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Abstract
Buildings account for a significant share of electrical power demand, up to 80% in some regions
in the United States. With many flexible loads, buildings have the potential to reduce power
demand during peak times and provide demand flexibility. Building enables demand flexibility
through measures such as shifting energy use to another time and shedding of load. Applying
advanced control strategies to heating, ventilation, and air conditioning (HVAC) loads allows
buildings to reduce the electricity consumed during peak hours. While various demand control
(DC) strategies have been employed in commercial buildings, they often fail to accurately shift
and shed loads while maintaining occupant thermal comfort. Additionally, existing DC
strategies face challenges in quantifying load reduction, achieving precise DC and ensuring
even distribution of the reduced cooling load across thermal zones. These limitations highlight
a critical research gap in effectively integrating demand flexibility with occupant comfort in

building energy management systems.

This dissertation develops and evaluates advanced control strategies for building demand
control and thermal comfort using both simulation and experimental test beds. An innovative
Energy Feedback (EF) control strategy and a novel Duct Static Pressure (DSP) cascade control
strategy were first proposed, and their individual control performances were assessed using an
experimental test bed. Subsequently, the integrated dynamic performance of the proposed EF
and DSP cascade control strategies was evaluated against a baseline control strategy using a
calibrated Modelica-based virtual test bed. Performance metrics such as settling time, relative
error (RE), and the range of average zone temperature (RZT) are used as measures of quick
response, control accuracy, and even cooling load sharing, respectively. The most effective
strategy for minimizing the negative impact on occupant comfort during demand control is
identified. The proposed control strategy demonstrated the fastest response and achieved

precise load shedding, with a settling time of 0.03 hours, an RE of 0.01%, and an RZT of

X1V



0.00448°C. In contrast, the baseline strategy had a long settling time of 5.05 hours, an RE of

12.52%, and an RZT of 0.05°C.

An optimization-based control strategy was incorporated into the EF Controller to provide
effective setpoint control for achieving load shifting through precooling and load shedding
during peak demand periods while minimizing electricity cost. The optimization-based control
strategy enabled the modulation of the cooling load setpoint based on weather conditions and
the building's daily load profile. This involved developing a reduced-order thermal model,
estimating its parameters for control purposes, and developing and implementing the
Optimization-Based EF Controller on the calibrated virtual test bed. The performance of the
proposed Optimization-Based EF-DSP Cascade Control strategy was evaluated and compared
with the baseline demand control strategy and a non-optimized EF—-DSP Control strategy that

utilized constant cooling load setpoints.

The Optimization-Based EF Controller yielded a total electricity cost saving of 12.8%
compared with the non-optimized controller, including an 8.7% reduction during the on-peak
period and a 15.4% reduction during the off-peak period. The proposed Optimization-Based
EF Control provides an effective approach for achieving demand-flexible HVAC operation by
simultaneously reducing cooling energy consumption, minimizing electricity cost, maintaining
occupant thermal comfort, and mitigating rebound effects. Finally, the performance of the
Optimization-Based EF Controller was experimentally validated, and two practical
implementation approaches for applying the optimization-derived EF setpoints on an HVAC

system, namely the Schedule-Based EF Control and the Adaptive EF Control, were evaluated.

Among the key contributions of this dissertation are the following: (i) the development and
experimental evaluation of novel EF and DSP cascade control strategies to achieve accurate

demand control and evenly distribute the reduced cooling load among thermal zones; (ii) the

XV



development and calibration of a Modelica-based virtual test bed that comprises of an AHU
system and building envelope, and its application to the integrated performance assessment of
the proposed control strategies; and (iii) the development and implementation of an
optimization-based control framework that generates and communicates optimized control

signals to the EF controller.

Xvi



1. General Introduction

1.1 Background

Globally, the main energy consuming sectors are buildings, transportation, and industrial.
Buildings constitute the largest consumer of energy and a significant contributor to greenhouse
gas emissions to the environment. In 2021, the total greenhouse gas (GHG) emitted in the
United States amounted to 6,340 million metric tons of carbon dioxide (COz) equivalent
emissions (US EPA, 2022). Buildings (residential and commercial) in the United States (US)
account for about 75% of the electricity consumption, 40% of the total US energy consumption,
and 30% of the GHG emissions (Goetsch & Deru, 2022). The total US electricity consumption
reached 4.07 trillion kWh in 2022, marking the highest amount recorded by the US Energy
Information Administration (EIA, 2022). For perspective, the electricity usage in 2022 is
fourteen times greater than the electricity usage in 1950. The projected average annual growth
rate for the total US electricity demand from 2022 through 2050 is approximately 1% (EIA,
2022). There is a need to improve the way electricity is being consumed and decrease the
overall amount of electricity consumed in buildings. This would significantly reduce energy

costs for consumers and aid the transition to a decarbonized economy.

