3 describes performance

metrics related to thermal comfort and energy savings. Simulation results to compare

the performance of the controllers are presented in Section 3.4. Section 3.5 concludes

the results and discusses the ways to extend this work in the future. An error analysis of

Euler’s forward method for building dynamic model is presented in Section 3.6.

3.2 Control Algorithms

A schematic of a typical multi-zone commercial building with a VAV-based HVAC

system and a conceptual representation of a control algorithm that can be implemented

in a zone is shown in Figure 3-1. The control inputs are determined by a zone-climate

control algorithm in such a way that thermal comfort and IAQ are maintained in that

zone. The control inputs determined by a zone-level control algorithm are temperature

(T SA) and flow rate (mSA) of the air supplied to that zone by its VAV box. Depending

on the control algorithm, certain measurements and/or predictions may be required by

the control algorithm to compute the control inputs. For instance, the common control

methods used in practice such as single maximum and dual maximum logics [59,

Chapter 47] require only zone temperature measurements. However, a controller based

on optimal control techniques such as MPC requires measurements and predictions of

outside temperature, solar radiation, occupancy, zone temperature and humidity.

We now describe the BL (baseline) controller, and three proposed control

algorithms, MOBS (Measured Occupancy Based Setback), MOBO (Measured

Occupancy Based Optimal) and POBO (Predicted Occupancy Based Optimal). The

information required by each controller and its corresponding complexity are shown in
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Figure 3-1. Generic scheme for zone-level controller’s implementation. c© Elsevier 2013

Table 3-1. The complexity or overall complexity of a controller is defined as the total

amount of information, effort, and computation time required to implement the controller.

The information requirements include measurements, predictions, and building

hygro-thermal dynamics model. Increasing the information requirements increases

both cost and effort required to implement the controller. For eg., more measurements

require installing extra sensors that increase the cost. The effort required to obtain the

measurements and predictions is highly dependent on their types. For instance, the

predictions of outside weather are relatively easier to obtain as compared to that of

occupancy predictions. Similarly, a number of experiments need to be conducted to

calibrated the building hygro-thermal dynamics model. The computation time and effort

required to implement an optimal controller in practice are much higher as compared

to that of an “if-else” controller. Based on the aforementioned factors, the complexity or

overall complexity of the control algorithms increases in the order: 1) BL, 2) MOBS, 3)

MOBO, and 4) POBO.
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Table 3-1. Complexity and information required by various controllers. c© Elsevier 2013
Control Type of occupancy Model Computation Overall

algorithm information required required required complexity
1 BL None No Low Low
2 MOBS Measurements No Low Medium
3 MOBO Measurements Yes High High
4 POBO Predictions Yes High Very High

3.2.1 BL (Baseline) Controller

Among the common control logics used at the VAV boxes to maintain IAQ and

temperature in a zone, we choose the dual maximum [59, Chapter 47] as the “baseline

controller”. Even though the single maximum control [59, Chapter 47] is more common

in existing commercial building, dual maximum is the more efficient of the two. In this

strategy, the control logic is divided into four modes based on the zone temperature: (i)

Re-heating (ii) Heating (iii) Dead-Band and (iv) Cooling, which are shown schematically

in Figure 3-2. The re-heating mode is turned on if the zone temperature stays below

the “Re-heating Set-Point (RTG)” for more than 10 minutes. Similarly, the cooling mode

is turned on if the zone temperature remains above the “Cooling Set-Point (CLG)” for

more than 10 minutes. The heating mode is turned on if the zone temperature stays

between RTG and “Heating Set-Point (HTG)” for more than 10 minutes. The dead-band

mode is turned on if the zone temperature stays between HTG and CLG for more than

10 minutes. In the re-heating mode, the temperature of supply air is set to maximum

possible value (T SA
high), and the flow rate of supply air is varied using a PID controller to

maintain the zone temperature to a desired set-point T set. In the heating mode, the flow

rate of supply air flow rate is set to the minimum allowed value, and the temperature of

supply air is controlled by a PID controller so that the zone temperature is maintained

close to the set-point (T set). The minimum allowed value for the flow rate is determined

as follows

Minimum Allowed Flow Rate = mSA
p np

d + αmSA
low,
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where mSA
p = mOA

p /(1−RRA), mSA
low = mA

z Az/(1− RRA). (3–1)

When α = 1, these calculations yield the minimum airflow requirements specified by

ASHRAE ventilation standard 62.1-2010 [17]. Since the baseline controller does not

use occupancy measurements, the minimum allowed flow rate is calculated using the

designed occupancy np
d that is assumed constant. We have chosen α > 1 to make

IAQ robust to mismatches between actual and designed occupancy. In the dead-band

mode, no re-heating is performed, i.e., T SA = TCA, and supply air flow rate is set to

the minimum allowed value (3–1). In the cooling mode, no heating or re-heating is

performed, i.e., T SA = TCA, but the flow rate of supply air is varied to maintain the

desired set-point T set in the zone.

The desired set-point T set used by the PID controllers during the re-heating,

heating and cooling modes is usually the temperature preferred by the occupants. If

the temperature preferred by the occupants is not known, there are several other ways

to choose the value of T set. One way is to choose T set equals to RTG, HTG and CLG

during the re-heating, heating, and cooling modes, respectively. Another way is to chose

T set as an average of HTG and CLG during all the modes. We choose T set as the

average of HTG and CLG in this chapter, i.e., T set = HTG+CLG
2

. Note that a nighttime

set back is used by the baseline controller in which the set-points RTG and HTG are

decreased while the set-point CLG is increased during a pre-specified period deemed

“nighttime”. The set-points are changed based on the assumption that the zone is not

occupied during the night. This is done to reduce energy consumption.

3.2.2 MOBS (Measured Occupancy Based Setback) Controller

The proposed MOBS controller requires occupancy measurements in addition to

the zone temperature measurements. It is quite similar to the BL controller described

in Section 3.2.1, except for two key differences. First, the minimum allowed flow

mentioned in (3–1) is calculated based on the measured occupancy instead of the
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Figure 3-2. A schematic of the baseline controller (“dual maximum”). c© Elsevier 2013

design occupancy, which is expressed as

Minimum Allowed Flow Rate at time t = mSA
p np(t) + αmSA

low, (3–2)

where np(t) is the occupancy measured at time t, and mSA
p , mSA

low are computed

using (3–1). Second, the temperature set-points during all the modes are determined

based on whether the zone is occupied or not:

RTG(t) = T unocc
RTG

HTG(t) = T unocc
low

CTG(t) = T unocc
high























if np(t) = 0,

RTG(t) = T occ
RTG

HTG(t) = T occ
low

CTG(t) = T occ
high























if np(t) 6= 0. (3–3)

The choice of design variables T unocc
RTG , T occ

RTG, T
unocc
low , T occ

low, T
unocc
high , T occ

high involves a

trade-off between energy savings and thermal comfort. Clearly, the range [T occ
low, T

occ
high]

should be chosen in such a way that occupants feel comfortable if the zone temperature

is within this range. A wider range will results in reduced energy consumption, since

the controller may be able to reduce reheating during low thermal load conditions and

reduce the airflow during high thermal load conditions. Too wide a range will, however,

make the occupants feel uncomfortable. As a general rule, the parameters for the
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unoccupied periods should be chosen so that

[T occ
low, T

occ
high] ⊆ [T unocc

low , T unocc
high ], (3–4)

i.e., the temperature is allowed to vary within a wider range of values during unoccupied

periods than in occupied ones. This is expected to result in energy savings as well.

However, even in unoccupied times it is not recommended to let the temperature deviate

too far from what is allowed during occupied times. Otherwise, when the zone becomes

occupied again, it will take a long time to bring the temperature back to the range

allowed during the occupied time, which will make occupants feel uncomfortable. In

addition, allowing too low temperature may cause condensation on surfaces leading

to mold growth. Similarly, choosing the reheating set-points (T unocc
RTG , T occ

RTG) far from the

heating set-points (T unocc
low , T occ

low) is likely to result in high energy savings but also makes

people feel more uncomfortable.

The algorithm described above is termed MOBS (Measured Occupancy Based

Setback) control because, in general, it sets back the temperatures (RTG, HTG, and

CLG) and the flow rate of supply air when the zone is not occupied.

3.2.3 MPC-based Controllers

In this section, we propose two MPC-based control algorithms: MOBO and POBO.

The block diagram of the implementation of the MOBO and POBO controllers is shown

in Figure 3-3. Time is measured with a discrete index k = 0, 1, . . . , where the time period

between k and k + 1 is denoted by ∆t. Both the MPC-based controllers compute the

control inputs (T SA(k), mSA(k)) over K time indices by solving an optimization problem,

which minimizes total energy consumption over that period while maintaining thermal

comfort and IAQ. The control inputs are applied at the current time index k, and the

optimization problem is solved again at time index k + 1 to compute the control inputs for

the next K time steps. The whole process is repeated at the (k + 1)-th time index.
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To solve the underlying optimization problem, both the MPC-based controllers need

(i) predictions of the exogenous inputs such as TOA, WOA, Qs and np, over the time

horizon of optimization, (ii) a model of the zone hygro-thermal dynamics, and (iii) initial

state of the hygro-thermal dynamics model. The predictions of exogenous inputs TOA,

WOA, and Qs are assumed available from weather forecasts. The process of obtaining

occupancy predictions (np) is explained later when both the controllers are explained

in detail. The model of building hygro-thermal dynamics and power, which is used by

both the controllers, is explained next. An EKF (Extended Kalman Filter)-based state

observer is used to estimate the initial state of the model at the start of the optimization.

The continuous-time reduced order model of the building hygro-thermal dynamics

is the same as (2–21). The continuous-time reduced order coupled ODE model is

discretized using Euler’s forward method to obtain a discrete-time model, which can be

expressed as

Tr(k + 1) = ATr(k) +Bv(k) + F (Tz(k),Wz(k), u(k), v(k)),

Wz(k + 1) = L(Tz(k),Wz(k), u(k), v(k)), Tz(k) = C1Tr, (3–5)

where A and B are the matrices obtained after the discretization of (2–21), F and L

are the non-linear functions after the discretization of (2–21), the vector v(k) consists of
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exogenous inputs, and the vector u(k) consists of the control inputs (mSA(k), T SA(k)),

i.e., u(k) = [mSA(k), T SA(k)]T . The interested reader can refer to Section 3.6 for the error

analysis of Euler’s forward method applied to the building thermal model.

The total power consumption P (k) at the time index k, which is a sum of fan power

PF (k), reheating power PR(k), and conditioning power PU(k), is given by

P (k) , PF (k) + PU(k) + PR(k). (3–6)

If we want to emphasize the dependency of total power on the control inputs, we write

it as P (u(k). Since we ignore the AHU dynamics, the power consumed in conditioning

the air is a function of the instantaneous temperature and humidity. The fan power, the

reheating power, and the conditioning power are given by

PU = mSA((1−RRA)hOA +RRAhEA − hCA), PF = βmSA, PR = mSA(hSA − hCA), (3–7)

where β = κP s

ηfηdηm
as shown in [60, Chapter 4], [61, Chapter 10], [62, Chapter 21]. The

parameter κ is a unit-conversion constant, which depends on the units chosen for the

fan power, total static pressure P s, and flow rate mSA, eg., κ = 1/6356 when the units

of fan power, flow rate, and total static pressure are Hp, cfm, and in. w.c., respectively.

The parameters ηf , ηd, and ηm are the efficiencies of fan, drive, and motor that drives the

fan, respectively. We have assumed a constant value of the total static pressure. Since

the efficiencies are already constant for a particular fan system, the parameter β turns

out to be a constant that depends on the fan system. The specific enthalpy terms can be

calculated using (2–5). The energy E(k) consumed during the time [(k − 1)∆t, k∆t] is

estimated as

E(k) = ∆tP (u(k)). (3–8)
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3.2.3.1 MOBO (Measured Occupancy Based Optimal) Controller

The proposed MOBO controller is an MPC-based control strategy. In this scheme,

we assume that the instantaneous occupancy measurements at the k-th time index

are available to the controller. However, MPC requires predictions of all exogenous

inputs to perform the optimization involved in computing the control inputs. Therefore,

some form of occupancy predictions must be provided to the controller. Moreover,

occupancy predictions determine the range in which the zone temperature is allowed to

stay based on whether the zone is occupied or not. Since only instantaneous occupancy

measurements are available, we assume that the predicted occupancy for the next

K time indices is same as the measured occupancy at the k-th time period: np(i) =

np(k), i ≥ k.

The control logic is divided into two modes: (i) Occupied and (ii) Unoccupied, which

are explained below in detail.

Occupied Mode: The controller operates in the occupied mode if the zone is

occupied at the k-th time index, i.e., the measured occupancy at the beginning of the

time interval [k∆t, (k + 1)∆t] is at least 1. The optimal control inputs for the next K time

indices are computed by solving the following optimization problem:

U⋆ := argmin
U

G(U), (3–9)

where U = [u(k)T , · · · , uT (k + K)]T ∈ R
2(K+1) and G(U) =

∑k+K
i=k E(i), subject to the

following constraints:

T occ
low ≤ Tz(i) ≤ T occ

high,

W occ
low ≤ Wz(i) ≤ W occ

high,

TCA ≤ T SA(i) ≤ T SA
high

mSA
p np(i) + αmSA

low ≤ mSA(i) ≤ mSA
high



































∀i = k, . . . , k +K. (3–10)

The first two constraints mean that the zone temperature and humidity ratio are allowed

to vary in the range of [T occ
low, T occ

high] and [W occ
low, W occ

high], respectively. The third constraint
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simply take actuator capabilities into account, since the VAV box can only increase the

temperature of the supply air above the conditioned air temperature. The upper bound

in the third constraint is due to the amount by which the reheat coil can increase the

temperature of the supply air. The fourth constraint means that there is a lower and

upper bound on the flow rate of supply air entering the zone (mSA). The lower bound on

the flow rate is same as (3–2), while the upper bound mSA
high reflects the maximum flow

rate possible when the dampers in the VAV box are completely open.