Energy consumption is on the rise both in the United States and globally. While overall
energy usage is increasing, there's a notable uptick in electricity consumption, which brings
about specific risks. The transmission and distribution infrastructure constraints, growing peak
electricity demand, and growing share of different renewable energy electricity generation are
challenging the electrical grid (US DOE, 2019). Buildings account for a significant share of
peak power demand. In some regions, they account for up to 80% of the peak power demand

(US DOE, 2019). With many adjustable loads, buildings have the potential to maintain energy



balance during peak demand times and provide demand flexibility by reducing energy wastage.
Even though buildings are the primary drivers of the electricity demand in the US, they can

also be part of the solution for the peak demand issues.

Applying advanced control and communication strategies to flexible loads such as lighting,
heating, ventilation, and air conditioning (HVAC) loads with onsite photovoltaic systems,
electric vehicle charging, and electrical storage allows a building to adjust power consumed to
meet the grid. Building allows the provision of demand flexibility through measures such as
reducing electricity consumption, shifting energy use to another time, and increasing the power
draw from the grid for storage for later use (Schwartz et al., 2020). These demand flexibility
measures are core characteristics of grid-interactive energy-efficient buildings (GEBs). GEBs
are energy-efficient buildings that utilize smart end-use technologies and active on-site
distributed energy resources (DER) to provide demand flexibility in a continuous and
integrated way while co-optimizing energy use for grid services, energy costs reduction,
occupant needs, and preferences. GEBs are critical in promoting resilience, environmental
performance, affordability, and reliability across the US electric power system (Satchwell et

al., 2021).

In 2019, the United States Department of Energy (U.S. DOE) initiated the GEB initiative
which is aimed at optimizing DERs to enhance the benefit of building owners, occupants, and
the electric grid. It was projected that the national adoption of GEBs can potentially save up to
$8 billion and $18 billion in US power system costs annually by 2030 and save up to $100 -
$200 billion in cumulative power system costs from 2021 to 2040 (Satchwell et al., 2021).
Also, there are significant environmental benefits such as annual Co, emissions reduction of

up to 80 million tons per year by 2030 ( Li et al., 2021a).



Five demand-side management strategies were identified in the U.S. DOE technical report
to manage building loads and make buildings more energy-efficient and grid-interactive
(Schwartz et al., 2020). The identified strategies are efficiency, load shedding, load shifting,
modulating, and generation. Figure 1.1 shows how the building load curves integrate some of

the demand-side management strategies.

Efficiency Load Shed
=]
g | 5 }
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A j a
E {
: z
o o
Hour of the Day Hour of the Day
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Figure 1.1: Building load curves of the demand side management strategies (Li et al., 2021)

Efficiency is the continuous reduction in energy use while maintaining or improving
the functionality of the building. Load shedding refers to the ability to reduce electricity use
for a short period and on short notice. Shedding is commonly deployed during peak demand
periods and emergencies. Load shifting refers to the deliberate and planned shift for reasons
such as minimizing demand during the peak periods and leveraging the cheapest electricity
price period or mitigating the need for renewable energy curtailment. Shedding of load often

leads to some level of load shifting. Modulating refers to the ability to autonomously balance



power supply and demand or reactive power draw and supply within seconds to sub-seconds
in response to a signal from the grid operator during the dispatch period. Lastly, generation is
the ability to generate electricity for onsite use and potentially dispatch electricity to the grid

in response to the signals from the grid operators.