The choice of the design variables T occ
low, T occ

high, W occ
low, W occ

high involve a trade-off

between energy savings and potential occupant discomfort. As explained in the

Measured Occupancy Based Setback controller, the greater the range that the

temperature and humidity are allowed to vary in, both the potential energy savings

and occupant discomfort are larger.

After solving the optimization problem (3–9)–(3–10) at time k, only the part of U∗

corresponding to the current time index k is implemented.

Unoccupied Mode: The controller operates in the unoccupied mode if the measured

occupancy at the time index k, i.e., at the beginning of the k-th time period, is observed

to be 0.

At the k-th time index, the optimal control inputs for the next K time indices are

obtained by solving the following optimization problem:

U⋆ := argmin
U

G(U), (3–11)

subject to the following constraints:

T unocc
low ≤ Tz(i) ≤ T unocc

high

W unocc
low ≤ Wz(i) ≤ W unocc

high

αmSA
low ≤ mSA(i) ≤ mSA

high

TCA ≤ T SA(i) ≤ T SA
high



































∀i = k, . . . , k +K. (3–12)
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The reason for these constraints is the same as that explained previously in the

Section 3.2.3.1. The constraints on the zone temperature and humidity ratio during the

unoccupied mode, however, are chosen in such a way that [T unocc
low , T unocc

high ]⊇[T occ
low, T occ

high],

and [W unocc
low , W unocc

high ]⊇[W occ
low, W occ

high]. This allows the controller to let the temperature

and humidity ratio to vary in a wide range when the zone is unoccupied, which leads

to reduced energy usage. The choice of the parameters for the unoccupied times also

involves a trade-off as mentioned in the Section 3.2.3.1. The farther the parameters

are from their counterparts for the occupied mode, the greater is the energy savings

potential, but also greater is the risk of occupant discomfort when occupancy changes.

3.2.3.2 POBO (Predicted Occupancy Based Optimal) Controller

The proposed POBO controller is also an MPC-based control strategy, which is

similar to the POBO controller but with an important difference. The POBO controller

has access to occupancy predictions from the time index k to k +K. The optimal control

inputs for the next K time indices are obtained by solving the following optimization

problem:

U⋆ := argmin
U

G(U), (3–13)

subject to the following constraints:

T occ
low ≤ Tz(i) ≤ T occ

high, if n
p(i) 6= 0

W occ
low ≤ Wz(i) ≤ W occ

high, if n
p(i) 6= 0

TCA ≤ T SA(i) ≤ T SA
high

mSA
p np(i) + αmSA

low ≤ mSA(i) ≤ mSA
high



































∀i = k, . . . , k +K. (3–14)

The first two constraints mean that the zone temperature and humidity ratio are allowed

to vary in the allowed range of [T occ
low, T occ

high] and [W occ
low, W occ

high], respectively, during

the occupied time. However, there are no constraints on the zone temperature and

humidity ratio when the zone is not occupied. The last two constraints are same as the

last two constraints of the optimization problem (3–9)–(3–14). Once the optimization
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problem (3–13)–(3–14) is solved at time k, only the part of U∗ corresponding to the

current time index k is implemented.

Remark 1. By choosing α > 1, we ensure that for all the controllers the minimum flow

rate during unoccupied times is greater than that prescribed by ASHRAE ventilation

standard 62.1-2010 [17]. The primary reason for doing so is to make the resulting

IAQ robust to the errors in occupancy measurements or predictions. It also makes

IAQ robust to the uncertainty in the measured flow rate and damper position. By

ensuring good IAQ even during the times when the zone is predicted to be unoccupied

(whether correctly or not), the problem of predicting the effect of control inputs on IAQ is

eliminated for the proposed controllers.

3.3 Performance Metrics

The energy consumed by a controller C over a period ∆T is EC =
∑i=∆T

∆t

i=1 EC(i),

where EC(i) is the energy consumed by the controller C during the time [(i− 1)∆t, i∆t],

calculated using (3–8). An energy related performance metric is the “% savings over the

baseline controller” that is defined as

% Savings =
EBC − EC

EBC

, (3–15)

where EC and EBC are the energy consumed by the controller C and the baseline

controller, respectively, over the same time period. The parameter ∆T is chosen as

24 hrs in this dissertation.

We choose two metrics for analyzing the thermal comfort related performance of

the controllers: (i) Temperature Violation DT and (ii) Humidity Violation DH , which are

defined as

DT =























−Tz(t) + T occ
low, if Tz(t) < T occ

low and np(t) 6= 0

Tz(t)− T occ
high, if Tz(t) > T occ

high and np(t) 6= 0

0, otherwise























,
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DH =























−Wz(t) +W occ
low, if Wz(t) < W occ

low and np(t) 6= 0

Wz(t)−W occ
high, if Wz(t) > W occ

high and np(t) 6= 0

0, otherwise























.

The metrics (DT /DH) measure the deviation of the zone temperature/humidity from

the allowed range during occupied times. The temperature and humidity violations

are considered 0 during the unoccupied times since there is no one in the zone. The

average temperature violation (DT ) and the average humidity violation (DH) during time

period ∆T are defined as

DT =
1

∆T

∫ ∆T

0

DT (t)dt ≈
1

L

L
∑

k=1

DT (k), DH =
1

∆T

∫ ∆T

0

DH(t)dt ≈
1

L

L
∑

k=1

DH(k),

(3–16)

where L = ∆T/∆t. According to ASHRAE [27, Chapter 8], as long as people are

wearing clothing of thermal resistance between 0.0775 m2K/W and 0.155 m2K/W ,

doing primarily sedentary activity, and the air speed in the zone is less than 0.2 m/s,

then ensuring that the temperature and humidity of the zone stays within certain range

ensures thermal comfort of occupants (see Figure 3-7 in Section 3.4.2). Therefore,

with appropriate choice of the parameters T occ
(·) and W occ

(·) , the temperature and humidity

violations defined above can be used as metrics for thermal comfort. Though Predicted

Mean Vote (PMV) [27, Chapter 8] is a widely used metric to evaluate thermal comfort, it

is a function of complex factors such as metabolism rate, clothes worn by the occupant,

etc., which is quite difficult to compute in real-time. Therefore, we use temperature and

humidity violations to evaluate the thermal comfort, which are simpler to compute as well

as more robust to assumptions made about the occupants.

Though IAQ is as important concern as thermal comfort, if not more, we do not

define a metric to measure “IAQ performance” of the proposed controllers. Though

CO2 and volatile organic compounds contribute to poor IAQ, there is no well defined

numerical measure to calculate IAQ [63]. Instead, we impose constraints on the
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minimum flow rate such that IAQ is maintained by all the proposed controllers, even

during unoccupied times (see also Remark 1).

3.4 Simulation Results

3.4.1 Model Calibration and Validation

Data from zone 247 in Pugh Hall at the University of Florida, Gainesville, FL, USA is

used to calibrate the model (2–7), which is shown in Figure 3-4. Zone 247 is an interior

room on the 2nd floor in the Pugh Hall, which only has interior walls. Each interior wall in

zone 247 has a height of 2.7m and the width of the internal walls is shown in Figure 3-4.
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Figure 3-4. Layout of zone 247 on the 2nd floor in Pugh Hall at the University of Florida.

Measurements of the zone temperatures, supply air temperatures and flow rates

are obtained from the Building Automation System at 10-minute intervals. The model is

calibrated by tuning the total thermal resistance per unit area of the “internal walls” to

minimize the error between the measured temperature and the predicted temperature

of the zone. Data for a 48 hour time period (Jan 29–Jan 30, 2011) is used to calibrate

the model. It is assumed that there are no occupants during this time as this time

corresponds to a weekend. The comparison between the measured and predicted

temperatures with the calibrated model are shown in Figures 3-5A–3-5B. The validation

data set (midnight Feb 5th through midnight of Feb 6th, 2011) also is chosen during a
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weekend. It is clear from Figure 3-5B that the temperature predictions by the model are

close to the measured values.
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Figure 3-5. Predicted and measured temperatures in zone 247. c© Elsevier 2013

3.4.2 Choice of Parameters

Simulations are carried out for a model of three several types of zones. All the

zones have one external wall, one window, and three internal walls. The three internal

walls are of the same type. It is assumed that the floor and the celling are perfectly

insulated, and the windows have negligible thermal capacitance. Each zone has the

same window and same external wall construction, but the internal walls construction

vary from zone to zone. A type-1 zone has internal walls of high thermal resistance and

low thermal capacitance. The internal walls of a type-2 zone have low thermal resistance

and high thermal capacitance while the internal walls of a type-3 zone have low thermal

resistance and low thermal capacitance. We do not consider a zone with internal walls

of high thermal capacitance and high thermal resistance as this is unusual. The reason

to choose these three types of internal walls for this study is that the Pugh Hall has

these types of internal walls. The relative thermal resistance and capacitance values

of any two types of internal walls with respect to the values of the third type of internal

wall are known from their material properties. Therefore, if the thermal resistance

and capacitance of any type of internal wall are known, the thermal capacitances and
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resistances of the other two types of internal walls can be estimated by using their

relative values. The resistance and capacitance values for the zone type-3 are obtained

by the calibration and validation for the dynamic model of zone 247, which is of zone

type-3, as shown earlier in Section 3.4.1. The total thermal resistance and capacitance

values of the internal walls of zone type-3 are increased to estimate the resistance and

capacitance of the internal wall of type-1 and type-2 zones. The resulting resistance and

capacitance values are shown in Table 3-2.

Table 3-2. Total thermal resistance and capacitance of window and walls. c© Elsevier
2013

Internal Wall External Wall Window
Zone Total Thermal Total Thermal Total Thermal Total Thermal Total Thermal

Type Resistance (m
2K
W

) Capacitance ( kJ
m2K

) Resistance (m
2K
W

) Capacitance ( kJ
m2K

) Resistance (m
2K
W

)
1 2.7 31
2 0.5 368 2.7 368 0.5
3 0.5 31

The boundaries of each zone that are separated from the zone through the

internal walls are assumed to have a constant temperature of 22.2◦C. The external

wall separates a zone from outside weather. Three types of outside weather conditions

are considered: cold, hot, and pleasant. Figure 3-6 shows the temperature and humidity

data for the cold (Jan 14, 2011), hot (Jul 31, 2011), and pleasant (Mar 16, 2011) days

in Gainesville, FL, USA. “Pleasant weather” is non-standard terminology; we use it to

denote the weather that is neither hot nor cold.
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Figure 3-6. OA temperature and relative humidity in Gainesville, FL, USA. c© Elsevier
2013
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The maximum flow rate supplied by all the controllers is chosen as 0.125 kg/s.

From ASHRAE ventilation standard 62.1-2010 [17] requirements and return air ratio

shown in Table 3-3, it turns out that mSA
p = 0.005 kg/s and mSA

low = 0.015 Kg/s and.

These values are computed using (3–1), with Az = 25 m2. For the BL controller, the

Minimum Allowed Flow Rate is chosen as 0.05 kg/s, which corresponds to a designed

occupancy of approximately 5 persons for that given zone. This is also the minimum

flow rate that is currently being used by the existing control logic in zone 247 of Pugh

Hall. The IAQ factor of safety is chosen as α = 1.7 so that the minimum flow rate for

the MOBS, MOBO, and POBO controllers during the unoccupied mode turns out to be

αmSA
low = 0.0255 Kg/s. For the BL controller, the temperatures: RTG, HTG, and CLG

are set to 21.8◦C, 21.9◦C, and 23.6◦C, respectively, from 6 : 30 a.m. to 10 : 30 p.m.

During the time 10 : 30 p.m.–6 : 30 a.m., the temperatures: RTG, HTG, and CLG for

the BL controller are chosen as 20.9◦C, 21.1◦C, and 24.4◦C, respectively. This nighttime

setback is currently used in the Pugh Hall.

Other design parameters are shown in Table 3-3. It is shown in Table 3-3 that the

set-points (RTG, HTG, and CTG) are changed symmetrically around the set-point T set

based on whether the zone is occupied or not. Since T set = RTG+CLG
2

as mentioned in

the Section 3.2.1, the desired set-point T set stays constant.

It is also assumed that the initial values of all the temperatures states (i.e., zone

temperature and temperature values corresponding to the interior of the walls) and zone

humidity ratio are 22.2◦C and 0.009, respectively.

Table 3-3. Design parameters used in the various zone-level controllers. c© Elsevier
2013

Temperature Parameters
T set T SA

low T SA
high T unocc

RTG T occ
RTG T occ

low T occ
high T unocc

low T unocc
high TCA

(◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C)
22.8 12.8 30.0 20.9 21.8 21.9 23.6 21.1 24.4 12.8

Humidity and Other Parameters
Wunocc

low W occ
low Wunocc

high W occ
high WCA K ∆t ∆T RRA np

d

( g
kg

) ( g
kg

) ( g
kg

) ( g
kg

) ( g
kg

) (min) (hr) (%)
7.4 7.4 10 10 7.4 3 10 24 40 5
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In Figure 3-7, the comfort envelope specified in [27, Chapter 8] is shown in the

striped black area, and the envelope chosen here during the occupied and unoccupied

time is shown in dashed red and blue boxes, respectively. The comfort envelope is

defined by the constraints on the zone temperature and humidity ratio. As long as

certain assumptions on occupants clothing etc., are satisfied (see Section 3.3), thermal

comfort is ensured if temperature and humidity ratio are maintained within the shaded

regions shown in the figure. The constraints on the zone temperature and humidity ratio

are chosen so that when they are met, the zone-climate meets the ASHRAE mandated

conditions [27].