Each demand-side management strategy offers distinct advantages and trade-offs that
merit them to be explored. However, the strategies that are explored in this study would be load
shedding and load shifting. This is because these strategies can be achieved by HVAC control
adjustments. HVAC systems consume the most energy within the building sectors and they
account for approximately 40% of the power demand in buildings (Goetzler et al., 2019).
HVAC technologies are well suited to controlling peak demand because air conditioning is the
biggest contributor to summer demand peaks and heating is the biggest single contributor to
winter demand peaks (Goetzler et al., 2019). HVAC loads are ideally suited for demand
flexibility control by utilizing the thermal mass of building structures. The building structural
mass can effectively limit the variations in zone temperatures when the HVAC load changes
(Xu, 2009), and HVAC systems can integrate easily with smart management systems (Chen et

al., 2018).

Variable air volume (VAV) air handling units (AHU) are the most common HVAC
systems in medium to large institutional and commercial buildings (Torabi et al., 2022). This
is because they can meet varying heating and cooling needs of different building zones. The
purpose of AHUs is to maintain indoor thermal comfort and indoor air quality (IAQ) in
buildings. This is achieved by the heating, ventilation, and cooling processes. A single-duct
AHU with economizer operation normally consists of a mixing/relief chamber with an
interlinked outdoor damper, relief air damper, and recirculating air damper, a cooling coil (CC),
a supply fan (SF), and a return fan (RF). Figure 1.2 shows the schematic of an AHU, illustrating

its components and configurations.



The working principle of the AHU working principle can be summarized as follows:
First, the outdoor air (Qoa) 1s taken and mixed with the recirculating air (Qrec) in the mixing
chamber. Second, the mixed air is cooled and dehumidified as it passes the CC. Third, the
cooled and dehumidified supply air (Qsa) is delivered by the SF to conditioned spaces through
terminal boxes, removing space sensible and latent cooling load. Fourth, the return air (Q:a) is
removed by the RF to maintain an appropriate building static pressure (Psrg), which is
impacted by exhaust airflow (Qex) and exfiltration airflow (Qexf) in addition to the supply
airflow (Qsa) and return airflow (Qra). Finally, the unbalanced airflow between the return air
and recirculating air, i.e., relief airflow (Qre1), in the building is released to the outside through
the relief chamber. To achieve indoor thermal comfort, the chilled-water flow rate through the
CC is adjusted to generate cooled and dehumidified air for indoor humidity control and the SF
speed is modulated through variable frequency drive (VFD) to maintain the supply air duct
static pressure (Pp) at a setpoint, which ensures that all terminal boxes can receive the required

supply air to maintain comfortable indoor air temperature.
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Figure 1.2: Schematic of an AHU (Tiamiyu et al., 2024)



VAV systems vary the amount of air at a variable temperature from an AHU. These
systems efficiently condition building zones using flow control technologies while maintaining
the required minimum flow rates for each zone. Figure 1.3 shows the VAV AHU system for

two building zones.
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Figure 1.3: VAV AHU system for two building zones (PNNL, 2021)

The operation and control of VAV AHUs play a crucial role in enhancing the system's
energy efficiency (Okochi & Yao, 2016). Dynamic variables such as ambient temperature,
occupancy, and lighting loads constantly fluctuate throughout the system operation.
Consequently, deviations from designated setpoints lead to significant oscillations or
imbalances which cannot be ignored. Therefore, the implementation of VAV system controls
becomes essential to mitigate issues such as overcooling or overheating which occur from

system instability (Okochi & Yao, 2016).

The conventional AHU HVAC control has five feedback control loops to form a control
flow from terminal boxes to the chiller. Figure 1.4 shows the conventional control loops for a

single-duct AHU system. The different control loops are summarized as follows:



e Loop 1: The Terminal box (TB) dampers are modulated to maintain the zone

temperature (ZT) at its specified ZT setpoints.

e Loop 2: The supply fan speed is modulated through the variable frequency drive (VFD)

to maintain the DSP at its setpoint.

e Loop 3: The cooling coil valve is modulated to maintain the supply air temperature

setpoint.

e Loop 4: The chilled water pump is modulated to maintain the water loop pressure

differential (WLP).

e Loop 5: The chiller power is modulated to maintain the chilled water supply

temperature (CWT) at its setpoint.

This conventional AHU system is an indoor comfort-priority control because the control

actions are to align the supply side with the energy demand of the load side.