Comfort envelope during 

the occupied time 

used here 

Comfort envelope during 

the unoccupied time 

used here 

Figure 3-7. Comfort envelope during occupied and unoccupied times. c© Elsevier 2013

3.4.3 Performance Comparison

In this section, we compare the performance of BL, MOBS, MOBO, and POBO control

algorithms that are described in Section 3.2. Simulations are performed using

MATLAB c©; while IPOPT [64] is used to solve the optimization problems for the

MOBO and POBO control algorithms.

Each zone is occupied by a person from 8 : 00 a.m. to 12 : 00 p.m., and 1 : 00 p.m.

to 5 : 00 p.m., everyday, which is the occupancy profile used during the simulations for

all the controllers. The MOBS and MOBO controllers use instantaneous occupancy

measurements, while the POBO controller uses occupancy predictions. The occupancy
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measurements can be obtained using CO2 sensors [6, 19], while the occupancy

predictions can be estimated using the dynamic occupancy models [6, 18]. In this

work, we assume that occupancy predictions are available to the POBO controller.

The total daily energy consumption, average temperature violation, average humidity

violation, and % savings over the baseline controller are shown in Table 3-4. It is clear

from the table that depending on the zone type and outside weather, the MOBS and

MOBO controllers result in 42–59% and 45–59% energy savings, respectively,

over the baseline controller. Recall that both the MOBS and MOBO controllers use

occupancy measurements; not predictions. We also see from the table that the

POBO controller—which requires occupancy predictions—can result in additional

energy savings over the MOBS and MOBO controllers by an amount varying from

1% to 13%, again depending on zone type and weather. All the controllers have very

small average temperature violation, and uniformly zero average humidity discomfort,

irrespective of the zone type or weather. Recall that IAQ is maintained at all times due to

the constraint on the minimum airflow rate. The results indicate that the energy savings

from the proposed controllers are achieved with minimal impact on either thermal

comfort or IAQ.

Table 3-4. Daily energy consumption, % Savings, and violations. c© Elsevier 2013
Cold Hot Pleasant

Zone Control E Savings DT DH E Savings DT DH E Savings DT DH

Type Scheme MJ % ◦C
g
kg

MJ % ◦C
g
kg

MJ % ◦C
g
kg

BL 93.4 - 0.007 0 179.4 - 0.003 0 78.3 - 0.004 0
1 MOBS 53.5 42.7 0.026 0 97.5 45.6 0.014 0 41.5 47.0 0.018 0

MOBO 50.6 45.8 0.006 0 93.7 47.7 0.004 0 39.0 50.1 0.006 0
POBO 41.5 55.6 0 0 83.9 53.2 0 0 33.6 57.1 0 0

BL 86.8 - 0.005 0 173.7 - 0.001 0 72.2 - 0.003 0
2 MOBS 42.1 51.4 0.016 0 79.6 54.2 0.001 0 29.9 58.6 0.008 0

MOBO 40.2 53.7 0.004 0 80.0 54.0 0 0 30.2 58.2 0.001 0
POBO 35.9 58.7 0 0 78.9 54.6 0 0 28.4 60.7 0 0

BL 91.9 - 0.007 0 178.4 - 0.002 0 76.8 - 0.004 0
3 MOBS 49.7 45.9 0.023 0 92.2 48.3 0.013 0 38.4 49.9 0.021 0

MOBO 47.3 48.5 0.006 0 90.0 49.5 0.002 0 36.2 52.8 0.005 0
POBO 40.5 56.0 0 0 83.3 53.3 0 0 32.9 57.2 0 0
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The energy savings are due to the reduction of supply air flow rate and the increase

in the allowable temperature range when the zone is not occupied. Reduction of the

flow rate decreases fan-, conditioning-, and reheating-energy consumption. Increasing

the allowable temperature range results in less reheating energy usage at the VAV box,

because the zone temperature is allowed to be lower during unoccupied times than what

the baseline controller allows. For every zone, the total energy consumption is maximum

during hot weather because the AHU consumes more energy to condition the hot and

humid outside air than to condition the cold dry air. Among the three weathers, pleasant

weather leads to the minimum energy consumption due to the small conditioning

and reheating energy requirements. For a fixed zone, the fan energy consumption is

approximately the same during all the weather conditions.

Given a controller and an outside weather, we observe that Ezone type−2 <

Ezone type−3 < Ezone type−1. Among the three types of zones, the zone of type-2 consumes

the least amount of energy. This is because the walls of zone type-2 have low thermal

resistance and high thermal capacitance, and the surrounding spaces of the zone that

are separated by the internal walls are maintained at 22.2◦C. The low thermal resistance

helps maintain the zone temperature close to 22.2◦C by fast transfer of energy from

the surroundings through the internal walls, without the controller having to expend

much energy. In addition, the high thermal capacitance causes the internal walls to

store energy, which helps in maintaining the zone temperature. Type-1 zone consumes

the maximum amount of energy due to the high thermal resistance and low thermal

capacitance of the internal walls. The high thermal resistance does not allow easy

transfer of energy from the surroundings through the internal walls, which, since they are

maintained at 22.2◦C, could have helped the controller to maintain the zone temperature

around 22.2◦C with less effort. In addition, the low value of thermal capacitance does not

help in storing energy as in the case of type-2 and type-3 zones.
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The average temperature violation DT with either the BL controller or the MOBS controller

is more than the average temperature violation DT with the MOBO controller for a fixed

zone. This occurs because the BL and MOBS controllers wait for 10 minutes to turn on

the heating/cooling mode. Among all the controllers, the average temperature violation

DT is maximum for the MOBS controller. Since the MOBS controller increases the

temperature range during the daytime if unoccupied, it takes long time for the zone

temperature to come back to the allowable range when the zone becomes occupied

again. However, the BL controller does not increase the allowable temperature range

during the daytime even if the zone is not occupied. Therefore, the average temperature

violation with the MOBS controller is more than the average temperature violation with

the BL controller.

The simulation results shown above are for the case when occupancy varies

between 0 and 1, and for Gainesville, FL, USA location. We have also conducted

simulations for three more cases: i) occupancy varies between 0 and 3; location:

Gainesville, FL, USA, ii) occupancy varies between 0 and 1; location: Phoenix, AZ,

USA, and iii) occupancy varies between 0 and 3; location: Phoenix, AZ, USA. The

weather days for Phoenix are chosen as Jan 14, Jul 31, and Mar 16 of 2011, which are

the same days chosen for Gainesville; see Section 3.4.2. Very similar % savings over

the baseline controller, and average temperature/humidity violations, are obtained for all

the cases by all the proposed controllers.

MPC vs. feedback, with occupancy measurements: While the MOBS controller

uses simple rule-based feedback control that requires temperature and occupancy

measurements, the MOBO controller is a much more complex MPC-based control

scheme that requires predictions of relevant state variables and exogenous signals. Yet,

the results above show that the performance of the MOBS and MOBO controllers are

quite similar in terms of energy savings and thermal comfort. This is due to the fact that

without occupancy predictions, the MPC-based controller is not able to take advantage
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of its powerful optimization algorithm. If the predictions are available, MPC-based control

may be able to reduce the airflow and let the temperature “vary”, thus saving energy,

and then bring it back up right before the zone is about to be occupied. In the absence

of such predictions, the MPC-controller can only do what a well-designed feedback

controller will also do, i.e., set back the zone temperature when the zone is unoccupied,

but not too much so that it can be changed quickly when occupancy changes, and

maintain some minimum airflow to ensure good IAQ.

One main concern during the initial stages of the research was that the slow

thermal dynamics of a typical zone, along with the limitations of the actuators, will make

the response of the closed-loop control system too slow to ensure occupant comfort

during the transition period when occupancy changes. However, the simulation results

reported here show that this concern can be mitigated by appropriate choice of the

allowed temperature and humidity bands.

Utility of occupancy predictions: One surprising observation is that the additional

savings of the POBO controller over the MOBS and MOBO controllers are small,

1–13%, even though the POBO controller uses occupancy predictions while the

other two only use measurements. One could expect large energy savings by the

POBO controller as occupancy predictions are available and the controller can turn

the airflow rate quite low. The small additional savings are due to the ventilation

requirements. ASHRAE ventilation standard 62.1-2010 [17] requires a certain amount

of outside air, which depends on the floor area even when the zone is unoccupied. For

a typical medium sized office with a small design occupancy (1-5 people), the resulting

minimum flow rate turns out to be a significant fraction of the nominal airflow rate during

occupied periods. Savings would be more if the ventilation rates during the unoccupied

times were to be smaller than what are prescribed by current standards. For instance,

the older ASHRAE ventilation standard 62.1-2001 [65] did not require outside air supply

during unoccupied times. We have also performed simulations with a minimum airflow
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rate of 0 during unoccupied times. In that case the savings with the POBO controller

increases up to about 80% over the baseline controller. That is, the additional savings

possible with occupancy predictions—compared to occupancy measurements—now

turns out to be about 40%.

3.5 Discussion and Future Work

We examine how a controller performance is affected by its complexity, where the

goal of the controller is to minimize energy consumption while maintaining comfort

level in a zone in a commercial building with a VAV-based HVAC system. For that

purpose, we propose three control algorithms of varying complexity and requiring

varying amount of information: MOBS, MOBO and POBO. The performance of the

proposed controllers are compared through simulations with that of a conventional

controller (BL controller). The BL controller uses temperature feedback but not real-time

occupancy information. In contrast, the proposed MOBS and MOBO controllers require

occupancy measurements, and the proposed POBO controller requires occupancy

predictions. While the MOBS controller is a feedback-based control algorithm, the

MOBO and POBO controllers are MPC-based algorithms. Simulation results show that

all the proposed controllers lead to 50% energy savings on average (depending on zone

type, weather, climate, design occupancy, etc.) with negligible impact on IAQ or thermal

comfort.

The study shows that even a simple feedback-based algorithm can perform as

well as an MPC-based algorithm as long as only occupancy measurements are

available. Another conclusion of this study is that the additional energy savings with

an MPC-based control that uses occupancy predictions—over one that only uses

measurements—are small. The small additional savings are due to the restriction on

the minimum airflow during the unoccupied times that comes from current ASHRAE

ventilation standard 62.1-2010 [17]. The minimum ventilation rate requirements during

the unoccupied time are to take out the water vapor released by the equipment,
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furniture, etc., which contribute a significant amount to the minimum ventilation

requirements during the occupied times for a typical medium sized office. If lower

ventilation rates are allowed during unoccupied times, as earlier standards did [65], it is

possible to save significantly more energy by using occupancy predictions; assuming

of course that such predictions can be obtained. In that case, the significant energy

savings will come from the reduction in the energy consumed to condition the air at

AHU especially during the unoccupied time as the minimum allowed flow rates are

low during that time. However, with the current standards [17], MPC-based control

provides only 1 − 13% energy savings over much simpler feedback-based strategies,

even when occupancy predictions are available. At the same time, considerable effort

is required in developing/calibrating/validating the dynamic models required by the

controller, and the numerical optimization involved make the controller computationally

complex. Therefore, the use of MPC-based zone-climate control of existing VAV systems

may not be economically justified. A feedback controller is the most appropriate control

algorithm to be used at the zone-level as it is simple, computationally fast, requires

minimal investment in hardware and software, and results in energy savings quite similar

to that of much more complex control algorithms.

This study shows that occupancy measurement is an important component of

energy-efficient zone-climate control. If the zone is designed for a single person such

as an office, a motion detector can be used to measure occupancy. However, if the

zone is designed for multiple occupants, obtaining accurate instantaneous occupancy

is not trivial though several algorithms have been developed [6, 18, 19]. Development

of reliable yet inexpensive sensors that can measure occupancy will greatly facilitate

the deployment of occupancy-based energy-efficient building control. The controllers

proposed here have some robustness to errors in occupancy measurements due to their

higher-than-needed minimum airflow.
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3.6 Error Analysis of Discretized Model of Hygro-thermal Dynamics

Suppose we have a set of continuous-time ordinary differential equations as

Ṫ = f(t, T ), (3–17)

where T = [T 1, T 2, ..., TN ]T ∈ R
N is a temperature vector and f = [f 1, f 2, ..., fN ]T .

The discretization of (3–17) at nth time index, with ∆t being the time index, using Euler’s

forward method leads to the following expression

Tn+1 = Tn +∆tf(tn, Tn). (3–18)

Using Taylor series expansion around tn on the dynamics of T 1, which is the first row

in (3–18), T 1 can be written as

T 1(tn+1) = T 1(tn) + hf 1(tn, T (tn)) + 0.5∆t2T̈ 1(τ1),where τ1 ∈ [tn, tn+1]. (3–19)

By applying mean value theorem on function f 1, we get

f 1(tn, T (tn)) = f 1(tn, Tn)− f 1
T (η1)(T (tn)− Tn), (3–20)

where f 1
T = df

dT
, and η1 ∈ [Tn, T (tn)]. Combining (3–19) and (3–20), T 1 can be expressed

as

T 1(tn+1) = T1(tn) + ∆tf 1(tn, Tn)−∆tf 1
T (η1)(T (tn)− Tn) + 0.5∆t2T̈ 1(τ1). (3–21)

Subtracting (3–18) from (3–21) gives us the following equation

E1(tn+1) = E1(tn) + ∆tf 1
T (η1)E + 0.5∆t2T̈ 1(τ1), (3–22)

where E = [E1, E2, ...EN ], and Ei = T i(tn) − T i
n, i ∈ 1, 2..., N . Combining (3–22) in a

vector form for every i from 1 to n, we can compactly rewrite as

E(tn+1) = (I +∆t[f 1
T (η1)

T , f 2
T (η2)

T , ..., fN
T (ηn)

T ]T )E + 0.5∆t2[T̈ 1(τ1), T̈ 2(τ2), ..., T̈N(τn)]
T .

(3–23)
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Using 2-norm on both the sides, the above equation can be written as

|E(tn+1)| ≤ (1 + ∆tK)|En|+ 0.5∆t2[M,M, ...,M ]T , (3–24)

where K = max(|f 1
T (η1)|, |f

2
T (η2)|, ..., |f

N
T (ηn)|), and M = max(|T̈ 1(τ1)|, |T̈ 2(τ2)|, ..., |T̈N(τn)|),

which further implies that

|Ei(tn+1)| ≤ (1 + ∆tK)|Ei
n|+ 0.5∆t2M, for any i ∈ [1, N ]. (3–25)

After substituting all the values used by the model, as provided in Section 3.4, in the

above expression, it is found that M = 2.5 × 10−5 and K = 2 × 10−4. Using the values

of M and K in (3–25) gives us the global truncation error norm |En| as 1.62◦C in 30 min,

which is calculated using the formula |En| <
M∆t
2K

(eKtn − 1).

Note that the global truncation error shown above is obtained through a very

conservative analysis. It has also been shown in [66] that this type of analysis is very

conservative. We have simulated the continuous model and discretized model for

the same inputs, and the maximum difference between the temperature predicted by

the continuous and discretized models is less than 0.1◦C. Moreover, all the control

algorithms have some degree of temperature feedback built in, which takes the actual

measurements and updates the control inputs based on the measurements. The time

at which all the controllers use feedback is less than the optimization horizon for which

the above error analysis is done. For eg., the optimization time horizon is 30 min for the

MOBO controller, and it uses feedback after every 10 min. The global truncation error

in 10 min is 0.48◦C, which is much less than the global error for 30 min . Furthermore,

the measurements from pre-installed sensors in the building have a resolution of 0.5◦C.

Therefore, we believe that the global truncation error obtained through this discretization

is small enough for the purpose of controllers’ comparison.
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CHAPTER 4
EXPERIMENTAL RESULTS

In the last chapter, the performance of the BL, MOBS, MOBO, and POBO controllers

was compared through simulations. It was shown that the MOBS and MOBO controllers

result in 40− 60% energy savings over the BL controller when occupancy measurements

are used. Also, the MOBS controller performs as well as the MOBO controller. In the

last chapter, only simulations were performed. In this chapter, we describe experiments

in which the BL, MOBS, and MOBO controllers are implemented in a zone in Pugh Hall

at the University of Florida. It is shown that the experimental results correspond well

with the simulation results: 1) 60 − 70% energy savings while maintaining comfort level

are obtained with the controllers that use occupancy measurements, 2) feedback-based

controller performs as well as advanced MPC-based controller. The experiments also

revealed that the deviation between predicted and actual can be large due to uncertainty

in actuator response.

The rest of this chapter is organized as follows. Section 4.1 describes the geometry

and model calibration/validation of the zone used while conducting the experiments.

Experimental setup and the choice of parameters used by the controllers are described

in Section 4.2. Section 4.3 shows the results obtained from the controllers during

experiments and simulations. Section 4.4 concludes the chapter with a discussion of the

results.

4.1 Model Validation

Experiments are performed in zone 241 on the second floor in Pugh Hall at the

University of Florida campus, Gainesville, FL, which is shown in Figure 4-1. Zone 241

is a typical small office, which has a North-facing window of area 2.8m2. Zone 241 has

three internal walls (Wall1, Wall2, and Wall3) and one external wall (Wall4). The Wall1,

Wall2, Wall3, and Wall4 have dimensions of 4.8m × 2.7m, 4.8m × 2.7m, 5.2m × 2.7m,

and 5.2m× 2.7m, respectively. The internal walls of zone 241 are of same type as that of
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zone 247. Therefore, we use the tuned resistance and capacitance values of the internal

walls of zone 247 during the construction of zone 241 hygro-thermal dynamics model.
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W
a
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1

W
a
ll3

Wall2
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Figure 4-1. Layout of zone 241 on the 2nd floor in Pugh Hall.

The resistance and capacitance values of the walls and window of zone 241

are the same as previously shown in Table 3-2. The validation of zone 241 model

is shown in the Figure 4-2. Data used for the validation starts from midnight of Feb

5th and ends at midnight of Feb 6th, 2011. In short, we have used the data of zone

247 to find the resistance and capacitance values of the internal walls, used these

resistance-capacitance values to construct the model of zone 241, and used the data

of zone 241 to validate its model. This is done primarily to show the robustness of the

model to the location change of the zone that has the same type of internal walls in the

building.

4.2 Experimental Setup

The implementation schematic of the control algorithms and the interface of safety

software during the experiments are shown in Figures 4-3 and 4-4, respectively. As

shown in Figure 4-3, a database 1 is created in the Pugh Hall system in which the

real-time data from all the existing sensors and actuators are stored. Another database
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Figure 4-2. Predicted and measured temperatures in zone 241.

named 2 is created that replicates the database 1, but separated from the database

1 through a firewall due to security reasons. Zone 241 does not have a occupancy

sensor. However, the MOBS and MOBO controllers require occupancy measurements.

Therefore, we have installed a PIR (Passive Infra-Red) sensor that detects whether

the zone is occupied or not. Since zone 241 is a typical small-office, it is reasonable to

assume that the possible occupancy in the zone is either 0 or 1.

There are two computers that are used to conduct the control experiments: control

computer and safety computer. The control computer performs three functions: 1)

obtains data from the PIR sensor and the existing sensors in the building such as

zone temperature, VAV damper position, supply air flow rate, supply air temperature,

reheat valve position sensors, etc., 2) computes the control inputs using the control

algorithms described in Section 3.2, and 3) writes the commanded control inputs to

database 2. Database 1 receives the commanded control inputs from database 2, and

the commanded control inputs in the database 1 are implemented on the VAV box. The

database design and maintenance are performed by Dr. Timothy Middelkoop.
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Figure 4-3. Implementation schematic of the control algorithms during experiments.

The safety computer runs the safety software that obtains the sensors measurements

from the existing sensors through the database, and checks if the sensors measurements

are in a pre-defined allowed range. The safety software automatically resets the

control inputs and switches the controller to the default building controller if the sensor

measurements are not in a pre-defined range. The safety software is developed using

the GUI tools in MATLAB c©; see figure 4-4 for the graphical interface of the safety

software. The safety software also has an option of manually resetting one control input

or all the control inputs for a given period of time.

4.3 Results

The experiments are performed for three days starting from the midnight of May 4th,

2012 and ending at the midnight of May 6th, 2012. The MOBS controller is implemented
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Figure 4-4. Interface of security software during experiments.

on May 4th, 2012, while the MOBO controller is implemented on May 5th, 2012. We let

the building operated by the default controller (i.e., the BL controller) on May 6th, 2012.

We do not implement the POBO controller as it requires occupancy predictions that are

quite hard to obtain in practice. Also, the POBO controller does not offer a significant

advantage over the MOBO controller in terms of energy savings or comfort level as

concluded during the simulations in Section 3.4. The design parameters used by the

controllers during the experiments are the same as mentioned in Section 3.4.2. In all the

figures, the legends: Baseline, MOBS, MOBO represent the results obtained from the

BL, MOBS, and MOBO controllers, respectively.

The occupancy profiles chosen during the experiments are shown in Figures 4-5A

and 4-5B, respectively. Nearly identical occupancy profiles were maintained during

each of the three test days. The figures show the true and measured occupancy for

the MOBS and MOBO controllers. The BL controller does not require any type of

occupancy information.
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Along with the experiments, we have also done simulations for the BL, MOBS, and

MOBO controllers with the outside weather and occupancy conditions same as during

the experiments. This is done to compare the experiments with simulations.
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Figure 4-5. True and measured occupancy in zone 241 for the MOBS and
MOBO controllers.

Figures 4-6A and 4-6B show the temperature of zone 241 obtained from the

experiments and simulations, respectively. In both the figures, the BL controller

maintains a constant temperature throughout the day. However, the MOBS and

MOBO controllers let the zone temperature reduce during the unoccupied time and

bring the temperature back when the zone is occupied again. This is because the

allowed temperature range during the unoccupied time is higher than the allowed

temperature range during the occupied time. For the MOBS controller, the zone

temperature during the simulations and experiments behaves in a similar fashion

except for the first few hours. This mismatch during the first few hours is due to the low

flow rate supplied by the MOBS controller in the experiments. The reason for the low

flow rate supplied by the MOBS controller will be explained later.

The control inputs: SA flow rate and SA temperature are shown in Figures 4-7

and 4-8, respectively. It is clear from Figure 4-7 that the BL controller supplies a high
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Figure 4-6. Zone 241 temperature during the experiments and simulations.

and a constant amount of flow rate throughout the day. However, the amount of flow

rates supplied by the MOBS and MOBO controllers are low during the unoccupied time

due to the low requirement on the minimum flow rate the during that time. The amount

of flow rates supplied by the MOBS and MOBO controllers increase during the occupied

times due to the increase in minimum flow rates requirement during that time. There are

two sudden increases in the flow rates supplied by the MOBS and MOBO controllers.

The sudden increases are due to the change of occupancy from 0 to 1 and low zone

temperature before the occupancy-change. Therefore, a large amount of flow rate is

supplied to bring the temperature back to the comfortable range. The SA temperature

for the BL and MOBS controllers is usually oscillating during both the simulations and

experiments due to the controllers often switching between heating and cooling modes.

Note that the zone 241 originally does not have a humidity or CO2 sensor.

Therefore, we have installed two humidity and two CO2 sensors during the experiments

to monitor IAQ inside zone 241. The average humidity ratio obtained by the sensors

during the experiments and simulations is shown in Figures 4-9A and 4-9B, respectively.

It is clear from Figure 4-9A that the humidity ratio stays in a comfortable range for the
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Figure 4-7. Flow rate of air supplied to zone 241 during the experiments and simulations.
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Figure 4-8. Temperature of SA entering zone 241 during the experiments and
simulations.

MOBS and MOBO controllers throughout the day. However, the humidity ratio obtained

from the MOBS controller is more than that of the MOBO controller. This is because

the flow rate supplied by the MOBS controller is less than the flow rate supplied by the

MOBO controller. The reason for the lower flow rate supplied by the MOBS controller

is explained later in this section. The humidity ratio during the simulations increases

during the occupied time and decreases during the unoccupied time due to the water

vapor released by the occupants. The average CO2 concentration in zone 241 for the
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MOBS and MOBO controllers is shown in Figure 4-10. It is shown in the figure that the

CO2 concentration stays less than 600 ppm throughout the day. Based on the humidity

and CO2 concentration shown in the Figures 4-9A– 4-10, IAQ is always maintained by all

the controllers.

Since the building is operated by the BL controller that always supplies high flow

rate and maintains IAQ, it is reasonable to assume that the humidity ratio and CO2

concentration for the BL controller always stay in the comfortable range. Therefore, we

did not collect humidity and CO2 data for the BL controller.
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Figure 4-9. Average humidity ratio in zone 241 during the experiments and simulations.

The comparison of controllers performance in terms of daily energy consumption

and % savings is shown in Table 4-1. It is clear from the table that the MOBS and

MOBO controllers result in 60 − 70% energy savings over the baseline controller as

concluded in Section 3.4. In the simulations, the MOBS controller performs as well as

the MOBO controller, which is also same as the results shown in Section 3.4. However,

the MOBS controller results in slightly more energy savings as compared to the

MOBO controller during the experiments, which is not predicted from the simulations.

This discrepancy is because of the low flow rate supplied by the MOBS controller. The
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Figure 4-10. Average CO2 concentration in zone 241 during the experiments.

low flow rate results in less energy consumption since less energy is required by the fan

to push lower air flow rate through the ducts and less energy is consumed by AHU to

condition the lower amount of air.

Table 4-1. Daily energy consumption and % Savings with various controllers.
Experimental Results Simulation Results

Controller Daily Energy Savings(%) Daily Energy Savings(%)
Consumption (MJ) Consumption(MJ)

BL 127 - 129 -
MOBS 37 71 59 54
MOBO 51 60 59 54

The reason for the low flow rate during the operation of the MOBS controller is due

to the uncertainty in the actuator dynamics inside the VAV box. During the experiments,

we have used a 2-dimensional lookup table, which provides the damper-command and

valve-command values given the desired flow rate and temperature of the supply air.

The dampers in the VAV boxes control the flow rate, and the reheating valve controls

the temperature of supply air. The lookup table is constructed using a few days of data

while assuming a constant pressure difference across the ducts, which is not always

true. Therefore, there is an uncertainty in the actuator dynamics, which causes flow rate

values to change even for a fixed damper position. It so happened that the response
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curves used during the MOBS experiments led to lower flow rate. This is not expected to

happen all the time. However, further experiments are needed to verify this.

4.4 Conclusion and Discussion

We have implemented the BL, MOBS and MOBO control algorithms in zone 241

of Pugh Hall at the University of Florida campus. The performance of the controllers

has been compared through experiments and simulations. The conclusion about the

controllers’ performance from the experiments is almost the same to the conclusion

obtained through the simulations in Section 3.4: (i) both the controllers (feedback- and

MPC-based) that use occupancy measurements result in 60 − 70% energy savings, and

(ii) feedback-based controller performs almost as well as MPC-based controller as long

as both the controllers use occupancy measurements. However, the key difference in

the performance between the simulations and experiments is that the MOBS controller

was observed to perform better than the MOBO controller. This was believed to be a

chance occurrence, due to the uncertainty in the dynamics of the actuator inside the

VAV box.
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CHAPTER 5
AHU-LEVEL CONTROL ALGORITHMS

5.1 Motivation and Problem Statement

It has been shown in the previous chapters that a significant amount of energy can

be saved by using real-time occupancy measurements (instead of using predefined

occupancy schedules) to decide zone-level control commands at the VAV boxes, while

the control inputs at the AHU are kept constant. It is likely that energy efficiency can

be improved further by varying the AHU inputs, i.e., return air ratio and conditioned air

temperature, in addition to the inputs at the VAV box.