Pump Supply Fan

Loop 5 Loop 4 Loop 3 Loop 2 Loop 1

Figure 1.4: Conventional AHU feedback control loops

In an AHU, the electricity consumers are the cooling coil and supply fan. The cooling

coil consumes chilled water which is generated by chillers using electricity. The cooling coil



consumes electricity indirectly as it is responsible for the heat transfer from the air to the chiller
water. The supply fan is the primary electricity-consuming component in the AHU, and it
supplies conditioned air to the TBs for individual thermal zones in a building. The supply air
is then modulated by the TB dampers for precise air temperature control. Electricity
consumption in an AHU can be reduced by reducing the supply fan speed and by constraining
the amount of heat removed by the cooling coil (Hurt, 2021). However, reducing the fan speed
would reduce the supplied airflow rate to each thermal zone and hence, compromising the
thermal comfort of building occupants. It is important to utilize HVAC load strategies that
reduce the electricity consumed by the HVAC system without compromising the comfort of
the building occupants. Also, the energy use of the cooling coil and supply fan is a passive
response to the comfort call from the thermal zones. Thermostat settings ultimately determine

the electricity usage of an HVAC system.

1.2 Research Gaps and Research Questions
1.2.1 Research Gaps

Buildings account for a significant share of electrical power demand, up to 80% in some
regions (US DOE, 2019). With many flexible loads, buildings have the potential to reduce
power demand during peak times and provide demand flexibility. Building allows the provision
of demand flexibility through measures such as shifting energy use to another time (Schwartz
et al., 2020; Tang et al., 2021; Zanetti et al., 2025; Zhou et al., 2025). The demand reduction

would significantly reduce energy costs for consumers.

Heating, ventilation and air conditioning (HVAC) systems account for approximately 40%

of the power demand in buildings (Goetzler et al., 2019). HVAC loads are ideally suited for



demand flexibility control by utilizing the thermal mass of building structures (H. Li et al.,
2021b). The building structural mass can effectively limit the variations in zone temperature
(ZT) when the HVAC load changes (Xu, 2009), and HVAC systems can integrate easily with
building automation systems (BAS) (Chen et al., 2018). HVAC demand response technologies
have been developed to facilitate demand response operation (Kim & Braun, 2022; Wang et

al., 2019; Xue et al., 2015; Young et al., 2020).

Different AHU demand control strategies have been utilized for commercial buildings to
manage HVAC load (Dai et al., 2023; Ghahramani et al., 2016; Papadopoulos et al., 2019;
Shan et al., 2016; Zhao et al., 2026). Global temperature adjustment (GTA) of occupied zones
is the most popular approach to shift HVAC load using existing BAS (Deng et al., 2025; Yin et
al., 2023). The ZT setpoints in an entire facility can be changed from one command in one
location (Watson et al., 2006). GTA is typically implemented by broadcasting a signal to
thermostats through the BAS. Depending on the direction of the ZT setpoint change, the
broadcasted signal causes the HVAC system to increase or decrease the HVAC power demand
(Keskar et al., 2022). More advanced implementations can automatically adjust ZT setpoints
to follow linear or exponential curves based on the time of day, creating a customized shed

profile for a building (Xu & Haves, 2006).

The adjustment of setpoints to a higher value reduces the amount of cold air needed for the
thermal zones in summer (Lee & Braun, 2008). Consequently, this strategy reduces the
electricity power consumed by the supply fan and the cooling load consumed by the cooling
coil (Hoyt et al., 2015). The GTA method utilizes the same conventional AHU feedback control
loops. There are some operational challenges associated with the GTA strategy. One of these
challenges is that precise load reduction is not guaranteed, as the percentage load reduction is
not explicitly correlated with the ZT rise (Hurt, 2021). This conclusion is also reported in Liu

et al. (2021) study where the authors evaluated the load shedding and shifting potential for
9



three building types which are medium office, large office, and retail store. During the demand
control event day, load shifting was not achieved using the GTA. This is because there were
uncertainties with the implementation of the GTA strategy. For some demand control event
days, the GTA strategy performed better than the baseline, while on other days, it performed

WOrSse.

Another challenge of this GTA strategy was the slow response of the fan and the cooling
coil to the space load changes introduced by the ZT setpoint reset, preventing immediate load
shedding. While the GTA strategy can ensure that the reduced cooling load is evenly shared

across all zones, it cannot quickly and accurately reduce HVAC power demand.