In this chapter, therefore, we focus on the AHU-level control algorithms, which not

only vary the SA temperature and flow rate but also the return air ratio and conditioned

air temperature. In this chapter, we only focus on a single-zone VAV system. In a

single-zone VAV system, one AHU serves only one zone and heating coils are inside the

AHU. The four control inputs that need to be determined are return air ratio, conditioned

air temperature, supply air temperature and flow rate. In this chapter, we examine the

performance of control algorithms that use zone-humidity/zone-temperature/occupancy/outside

weather measurements to reduce energy use compared to conventional control

algorithms that do not use such measurements. Some of the control algorithms

are optimal control strategies that are computationally expensive, require sensor

measurements as well as predictions from a hygro-thermal dynamic model, while

others are feedback strategies that are simple, easy to implement, and require only

sensor measurements. We compare the performance of these controllers, which vary

several types of control inputs, require varying amount of information, and are of varying

complexity. By doing the comparison in such a way, we address the following three

questions:

88



1. How much savings can be obtained if a system model and measurements of

zone temperature and humidity, outside temperature and humidity, and occupancy are

available to a controller?

2. How do the savings depend on the fidelity of information and complexity of the

controller?

3. Among the controllable variables, which is (are) the key one(s) that have the most

effect on energy use and thermal comfort?

Note that the control algorithms are presented for a single-zone here, but they are

also applicable to multiple zones.

The rest of the chapter is organized as follows. The proposed control algorithms are

described in Section 5.2. Section 5.3 shows the parameter used for simulation study.

Simulation results are presented in Section 5.4. The conclusion from the simulations

and future work are discussed in Section 5.5.

5.2 Control Algorithms

The four control algorithms BL (Baseline), Z-FC (Zone-Level Feedback Con-

trol), A-FC (AHU-Level Feedback Control), and A-MPC (AHU-Level Model Pre-

dictive Control), along with their special cases are described in this section. The

BL is a baseline controller and Z-FC is the MOBS controller, which were presented in

Section 3.2. However, the A-FC and A-MPC controllers are novel control algorithms.

We have named the MOBS controller as the Z-FC controller in this chapter since the

new name clearly differentiates the zone-level control algorithm from the AHU-level

control algorithms, which is much easier to comprehend. Information requirements

and complexity of the controllers are summarized in Table 5-1. Since a single AHU is

considered, subscript CA corresponds to the air that is downstream of the cooling coils

but upstream of the reheat coils, while subscript SA corresponds to downstream of the

reheat coil. We assume that there are no pre-heat coils.
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Table 5-1. Complexity and information requirements of various control algorithms.

Control Controllable Fixed Measurements Predictions Model Computation Overall
algorithms Inputs Inputs required required required requirements complexity

1 BL T SA, mSA TCA, RRA T - No Very Low Very Low
3 Z-FC T SA, mSA TCA, RRA T , np - No Very Low Low
4 A-FC T SA, TCA, mSA, RRA - T , W , np, TOA, WOA - No Medium Medium
5 A-FC special case 1 T SA, mSA, RRA TCA T , W , np, TOA, WOA - No Medium Medium
6 A-FC special case 2 T SA, TCA, mSA RRA T , W , np, TOA, WOA - No Medium Medium
7 A-MPC T SA, TCA, mSA, RRA - T , W , np, T SA, mSA TOA, WOA, Qs Yes High Very High
8 A-MPC special case 1 T SA, mSA, RRA TCA T , W , np, T SA, mSA TOA, WOA, Qs Yes High Very High
9 A-MPC special case 2 T SA, TCA, mSA RRA T , W , np, T SA, mSA TOA, WOA, Qs Yes High Very High
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5.2.1 A-FC (AHU-Level Feedback Control)

The A-FC controller is a feedback strategy to determine all four inputs: the SA

temperature, SA flow rate, CA temperature, and RA ratio. A flow chart that describes

the A-FC control algorithm in detail is shown in Figure 5-1. The algorithm can be

summarized in four steps: at every time index k, (1) obtain measurements, (2) determine

the RA ratio by doing exhaustive search, (3) determine the CA temp based on the MA

enthalpy, OA enthalpy, and zone humidity, and (4) recalculate the RA ratio to ensure

zone humidity constraints are satisfied.

Step 2 determines the RA ratio, SA temperature, and SA flow rate by doing

exhaustive search over RA ratio and using the strategy described in the Z-FC controller.

At the current time index k, the Z-FC controller is used to calculate the SA flow rate and

temperature for the current value of the RA ratio (RRA(k)). Since the Z-FC controller

can calculate the SA flow rate and temperature for a given RA ratio, and the energy

consumption (3–8) depends on the four control inputs, i.e., SA temperature, SA flow

rate, RA ratio, CA temperature, the energy consumed by Z-FC can be expressed as a

function of RRA and TCA as follows:

E(k) = F Z-FC(RRA(k), TCA(k), GZ-FC(RRA(k))), (5–1)

where function GZ-FC is used by Z-FC to calculate the SA flow rate and temperature,

and function F Z-FC calculates the energy consumption for given values of the four

control inputs. We keep the conditioned air temperature fixed at TCA(k) and calculate

the energy consumption for each RA ratio in the range [max(RRA(k) − RRA
rate∆t, RRA

min),

min(RRA(k) + RRA
rate∆t, RRA

max)]. The RA ratio corresponding to the lowest energy

consumption is chosen. The range of the RA ratio is dictated by the physical constraints

on the damper position, e.g., the damper position can not change quickly in a very short

time period, and so does the RA ratio. We assume that the maximum allowable rate at

which the RA ratio can change (increase/decrease) is known, and denote it by RRA
rate. It
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is also important to make sure that the search range of the RA ratio should be a subset

of the range [RRA
min, R

RA
max]. Once the RA ratio is decided, the Z-FC controller is used to

calculate the other two control inputs, SA temperature and SA flow rate.

In step 3, the CA temperature is increased to reduce the energy consumption, and

the CA temperature is decreased when the zone humidity ratio goes farther from the

allowable range since reducing the CA temperature also reduces the SA humidity ratio.

The allowable range of the zone humidity ratio is [W unocc
low ,W unocc

high ] during unoccupied

times. During occupied times, the maximum and minimum humidity values are W occ
low

and W occ
high. Based on the same reasons provided for the rate of the RA ratio, there is a

maximum allowable rate TCA
rate at which the CA temperature can change. Also, the CA

temperature should always be in the allowable range [TCA
min, T

CA
max].

Step 4 makes sure that the SA flow rate with minimum CA humidity is high enough

to maintain the zone humidity within the allowable range. Otherwise the RA ratio is

decreased, which increases the minimum flow rate due to the ventilation constraints as

in (3–2).

While evaluating the performance of the A-FC controller, we consider two special

cases to study the effect of each control input individually on the performance of energy

savings and thermal comfort. The two special cases are described below:

Special Case 1: The CA temperature is kept constant at the minimum value TCA
min,

i.e., TCA
max = TCA

min, and TCA
rate = 0.

Special Case 2: The RA ratio is kept constant, which means that RRA
max = RRA

min, and

RRA
rate = 0.

Note that the Z-FC controller is a special case of the A-FC controller when both the

RA ratio and CA temperature are kept constant.

5.2.2 A-MPC (AHU-Level Model Predictive Control)

The A-MPC controller also determines all four inputs as in the A-FC controller,

but by using an MPC-based strategy that solves an optimization problem to obtain
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Figure 5-1. Flow-chart of the Z-FC controller to determine the control inputs.

the control inputs. The A-MPC controller requires additional information such as

hygro-thermal dynamics model and predictions of outside weather. The control inputs

over K time indices are obtained by solving a constrained optimization problem:

minimize total energy consumption over that period while maintaining thermal comfort

and IAQ. The control inputs are applied at the current time index k. The optimization

problem is solved again at time index k + 1 to compute the control inputs for the next K

time instants. The whole process is repeated ad infinitum.
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To solve the underlying optimization problem, the controller needs (i) predictions

of the exogenous input v(k) over the time horizon of optimization, and (ii) a model of

the zone hygro-thermal dynamics as well as its initial state. Predictions of TOA, WOA,

and Qs (part of v(k)) are assumed available from weather forecasts. It is assumed that

the instantaneous occupancy measurements are available at the time index k. The

predicted occupancy over the prediction horizon K is assumed to be the same as the

measured occupancy at the k-th time period: np(i) = np(k), i ≥ k. The models for energy

consumption and hygro-thermal dynamics used by the controller are the ones presented

in Section 3.2.3. An EKF (Extended Kalman Filter)-based state observer is employed to

estimate the state of the plant.

The control logic is divided into two modes: (i) Occupied and (ii) Unoccupied, which

are explained below in detail.

Occupied Mode: The controller operates in the occupied mode if the measured

occupancy at the k-th time index, i.e., at the beginning of the time interval [k∆t, (k +

1)∆t], is at least 1. The optimal control inputs for the next K time indices are obtained by

solving the following optimization problem:

U⋆ := argmin
U

G(U), (5–2)

where U = [zT (k), · · · , zT (k +K)]T ∈ R
4(K+1), z(k) = [mSA(k), T SA(k), TCA(k), RRA(k)]T

and G(U) =
∑k+K

i=k E(i), subject to the following constraints:

94



T occ
low ≤ T (i) ≤ T occ

high,

W occ
low ≤ W (i) ≤ W occ

high,

TCA(i) ≤ T SA(i) ≤ T SA
high

mSA
p np(i) +mSA

low ≤ mSA(i) ≤ mSA
high

RRA(i) ≤ min(RRA(i− 1) + RRA
rate∆t, RRA

max)

RRA(i) ≥ max(RRA(i− 1)− RRA
rate∆t, RRA

min)

TCA(i) ≤ min(TCA(i− 1) + TCA
rate∆t, TCA

max)

TCA(i) ≥ max(TCA(i− 1)− TCA
rate∆t, TCA

min)























































































∀i = k, . . . , k +K.

The first two constraints specify the range in which the zone temperature and

humidity ratio are allowed to vary. The third constraint is simply to take into account

actuator capabilities. The fourth constraint means that there is a lower and upper bound

on the flow rate entering the zone (mSA). The lower bound on the flow rate is same

as (3–1), while the upper bound mSA
high reflects the maximum flow rate possible when the

dampers in the VAV box are completely open. The last four constraints correspond to

the upper and lower bounds on the RA ratio and CA temperature due to the limitation

on the maximum rate at which the RA ratio and CA temperature can change from their

current values, which are the same constraints as in Section 5.2.1.

As in the Z-FC controller, the choice of the design variables T occ
low, T occ

high, W occ
low, W occ

high

involves a trade-off between energy savings and occupant discomfort.

Unoccupied Mode: If the measured occupancy at the time index k, i.e., at the

beginning of the k-th time period, is observed to be 0, then the controller operates in the

unoccupied mode. At time k, the optimal control inputs for the next K time indices are

obtained by solving the following optimization problem:

U⋆ := argmin
U

G(U), (5–3)

subject to the following constraints:
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T unocc
low ≤ T (i) ≤ T unocc

high

W unocc
low ≤ W (i) ≤ W unocc

high

mSA
low ≤ mSA(i) ≤ mSA

high

TCA(i) ≤ T SA(i) ≤ T SA
high

RRA(i) ≤ min(RRA(i− 1) +RRA
rate∆t, RRA

max)

RRA(i) ≥ max(RRA(i− 1)− RRA
rate∆t, RRA

min)

TCA(i) ≤ min(TCA(i− 1) + TCA
rate∆t, TCA

max)

TCA(i) ≥ max(TCA(i− 1)− TCA
rate∆t, TCA

min)























































































∀i = k, . . . , k +K.

The reason for these constraints is the same as that explained previously.

The constraints on the zone temperature and humidity ratio in the unoccupied

mode, however, are chosen to be such that [T unocc
low , T unocc

high ]⊇[T occ
low, T occ

high], and [W unocc
low ,

W unocc
high ]⊇[W occ

low, W occ
high]. The choice of the parameters for the unoccupied times also

involves a trade-off. The farther they are from their counterparts during the occupied

mode, the greater is the energy savings potential, but also the greater is the risk of

occupant discomfort when occupancy changes.

As in the A-FC controller, we also consider two special cases for the A-MPC controller

to study the effect of each control input individually on the controller performance. The

two special cases are explained below:

Special Case 1: The CA temperature is kept constant at TCA
min.

Special Case 2: The RA ratio is kept constant.

Remark 2. The overall complexity of the control algorithms increases in the order 1) BL,

2) Z-FC, 3) A-FC, and 4) A-MPC. Note that the all the controllers supply the minimum

flow rate prescribed by ASHRAE ventilation standard 62.1-2010 [17] during occupied

and unoccupied times, which ensures that IAQ is maintained by all the controllers. In

this way, we eliminate the problem of analyzing the effect of control inputs on IAQ.
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5.3 Simulation Parameters

5.3.1 Building Model Parameters

Simulations are carried out for a model of an auditorium from the first floor in a

building (Pugh Hall) at the University of Florida campus, Gainesville, FL, which is shown

in Figure 5-2. This auditorium is served by a dedicated AHU. Parameters of the dynamic

model for this zone are calibrated using the measured data in a manner done in [20].
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Figure 5-2. Layout of a zone (auditorium) on the first floor of Pugh Hall.

5.3.2 Controller parameters

The maximum flow rate for all the controllers is chosen as 4.6 kg/s. For the BL and

Z-FC controllers, the RA ratio and CA temperature are assumed to have constant values

of 0.6 and 12.8◦C, respectively. For the BL controller, the temperatures: RTG, HTG, and

CLG are set to 21.8◦C, 21.9◦C, and 23.6◦C, respectively, from 6 : 30 a.m. to 10 : 30 p.m.

During the time 10 : 30 p.m.–6 : 30 a.m., the temperatures: RTG, HTG, and CLG for

the BL controller are chosen as 20.9◦C, 21.1◦C, and 24.4◦C, respectively. This nighttime

setback is currently used in the Pugh Hall. The relative humidity of the conditioned air is
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assumed constant at 90%. Other design parameters used by the controllers are shown

in Table 5-2.

5.4 Comparison Results

We now compare the performance of BL, Z-FC, A-FC, and A-MPC control

algorithms, along with the special cases of the A-FC and A-MPC controllers, through

simulations. Simulations are performed using MATLAB c©; while IPOPT [64] is used to

solve the optimization problems for the MPC-based controllers.

The hallway shown in Figure 5-2 is assumed to have a constant temperature of

22.2◦C. Three types of outside weather conditions: 1) cold (Jan 14, 2011), hot (Jul 31,

2011), and pleasant (Mar 16, 2011), are considered in Gainesville, FL. Weather data for

this location is obtained from [67]. The zone is occupied by 200 people from 8 : 30 a.m.

to 4 : 30 p.m. This is the current occupancy profile in the auditorium of the Pugh Hall,

which is used as a lecture hall.

The total daily energy consumption, average temperature violation, average

humidity violation, and % savings over the baseline controller for three different weather

conditions are shown in Table 5-3. It is clear from the table that all the controllers result

in 56 − 85% savings over the conventional baseline controller (depending on outside

weather and the type of controller). The temperature and humidity violations are very

close to zero for all the controllers, which means that the thermal comfort is maintained

by all the controllers.

There are three reasons for high energy savings by the Z-FC, A-FC and A-

MPC controllers over the BL controller. The first reason is the reduction of the flow

rate and increase in the allowable temperature range during unoccupied times.

Reduction in the flow rate decreases fan-, conditioning-, and reheating-energy

consumption. Increasing the allowable temperature range results in less reheating

energy consumption since the zone temperature is allowed to be lower during
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Table 5-2. Design parameters used in the various AHU-level controllers.
Temperature and time related parameters

T set T SA
high T unocc

RTG T occ
RTG T occ

low T occ
high T unocc

low T unocc
high TCA

min TCA
max TCA

rate K,∆t,∆T

(◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (
◦C
min

) (no.,min,hr)
22.8 30.0 20.9 21.8 21.9 23.6 21.1 24.4 12.8 15.6 0.1 30,1,24

Humidity and other parameters
W unocc

low W occ
low W unocc

high W occ
high mOA

p mA
z mSA

high RRA
min RRA

max RRA
rate np

d Az

( g

kg
) ( g

kg
) ( g

kg
) ( g

kg
) ( kg

sec
) ( kg

m2 ) ( kg

sec
) (%) (%) ( %

min
) (m2)

7.4 7.4 11 11 0.0042 3.05 ∗ 10−4 4.6 0 80 5 210 238
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Table 5-3. Daily energy consumption, % Savings, average temperature and humidity violations.
Cold Hot Pleasant

Control E Savings DT DH E Savings DT DH E Savings DT DH

Scheme MJ % ◦C g
kg

MJ % ◦C g
kg

MJ % ◦C g
kg

BL 3142 - 0.008 0 7598 - 0.006 0 3877 - 0.007 0
Z-FC 980 68.8 0.015 0 3187 58.1 0.013 0 1687 56.5 0.014 0

A-FC special case 1 826 73.7 0.015 0 2280 70.0 0.001 0.001 659 83.0 0.011 0.002
A-FC special case 2 797 74.6 0.012 0 2595 65.8 0.005 0.003 1109 71.4 0.010 0.002

A-FC 851 72.9 0.013 0 2170 71.4 0.000 0.066 635 83.6 0.010 0.043
A-MPC special case 1 732 76.7 0.000 0 2152 71.7 0.000 0 615 84.1 0.000 0
A-MPC special case 2 815 74.1 0.000 0 2580 66.0 0.000 0 1103 71.5 0.000 0

A-MPC 703 77.6 0.000 0 2091 72.5 0.000 0 607 84.4 0.000 0
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unoccupied times than what the baseline controller allows. The second reason is

the change of the RA ratio based on the enthalpies of OA, RA, CA, SA in such a way

that the total energy is reduced. During pleasant weather when the OA enthalpy lies

between the CA enthalpy and RA enthalpy, the RA ratio is low as lower energy is

required by AHU to condition the outside air than to condition the return air. When the

outside weather is hot, the RA ratio is high as lower energy is consumed to condition

the return air than to condition the hot outside air. The third reason is the resetting of the

CA temperature based on the zone humidity and enthalpies of MA and CA. When the

MA enthalpy is less than the CA enthalpy and the zone humidity is within the allowable

range, the CA temperature is increased. Increasing the CA temperature increases

humidity ratio as the CA relative humidity is assumed constant, which leads to the

energy savings due to less conditioning energy consumed by the cooling coils. Some of

these are not applicable to the Z-FC controller as it can not command the AHU inputs.

Importance of Control Inputs and Measurements: The Z-FC controller, which is

a special case of the A-FC controller when both the SA temperature and RA ratio are

kept constant while the SA temperature and SA flow rate are varied, results in 56 − 69%

energy savings. If the A-FC controller is allowed to vary the RA ratio as in the special

case 1, the additional energy savings over the Z-FC controller are 5 − 26%. If the A-

FC controller is allowed to vary only the CA temperature instead of the RA ratio as in

the special case 2, the additional energy savings are 4− 15%. When the A-FC controller

is allowed to vary both the CA temperature and RA ratio, the additional savings over

the Z-FC controller are 4 − 27% that are very similar to the savings in the special case

1 when the CA temperature is kept constant. A similar trend is observed for the A-

MPC controller. These results suggest that varying the CA temperature with RA ratio

does not offer any advantage in terms of energy savings over varying the RA ratio alone.

Also, the effect of the SA flow rate and temperature on the energy savings is maximum

among all the control inputs. Therefore, the effect of control inputs on the energy savings
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decreases in the following order: 1) SA flow rate and temperature 2) RA ratio 3) CA

temperature.

The Z-FC controller, which only uses the additional measurements of occupancy,

results in 56 − 69% energy savings over the baseline controller that does not use

occupancy measurements. If a controller uses the measurements of the zone humidity

and outside weather along with the occupancy measurements as in the A-FC and A-

MPC controllers, the energy savings are almost 71 − 85%. Therefore, in terms of the

importance of measurements, occupancy measurement is a key factor in reducing the

energy usage.

5.5 Discussion and Future Work

We examine how the performance of an AHU-level controller is affected by

its complexity; the goal of the controller is to minimize energy consumption while

maintaining comfort and IAQ for a single-zone variable-air-volume HVAC system.

To compare the performance vs. complexity, we choose various controllers that

require varying amount of information, computation, design, and implementation

effort. Simulation results show that the savings are highly dependent on the type

of measurements provided to the controllers. Controllers that use only occupancy

measurements result in 56−69% energy savings, and the controllers that use occupancy

measurements along with the measurements of zone humidity and outside weather,

result in energy savings of 71 − 85% with negligible effect on IAQ or thermal comfort.

It shows that occupancy measurement is a key factor to reduce the energy usage in

buildings. Another key finding is that a feedback-based controller that is simple and

easy to implement, performs as well as a complex and computationally expensive

MPC-based controller, if the same measurements are provided to both the controllers.

This is significant in light of the much higher effort required to design and implement

the MPC-based controller due to the need for model identification [34] and on-line

optimization.
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The study shows that the effect of control inputs on the energy savings decreases

in the following order: 1) supply air flow rate and temperature 2) return air ratio 3)

conditioned air temperature, and the conditioned air temperature has almost negligible

impact on energy savings when the return air ratio is varied. Therefore, a feedback

controller, with supply air temperature, return air ratio, and supply air flow rate as the

control variables, is the most appropriate control algorithm to be used for single-zone

VAV HVAC systems due to its simplicity, low computation, and similar performance to

that of more complex control algorithms.

The control algorithms presented here are applicable to multi-zone VAV systems

though they are presented only for a single-zone system. A detailed study is required

to evaluate the performance of the controllers for multi-zone buildings. Implementing

the controllers in a real building is required to verify the simulation results. Work on the

implementation of the Z-FC controller in each zone of the Pugh Hall is ongoing. Also,

the effect of measurements error and uncertainty on the performance of the controllers

needs to be studied further.
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CHAPTER 6
QUALITY OF THE MPC SOLUTION

6.1 Motivation and Problem Statement

In Chapter 3, the performance of feedback and optimal-based controllers is

compared against the performance of baseline controller. It was concluded in the

chapter that the feedback controller performs as well as MPC-based controller when

both the controllers are allowed to have occupancy measurements. The feedback-based

controller, MOBS, is a combination of “if-else” logics and PID (Proportional-Integral-Derivative)

controller. On the other hand, MPC-based controller (MOBO) requires solving an

optimization problem to determine the control inputs. The optimization problem solved

by the MOBO controller is non-convex [68] in nature due to the non-quadratic objective

function (3–9) and nonlinear equality constraints in the hygro-thermal dynamics

model (2–7)-(2–8). One might argue that the solution obtained by the MPC-based

controller corresponds to a local minima instead of the global minima. Therefore, the

additional savings obtained by the MPC-based controller over feedback controller

are very small. It is possible that the solution corresponding to the global minimum

may result in high additional savings. However, obtaining the global minimum of a

non-convex problem is quite challenging [69].

Ideally, we are interested in obtaining an exact convexification of the non-convex

problem. Since we do not have an exact convexification and it is hard to find the

convexification, a transformation into a convex problem is one way to address these

issues. In this chapter, therefore, we attempt to transform the non-convex problem into

an approximate convex problem through linearization and approximation of resulting

cost function. These approximations will lead to a convex optimization problem, which

will have only one optimal solution that is the global minimum. Therefore, we remove

the argument on the quality of the solution obtained by the MPC-based controller—local

vs. global—by solving the approximated convex optimization problem. Note that the
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optimization problems solved in this chapter are approximations of the non-convex

optimization problems that we would want to solve.

We compare the performance of the feedback and MPC-based controllers against

the performance of baseline controller. It is really important to know not only the savings

obtained by the MPC-based controller when it provides a global solution, but also how

MPC performs as compared to feedback control. In this way, we would also be able

to verify if the conclusion in Chapter 3—feedback results in similar performance as

MPC—holds.

The rest of the chapter is organized as follows. The linearized model of power

and hygro-thermal dynamics is described in Section 6.2. The convex optimization

problem that the MOBO controller needs to solve, along with several types of convex

approximations of the objective function, is described in Section 6.3. Section 6.4

shows the simulation results obtained by the controllers. Section 6.5 concludes this

chapter and discusses future work. The analysis of the error due to several types of

approximations of energy consumption is shown in Section 6.6.

6.2 Approximated Linear Model of Power and Hygro-themal Dynamics

A second-order nonlinear model [34] of the thermal dynamics in a single zone of a

building can be written as

CrṪ =
1

Rw

(Tw − T ) +Qpeoplenp +∆H, (6–1)

Cw
˙Tw =

1

Rw

(T − Tw) +
1

Rw

(TOA − Tw),

where T is zone temperature, Qpeople is the amount of heat released by a person, Cr, Cw

and Rw are thermal capacitances and resistance, respectively. The term ∆H is the

enthalpy difference of the supply air and the air leaving the zone. The equations to

calculate ∆H are shown in Section 2.2. The interested reader should refer to [34] for

the details. A simplified model of the humidity dynamics in the zone, which is obtained
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from (2–33), can be written as

Ẇ =
293Rg

V P da

[

npωH2O +mSA(W SA −W )
]

. (6–2)

Suppose that [Teq, T
w
eq,Weq, T

SA
eq ,W SA

eq , np
eq, m

SA
eq ] is an equilibrium point of the system (6–1)-(6–2).

Linearizing the above system around the equilibrium point leads to the following

set of ordinary differential equations, which we call “Approximated Linear Model of

Hygro-thermal Dynamics”:

δẊ = Alin
c δX +Blin

c δU, (6–3)

where δX = [δT δTw δW ]T , δU = [δT SA δmSA δW SA δnp]T , δT SA = T SA − T SA
eq ,

δmSA = mSA − mSA
eq , δW SA = W SA − W SA

eq , δnp = np − np
eq, δT

SA = T SA − T SA
eq ,

δmSA = mSA −mSA
eq , δW SA = W SA −W SA

eq , δnp = np − np
eq, and the expressions for Alin

c

and Blin
c matrices are shown below

Alin
c =













1
RwCw

−
mSA

eq Cpa

Cr

1
CrRw

−mSA
eq hwe

Cr

1
RwCw

−1
2RwCw

0

0 0
−293mSA

eq Rg

V P da













,

Blin
c =













Cpa(TSA
eq −Teq)+hwe(WSA

eq −Weq)

Cr

mSA
eq hwe

Cr

Cpam
SA
eq

Cr

Qpeople

Cr

0 0 0 0

293Rg(WSA
eq −Weq)

V Pda
0

293Rgm
SA
eq

V Pda

293RgwH2o

V Pda













.