Centralized adjustment on AHUs demand control strategies makes temporary adjustments
to the AHU system. Examples of these strategies include the DSP setpoint reduction, applying
a supply fan speed limit, and increasing the SAT (Afroz et al., 2023; Motegi et al., 2007). The
cooling and fan energy would be reduced when the DSP setpoint is reduced during demand
control events. For instances where the DSP setpoint is set lower than required, the VAV TBs
starve due to lack of air pressures which then causes the airflow supplied to be less than
necessary to cool the space (Wang et al., 2023; Watson et al., 2006). Similarly, just as DSP
setpoint reduction lowers fan speed, a fan speed limit strategy can be applied to supply fans
controlled by VFDs to reduce fan power consumption. In this strategy, the supply fan speed is
limited to a fixed value, which must be lower than the normal operation of the fan under closed-
loop conditions (Watson et al., 2006). However, due to the open-loop nature of this fan control
(fixed speed), the effect of this strategy on thermal comfort is less predictable. Finally,
increasing the SAT was introduced to reduce cooling demand, and this reduction occurs at the
cooling plant. However, this strategy could lead to increased fan energy use in the VAV system
due to increased airflow to meet the thermal zone demand, unless the fan speed is limited to a

range of use.
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These centralized AHU demand control strategies respond quickly to demand and
facilitate cooling load reduction comparing with the GTA control, but they possess certain
inherent drawbacks. For instance, these strategies result in an uneven distribution of the
demand control burden across the zones i.e. the TBs cannot evenly share the reduced AHU
cooling load. Zones with low demand or TBs closer to the main supply duct operate normally
while zones with high demand such as those on the sunny side of the building or TBs at the
end of long duct run experience air starvation or completely go out of control (Wang et al.,
2023; Watson et al., 2006). These strategies would lead to significant variation in the ZTs and
airflow rates, hence, compromising the thermal comfort of building occupants. Also, increasing
the SAT can potentially increase the humidity level in commercial buildings (Elehwany et al.,
2024; Shehadi, 2018). These increased humidity levels associated with higher ZT would affect
the indoor air quality of the occupied zones (Aghniaey & Lawrence, 2018). In addition to the
thermal comfort issues associated with these AHU demand control strategies, precise demand

controlcannot be achieved due to the lack of energy measurement and setpoint controls.

The shortcomings of the current demand control strategies emphasize the need to
develop and evaluate the feasibility of an AHU demand control strategy that directly and
precisely curtails the cooling coil load and supply fan power to provide on-demand HVAC load
shifting and shedding while minimizing the negative impact on indoor thermal comfort caused

by the reduced cooling load during demand control.

1.2.2 Research Hypothesis and Proposed Solution

To address the inaccurate and slow demand control, imprecise load reduction, and the
inability to guarantee precise load shedding associated with GTA control and strategies such
as DSP setpoint reduction, supply fan speed limiting, and SAT reset, a control strategy capable
of directly regulating the cooling load is required. In addition, precise demand reduction has

not been achieved by existing strategies due to the lack of direct cooling load measurement and
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cooling load setpoint control. This dissertation proposes an Energy Feedback (EF) control
strategy to provide fast and accurate demand control, ensure precise load shedding during the
on-peak period, and facilitate load shifting during the off-peak period. The EF control regulates
the cooling load by modulating the supply fan speed to track prescribed cooling load setpoint,

thereby enabling fast, precise, and direct demand control.

Uneven distribution of the demand control burden across the thermal zones occurs with
current demand control strategies, as some zones experience air starvation and significant
variations in ZTs. These conditions compromise the indoor thermal comfort of building
occupants, particularly in commercial buildings with multiple thermal zones. To minimize the
negative impact of reduced cooling load on indoor thermal comfort during demand control,
this dissertation proposes a Duct Static Pressure (DSP) Cascade Control, which adjusts the ZT
setpoints within a prescribed comfort range (minimum and maximum limits) for all terminal
boxes to regulate the DSP at its setpoint. The integrated operation of the two proposed control
strategies is intended to achieve precise demand control while maintaining indoor thermal

comfort by distributing the reduced cooling load evenly across all thermal zones.