Note that the CA humidity ratio, OA temperature and humidity ratio are kept constant

for the sake of simplicity. It is also assumed that the RA ratio is zero. A discretized

hygro-thermal dynamics model with k being the time index and ∆t as the time step, can

be derived from the continuous linear model (6–3) as

δXk+1 = Alin
d δXk +Blin

d δUk. (6–4)
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The energy consumption corresponding to 0 RA ratio can be obtained by combining (3–7)

and (3–8) as

E(k) = ∆tmSA(k)[Cpa(T
CA(k)− TOA(k)) + hwe(W

OA(k)−WCA(k)) + β + Cpa(T
SA(k)− TCA(k))].

(6–5)

Since the CA temperature, CA humidity, OA temperature, and OA humidity are kept

constant, the expression for the energy consumption can be written as

E(k) = ∆tmSA(k)[γ + β + Cpa(T
SA(k)− TCA(k))],

where γ = Cpa(T
CA(k)− TOA(k)) + hwe(W

OA(k)−WCA(k)). (6–6)

Rearranging the terms in (6–6), the energy consumption, which is bilinear in δmSA and

δT SA, can be written in terms of deviation variables as

E = ∆t[CpaδT
SAδmSA +mSA

eq CpaδT
SA + (mSA

eq + δmSA)(γ + β + Cpa(T
SA
eq − TCA))]. (6–7)

Linearizing the energy consumption around the equilibrium point gives us the

following equation:

E ≈ Elin = ∆t(P lin
F + P lin

R + P lin
U ), (6–8)

where P lin
F , P lin

R , and P lin
U are the linear approximated models of fan, reheating, and

conditioning power consumption, respectively. The expressions for the linearized model

of fan, reheating, and chiller power are shown below

P lin
F = mSA

eq β + βδmSA
eq ,

P lin
R = mSA

eq Cpa(T
SA
eq − TCA) + Cpa[(T

SA
eq − TCA) mSA

eq ]







δmSA

δT SA






, (6–9)

P lin
U = [Cpa(T

CA − TOA) + hwe(W
OA −WCA)](mSA

eq + δmSA).
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The analysis of the error due to the linear approximation of energy consumption is

shown in Section 6.6.

6.3 Convex Optimization Problems

Since there are two optimization problems solved by the MOBO controller based on

occupied and unoccupied modes, we need to find two approximate convex optimization

problems for each mode, which are described next.

Occupied Mode: The controller operates in the occupied mode if the zone is

occupied at the k-th time index. The optimal control inputs for the next K time indices

are computed by solving the following approximate convex optimization problem:

U⋆ := argmin
U

G(U), (6–10)

where U = [δv(k)T , · · · , δvT (k + K)]T ∈ R
2(K+1) , δv(k) = [δmSA(k) δT SA(k)]T , and

the choice of the cost G(U) is explained later in this section, subject to the dynamic

constraints in (6–4) and the following constraints:

δT (i)− (T occ
high − Teq) ≤ 0,

−δT (i) + (T occ
low − Teq) ≤ 0,

δW (i)− (W occ
high − Teq) ≤ 0,

−δW (i) + (W occ
low − Teq) ≤ 0,

δmSA(i)− (mSA
high −meq) ≤ 0,

−δmSA(i) + (mSA
p np(i) +mSA

low −mSA
eq ) ≤ 0,

δT SA(i)− (T SA
high − T SA

eq ) ≤ 0,

−δT SA(i) + (TCA − T SA
eq ) ≤ 0,























































































∀i = k, . . . , k +K. (6–11)

The constraints in (6–11) are the same constraints as in (3–10) but expressed in terms

of the deviation variables used in linearization. The reason for these constraints is

explained previously in Section 3.2.3.1.

Unoccupied Mode: The controller operates in the unoccupied mode if the measured

occupancy is 0 at the time index k. At the k-th time index, the optimal control inputs
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for the next K time indices are obtained by solving the following approximate convex

optimization problem:

U⋆ := argmin
U

G(U), (6–12)

subject to the dynamic constraints in (6–4) and the following constraints:

δT (i)− (T unocc
high − Teq) ≤ 0,

−δT (i) + (T unocc
low − Teq) ≤ 0,

δW (i)− (W unocc
high − Teq) ≤ 0,

−δW (i) + (W unocc
low − Teq) ≤ 0,

δmSA(i)− (mSA
high −meq) ≤ 0,

−δmSA(i) + (mSA
low −mSA

eq ) ≤ 0,

δT SA(i)− (T SA
high − T SA

eq ) ≤ 0,

−δT SA(i) + (TCA − T SA
eq ) ≤ 0,























































































∀i = k, . . . , k +K. (6–13)

These constraints are the same constraints as in (3–12) but expressed in terms of the

deviation variables used in linearization. The reason for these constraints is explained

previously in Section 3.2.3.1.

Ideally, we want the objective function in the problems (6–10) and (6–12) as close

as possible to the total energy consumption (6–7). However, choosing this energy

function (6–7) as an objective function will lead to a non-convex problem since the

energy function is bilinear. For the problems (6–10) and (6–12) to be convex, we

consider the following three cases in which various types of approximations are done to

decide the objective function G(U):

Case 1: In this case, the objective function is chosen as the linear approximation

of the energy consumption (6–8) over the optimization time period, i.e., G(U) =
∑k+K

i=k Elin(i). Since the objective function is linear and all the constraints are also

linear, the optimization problems (6–10) and (6–12) are convex [70]. The analysis of the

error due to the linear approximation of energy consumption is done in Section 6.6.1.
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Case 2: In this case, the objective function is chosen as the sum of the squares of

the linear approximated energy consumption (6–8) over the optimization time period,

i.e., G(U) =
∑k+K

i=k Elin(i)2. The function (Elin)2 used here can be written in the following

form:

(Elin)2 = uTQlin
m u+ (clinm )Tu+ dlinm , (6–14)

where u = [δT SA δmSA]T , clinm is a vector, dlinm is a constant, and Qlin
m is a positive definite

matrix due to the square of a linear function. Since Qlin
m ≥ 0, the function (Elin)2 is

convex. Therefore, the optimization problem is convex [70].

Case 3: Recall that the energy function (6–7) is bilinear in δT SA and δmSA, which

can also be written in the following form:

E = uTQmu+ cTmu+ dm, (6–15)

where u = [δT SA δmSA]T , Qm is a matrix, cm is a vector, and dm is a constant. For

the energy consumption function to be convex, the Qm matrix should be positive

semi-definite. However, one of the eigenvalue of Qm matrix is negative as the diagonal

entries of Qm are zero and off-diagonal entries are positive, which makes the energy

function non-convex. Therefore, we add an additional term ( ǫ
∆t
δmSA(i)2 + ǫ

∆t
δT SA(i)2) to

the energy consumption, and choose the objective function as

G(U) =

k+K
∑

i=k

E(i) +
ǫ

∆t
δmSA(i)2 +

ǫ

∆t
δT SA(i)2. (6–16)

Eq. (6–16) can be written in the similar form as in (6–15). For the function in (6–16) to

be convex, ǫ ≥ Cpa/2; see Section 6.6.2 for the details. If ǫ ≥ Cpa/2, the optimization

problems (6–10) and (6–12) are convex. We can even choose smaller ǫ, which will

provide a better approximation of the energy consumption but the optimization problems

will not be convex in that case. The analysis of the error due to the additional term for

approximating the energy consumption is done in Section 6.6.2.
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6.4 Simulation Results

Simulations are carried out for the model of an auditorium from the first floor in Pugh

Hall, which is shown in Figure 5-2. Simulations are performed using MATLAB c©; while

IPOPT [64] is used to solve the optimization problems for the MOBO control algorithms.

The parameters Rw, Cr, and Cw are chosen as 1.3K/kW , 34000kJ/K, 51000kJ/K,

respectively. The RA ratio, CA temperature, CA humidity ratio, OA temperature, and OA

humidity ratio are assumed to have constant values of 0, 12.8◦C, 7.4g/kg, 15.6◦C, and

4.0g/kg, respectively.

For the baseline controller, the temperatures: RTG, HTG, and CLG are set to

21.8◦C, 21.9◦C, and 23.6◦C, respectively, from 6 : 30 a.m. to 10 : 30 p.m. During

the time 10 : 30 p.m.–6 : 30 a.m., the temperatures: RTG, HTG, and CLG for the

baseline controller are chosen as 20.9◦C, 21.1◦C, and 24.4◦C, respectively. This nighttime

setback is the same as used in the last chapter. It is assumed that the auditorium is

occupied by 150 people from 8 : 00 a.m. to 6 : 00 p.m., and unoccupied during the rest

of the day. This occupancy profile is chosen from the class schedule of the auditorium

during the semester of Spring 2013. Other design parameters and equilibrium points

used by the controllers are shown in Tables 6-1 and 6-2, respectively.

Table 6-1. Design parameters used in the various controllers.
Temperature and time related parameters

T set T SA
high T unocc

RTG T occ
RTG T occ

low T occ
high T unocc

low T unocc
high K ∆t

(◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (◦C) (no.) (min)
22.22 30.0 20.9 21.8 21.9 23.6 21.1 24.4 30 1

Humidity and other parameters
Wunocc

low W occ
low Wunocc

high W occ
high mOA

p mA
z mSA

high β np
d Az

( g
kg

) ( g
kg

) ( g
kg

) ( g
kg

) ( kg
sec

) ( kg
m2 ) ( kg

sec
) (m2)

7.4 7.4 11.5 11.5 0.0042 3.05 ∗ 10−4 1.98 2.3 210 238

As shown in Table 6-2, we choose the equilibrium point of the zone temperature

the same as T set, which is the temperature preferred by the occupants. The equilibrium

point of the SA humidity ratio is the same as the humidity ratio of CA since reheating
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at the VAV box does not change the humidity ratio. We select the equilibrium point for

the number of people (np
eq) as half of the typical number of people in the zone during

daytime. The equilibrium point for the flow rate is chosen as the minimum flow rate

required by np
eq number of people. The rest of the equilibrium points are calculated

using (6–1) and (6–2).

Table 6-2. Equilibrium points used for linearization.
T SA
eq Teq Tw

eq meq W SA
eq Weq np

eq

(◦C) (◦C) (◦C) (kg
s

) ( g

kg
) ( g

kg
)

21.18 22.22 18.9 1.13 7.5 8.7 70

For the sake of simplicity, the following assumptions are being considered during the

simulations:

1. The temperature and humidity ratio of outside air are kept constant.

2. The only control inputs that are allowed by the controllers are SA temperature and
flow rate, which are the control inputs at the zone-level.

3. There is no recirculation of the return air, i.e., only outside air is supplied to AHU.

4. The CA temperature and CA humidity ratio are kept constant.

5. Measurements of all the states (2 temperatures and 1 humidity) are available to
the controllers.

The total daily energy consumption, average temperature violation, average

humidity violation, and % savings of the feedback and MPC controllers over the baseline

controller are shown in Table 6-3. Note that the baseline and feedback controllers

are the BL (in Section 3.2.1) and MOBS (in Section 3.2.2) controllers, respectively.

The MPC-based controllers is the same as the MOBO controller as explained in

Section 3.2.3.1 except that the optimization problems solved by the MPC-based

controller are the ones described for various cases in Section 6.3. We have simulated

the performance of the MOBO controller (case 3) for two scenarios: 1) ǫ = 0.01, which

means that the objective function is a good approximation of energy consumption but
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the optimization problem is not convex, and 2) ǫ = 0.51, which makes the optimization

problem convex but does not lead to a good approximation of the energy function.

It is clear from the table that both the feedback-based and MPC-based controllers

(except case 3 when ǫ = 0.51 ) result in 38 − 45% savings over the baseline controller.

The MPC-based controller (case 3 with ǫ = 0.51) leads to only 10% savings due to the

poor approximation of the objective function, which is expected from the analysis done

in Section 6.6.2. Another important finding is that the feedback-based controller results

in similar energy savings as the MPC-based controller, even when the solution obtained

by the MPC controller corresponds to the global minimum. Both the feedback-based

and MPC-based controllers have very small average temperature violation. The average

humidity discomfort is uniformly zero by all the controllers. Recall that IAQ is maintained

at all times due to the constraint on the minimum airflow rate. The results indicate that

the energy savings from the proposed controllers are achieved with minimal impact on

either thermal comfort or IAQ.

Table 6-3. Daily energy consumption, average comfort violation, and % Savings.

Control Scheme E(MJ) % Savings DT (◦C) DH ( g

kg
)

Baseline (BL) 1611 - 0.0014 0
Feedback (MOBS) 997 38 0.011 0

MPC (MOBO) Case 1 892 45 0.016 0
MPC (MOBO) Case 2 891 45 0.016 0

MPC (MOBO) Case 3, ǫ = 0.01 884 45 0.016 0
MPC (MOBO) Case 3, ǫ = 0.51 1503 7 0.013 0

6.5 Conclusion and Open Problems

We examine the performance of the MPC-based controller against the baseline and

feedback-based controllers, when the solution obtained by the MPC-based controller

corresponds to the global minima. The total energy consumption is a non-convex

function of decision variables, so various convex approximations are used to formulate

a number of MPC controllers. In this way, we ensure that the MPC controller finds
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a globally optimal solution. The feedback controller is the same as described in

Section 3.2.2.

It is observed from the simulation results that the MPC-based controller, which

provides the global solution, results in 45% energy savings over the baseline controller

without sacrificing thermal comfort and IAQ. Moreover, the feedback-based controller

performs as well as MPC-based controller, even when the solution obtained by the

MPC controller corresponds to the global minima. This comparison eliminates the

argument—MPC might be obtaining a local minima due to the non-convex optimization

problem that results in small additional savings—that could arise during the comparison

done in Chapters 3 and 4.

It is possible that the convex problem may not be an accurate approximation of

the original non-convex problem. Better approximation of the non-convex problem may

lead to even more savings and increased comfort. The work presented in this chapter is

one of the preliminary step towards this direction. More work is required to investigate

the options that could lead to more accurate approximation of the non-convex problem,

which is an interesting direction to pursue. In this chapter, we only focused on one type

of zone with one outside condition. However, a detailed simulation analysis with multiple

zone types, outside weather, climates, and occupancy profiles needs to be studied in

future.

6.6 Error Analysis in Energy Approximation

In this section, we show the error analysis of doing two types of approximations to

make the energy function convex: 1) Linear and 2) Quadratic.

6.6.1 Linear Convex Approximation

While doing the linear approximation of the energy equation, we ignore the first term

(CpaδT
SAδmSA) from (6–7) as this term contributes little to the total energy consumption.

The other terms are basically the sum of the linearized power consumption, i.e.,

P lin
F + P lin

R + P lin
U = mSA

eq CpaδT
SA + (mSA

eq + δmSA)(γ + β + Cpa(T
SA
eq − TCA)).
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Removing the first term makes the energy equation linear. The reason that the first term

is smaller is explained next. Consider the following expression:

E

∆t
= [CpaδT

SAδmSA] + [mSA
eq CpaδT

SA + (mSA
eq + δmSA)(γ + β + Cpa(T

SA
eq − TCA))].

Dividing the above expression by CpaδT
SAδmSA leads to the following equation:

E

∆tCpaδT SAδmSA
= 1 +

[

mSA
eq

δmSA
+ (

mSA
eq

δmSA
+ 1)(

γ + β + Cpa(T
SA
eq − TCA)

CpaδT SA
)

]

.

The maximum/minimum values for the SA flow rate and temperature are 0.283/1.98(kg/sec)

and 30/12.8◦C, respectively. The equilibrium points for the SA flow rate and temperature

are 1.133(kg/sec) and 21.1◦C, respectively. It means that |δT SA| < 9◦C and |δmSA| <

0.849. These choices lead to the fractions
mSA

eq

δmSA > 1.33 and
γ+β+Cpa(TSA

eq −TCA)

CpaδTSA > 2.

This implies that the second term in the square brackets in the above expression is

lower bounded by 7. It means that the term we are ignoring during the approximation is

less than 15% of the total energy consumption, which is a good approximation for this

preliminary comparison of the controllers’ performance.

6.6.2 Quadratic Convex Approximation

The expression for energy equation can be written as

E = uTQmu+ cTmu+ dm, (6–17)

where u = [δT SA δmSA]T , dm = ∆t[mSA
eq (γ+β+Cpa(T

SA
eq −TCA))], Qm = ∆t







0 Cpa

2

Cpa

2
0






,

and cm = ∆t[mSA
eq Cpa, γ + β + Cpa(T

SA
eq − TCA)]T . The Qm matrix is not positive definite

as one of its eigenvalue is negative. Therefore, the optimization problem that uses E as

an objective function is non-convex. To approximate it as a convex function, we add an

additional term ( ǫ
∆t
δmSA(i)2 + ǫ

∆t
δT SA(i)2) to the energy consumption as

Equad =

k+K
∑

i=k

E(i) +
ǫ

∆t
δmSA(i)2 +

ǫ

∆t
δT SA(i)2. (6–18)
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Eq. (6–18) can be expressed in the similar form of (6–17) as

Equad = uTQnew
m u+ cTmu+ dm, (6–19)

where Qnew
m = ∆t







ǫ Cpa

2

Cpa

2
ǫ






. (6–20)

For Equad to be convex, Qnew
m has to be positive semi-definite, which is possible when

ǫ > Cpa/2. If we choose ǫ > Cpa/2, then the error due to the additional term is large as

compared to the other terms. Suppose δmSA = 0 and δT SA = 8, then the contribution

from the additional term ( ǫ
∆t
δmSA(i)2 + ǫ

∆t
δT SA(i)2) can be as high as 32 and the

contribution from the rest of the terms can be as high as 24. Therefore, the error in

energy consumption due to the additional term could be up to 60%, which is not small.

Hence, the use of this type of convex approximation is not recommended for the energy

function.
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CHAPTER 7
CONCLUSION AND FUTURE WORK

In this chapter, we conclude the results obtained in the previous chapters. We also

discuss the possible directions and the research problems that can be targeted in the

future.

7.1 Conclusion of the Chapters

In chapter 2, we first develop a full-scale physics based model of hygro-thermal

dynamics for a multi-zone building, which is obtained by combining the dynamics of

temperature (“thermal”) and humidity (“hygro”) in a zone. Then, we develop a novel

model reduction technique, which uses a specific sparsity structure of the full-scale

hygro-thermal dynamics model and balanced truncation to reduce the model order.

The full-scale thermal model has a linear part and a non-linear part. The linear

part comes from the RC network that models heat transfer between zones, and the

non-linear part comes from the energy exchange between the air supplied to a zone

and the air extracted from that zone. The dynamics of humidity are derived using

mass balance laws, which are a set of non-linear ODEs. Since the full-scale model is

based on basic mass and heat balance, we expect the model reduction method to be

applicable to a wide range of building systems. It is shown that the zone temperature

and humidity predictions by the reduced model are quite close to the predictions by the

full-scale model; the computation time taken by the reduced order model decreased

approximately by a factor of 6 as that of the full-scale model.

In Chapter 3, we have proposed three zone-level control algorithms—MOBS,

MOBO, and POBO—of varying complexity and requiring varying fidelity of information.

The goal of the controllers is to minimize energy consumption while maintaining

comfort level in a zone in a commercial building with a VAV-based HVAC system.

The inputs that can be commanded by the zone-level controllers are SA temperature

and flow rate. We examine how the performance of a controller is affected by its
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complexity through simulations. The overall complexity of the control strategies

increases in the order 1) BL, 2) MOBS, 3) MOBO, and 4) POBO. The BL controller

uses temperature measurements but not real-time occupancy information. In contrast,

the proposed MOBS and MOBO control algorithms require occupancy and temperature

measurements, and the POBO controller requires occupancy predictions in addition to

the temperature measurements. While MOBS controller is a feedback control algorithm,

the MOBO and POBO controllers are MPC-based algorithms that require a model of

building hygro-thermal dynamics.

Simulation results show that all the proposed controllers lead to 50% energy savings

on average (depending on zone type, weather, climate, design occupancy, etc.) with

negligible impact on IAQ or thermal comfort. The results show that even a simple

feedback-based algorithm can perform as well as an MPC-based algorithm as long

as only occupancy measurements are available and the commanded control inputs

are SA flow rate and temperature. Another conclusion from the simulation results is

that the additional energy savings with an MPC-based control that uses occupancy

predictions—over one that only uses measurements—are small. The small additional

savings are due to the restriction on the minimum airflow during the unoccupied times

that comes from current ASHRAE ventilation standard 62.1-2010 [17]. It is shown

through simulations that occupancy measurement is an important component of

energy-efficient zone-climate control. These conclusions are verified through the

experiments, which are performed in a zone of Pugh Hall in the University of Florida

campus. The experimental setup and the results obtained from experiments are

described in Chapter 4.

In Chapter 5, we propose several control algorithms that can be implemented

at AHU-level, and investigate the potential of energy savings as a function of the

complexity of control algorithm. The inputs that can be commanded by the controllers

at the AHU-level are supply air flow rate, supply air temperature, return air ratio, and
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conditioned air temperature. To compare the performance vs. complexity, we choose

various controllers that require varying amount of information, computation, design and

implementation effort. Simulation results show that occupancy measurement is a key

factor to reduce the energy usage in buildings. The controllers that use only occupancy

measurements result in 56 − 69% energy savings as compared to the controllers that

do not use such measurements. The controllers that use occupancy measurements

along with the measurements of zone humidity and outside weather, result in energy

savings of 71 − 85% with negligible effect on IAQ or thermal comfort. Another key finding

is that a feedback-based controller that is simple and easy to implement, performs as

well as a complex and computationally expensive MPC-based controller, if the same

measurements are provided to both the controllers. This is significant in light of the

much higher effort required to implement the MPC-based controller due to the need for

model identification [34] and on-line optimization.

The study shows that the effect of control inputs on the energy savings decreases

in the order: 1) supply air flow rate and temperature 2) return air ratio 3) conditioned air

temperature. The conditioned air temperature has almost negligible impact on energy

savings when the return air ratio is varied. Therefore, a feedback controller, with supply

air temperature, return air ratio, and supply air flow rate as the control variables, is the

most appropriate control algorithm to be used for single-zone VAV HVAC systems due to

its simplicity, low computation, and similar performance to that of more complex control

algorithms.

It has been shown in the previous chapters that feedback performs as well as MPC

when both of them are allowed to have the same measurements. The optimization

problem solved by the MPC-based controllers is non-convex due to the non-quadratic

objective function (3–9) and nonlinear equality constraints in the hygro-thermal dynamics

model (2–7)-(2–8). It is possible that the solution obtained by the MPC controller

corresponds to a local minima instead of the global minima. Therefore, the additional
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savings obtained by the MPC-based controller over feedback-based controller are small.

The global minimum solution of the optimization problem solved by the MPC-based

controller may result in high additional savings. Therefore, we approximate the

non-convex optimization problem into a convex optimization problem by linearizing

the power model and hygro-thermal dynamics model around an equilibrium point in

Chapter 6. Once the problem is converted into convex optimization problem that has

only one optimal solution, we compare the performance of the MPC-based controller

against the baseline and feedback-based controllers. In this way, we remove the

argument on the quality of the solution obtained by the MPC controller—local vs.

global—by solving the approximated convex optimization problem.

It is observed from the simulations that the feedback and MPC controllers result in

38 − 45% energy savings over the baseline controller without sacrificing thermal comfort

and IAQ. Moreover, the feedback controller performs as well as MPC controller, even

when the solution obtained by the MPC controller corresponds to the global minimum.

This comparison eliminates the argument—MPC might be obtaining a local minima due

to non-convex optimization problem that results in small additional savings—that could

arise during the comparison done in Chapters 3 and 4.

7.2 Overall Conclusion

The overall conclusion of this dissertation for the zone-level and AHU-level

controllers is mentioned below.

At the zone-level:

1. An average of 50% energy savings is obtained at the zone-level by using the
proposed MPC and feedback controllers.

2. Feedback performs as good as MPC at the zone-level, when occupancy
measurements are available to both the controllers.

3. The conclusions 1 and 2 for the zone-level controllers have also been verified by
conducting experiments in a room in Pugh Hall at the University of Florida campus.
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4. Our preliminary simulation study (with the assumptions as mentioned in Section 6.4)
shows that the conclusions 1 and 2 are still valid when the solution obtained by the
MPC controller corresponds to global minima.

5. Additional savings with MPC controller that uses occupancy predictions are
5% on average. This is due to the restriction on the minimum airflow during
the unoccupied times that comes from current ASHRAE ventilation standard
62.1-2010 [17].

6. Additional savings by the MPC controller, which uses occupancy predictions,
increase to 35% if earlier standards are adopted [65].

At the AHU-level:

1. Energy savings of 71 − 85% are obtained at the AHU-level by using the proposed
MPC and feedback controllers.

2. Feedback performs as good as MPC at the AHU-level if the same measurements
are provided to the both the controllers.

3. Occupancy measurement is a key information to reduce energy consumption at
both zone-level and AHU-level.

Based on the conclusions, a feedback controller, which uses occupancy measurements,

is the most appropriate control algorithm to be used for single-zone VAV HVAC

systems due to its simplicity, low computation, and similar performance to that of

optimization-based control algorithms.

7.3 Future Work

There are many possible ways to extend the previous work in the direction of both

modeling and control.

7.3.1 Improved Modeling

The hygro-thermal model that we have developed does not consider inter-zone

thermal convection. Constructing a reduced order model of inter-zone convective heat

transfer is another important direction to proceed. We have done some preliminary

work in identifying reduced order RC network models of inter-zone convection,

which is reported in [58]. Since the inter-zone convention model is also a lumped

resistance-capacitance network model, it can be directly combined with the full-scale
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model. In such a case, the proposed model reduction can be directly applied since the

structural properties do not change with the augmentation of the inter-zone convection

model. However, there are several hurdles in identifying R,C parameters from data, as

shown in [34]. Identification of multi-zone interaction models is likely to be challenging.

In the proposed model reduction method, the states loose their physical meaning

after the reduction. To develop a reduced order model while preserving the structure and

physical interpretation of the states is also an interesting direction to proceed. We have

done some preliminary work along the same lines [71, 72].

7.3.2 Detailed Analysis and Improving Control

All the proposed control algorithms require choice of several parameters, which

involve a trade-off between energy savings and potential discomfort. This trade-off

needs to be more carefully examined to determine a set of guidelines on how to choose

these parameters. Work on the implementation of the Z-FC controller in each zone of

the Pugh Hall is ongoing. In fact, we have implemented the Z-FC controller in 19 zones

of the Pugh Hall for one week. However, we need to implement the Z-FC controller for a

longer duration of time to evaluate the potential of this technology and identify potential

implementation issues that are not seen in numerical studies. For instance, uncertain

actuator response was identified as a factor that affects the controller’s performance in

experiments involving the zone-level MOBS and MOBO controllers. Implementation of

the A-FC controller in a real buildings can lead to interesting practical issues and open

new areas of research.

Effect of various type of uncertainties needs to be studied for the AHU-level

controllers. We have done a detailed robustness analysis for the zone-level controllers,

which is presented in our recent work [73]. It is possible that MPC may provide a

significant advantage over feedback control in terms of robustness to these uncertainties,

especially for the AHU-level controllers when all the control inputs are varied. Another

possible research direction is to obtain a better approximation of the optimization
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problem used in the MPC-based controllers, or a better convex relaxation of the

problem.
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