1.2.3 Research Questions

Based on the identified limitations of existing AHU demand control strategies, this
dissertation aims to address the growing need for sustainable energy management in buildings
by developing, evaluating, and validating advanced control strategies that bridge the gap
between demand control and thermal comfort. The objective of this dissertation is to develop,
optimize, and validate advanced HVAC demand control strategies that enable fast and precise

demand control while minimizing the negative impact on occupant thermal comfort

The following research questions are formulated based on the identified research gaps:
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RQ1: Can the proposed control strategies, namely Energy Feedback (EF) control and Duct
Static Pressure (DSP) cascade control, provide accurate demand control and distribute the

reduced cooling load evenly among all thermal zones?

RQ2: How can the integrated dynamic performance of the proposed AHU control strategies

for building demand control be evaluated?

RQ3: How do the proposed control strategies perform compared to state-of-the-art demand

control strategies?

RQ4: How should a simulation-based virtual test bed for an HVAC system and building

envelope be designed and calibrated?

RQS: What is the most effective EF control loop design for achieving quick control response

and accurate control?

RQ6: How should an optimization strategy be integrated with the proposed novel demand

control strategies in simulation and experimental test beds?

RQ7: How can an Optimization-Based EF Controller be developed and its performance

evaluated?

RQ8: What is the most effective implementation approach for the Optimization-Based EF

Controller on an experimental test bed?

1.3 Dissertation Overview and Unique Contributions
The outline of this dissertation is as follows:

e Chapter 1 provides the introduction and research gap analysis of this study.

e Chapter 2 describes state-of-the-art building demand control strategies.
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e Chapter 3 presents the development and experimental evaluation of EF and DSP
Cascade Controls.

e Chapter 4 presents the integrated performance assessment of the proposed control
strategies using a developed and calibrated Modelica-based virtual test bed.

e Chapter 5 presents the development and evaluation of an optimization-based
framework coupled with the proposed control strategies.

e Chapter 6 presents the experimental validation of the proposed Optimization-Based
EF-DSP Cascade Control strategy.

e Chapter 7 presents the general conclusions and recommendations for future work.

The unique contribution of Chapter 3 is the development and experimental evaluation of
new controls to provide accurate demand control and share the reduced cooling load evenly
among all thermal zones. These controls minimize the negative impact on indoor thermal
comfort caused by the reduced cooling load during demand control. This is achieved by
implementing two controls: (1) modulating fan speed using cooling load for quick and precise
demand management, and (2) adjusting the ZT setpoints within a comfort range (maximum
and minimum limits) for all TBs to maintain duct static pressure (DSP). The proposed controls,
namely Energy Feedback (EF) control and DSP cascade control, are modified to control the

cooling load between the AHU and TB.

The unique contribution of Chapter 4 includes an integrated performance assessment of
the proposed EF and DSP cascade control strategies for building demand control and thermal
comfort, as well as the development and calibration of a Modelica-based virtual test bed
comprising an AHU system with seven individually controlled VAV boxes, their control
sequences, and the building envelope. Additionally, a comparative assessment between the

proposed and existing demand control strategies under identical weather conditions is
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conducted to verify the performance of the new controls using the calibrated virtual simulation

test bed.

The unique contributions of Chapter S include the development, implementation and
evaluation of an optimization-based EF controller to modulate the cooling load setpoint based
on outdoor air temperature and the daily load profile of the building. This also includes
parameter estimation of a commercial building model and the development of an optimization
control framework that communicates optimized control signals with the calibrated virtual test

bed.
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2. State of the Art Building Demand Control Strategies

Different building DR strategies have been utilized for commercial buildings to temporarily
manage HVAC load. Currently, the most used strategy is to simply reset the ZT setpoints for
some period. This adjustment of setpoints to a higher ZT reduces the amount of cold air needed
for the thermal zones as the TB damper position would reduce to achieve the setpoint.
Consequently, this strategy reduces the electricity consumed by the supply fan and cooling coil
as there is a reduction in the supply airflow rates which results in less heat entering the chiller
water. Hoyt et al. (2009) demonstrated the impact of increasing the room temperature setpoint
on the energy saving for a commercial building. Increasing the cooling setpoint from 24°C
(75°F) to 25°C (77°F) resulted in a cooling energy savings of 7-15% depending on the building's
operational features and climate zones. When the setpoint temperature was extended from 24°C
(75°F) to 28°C (82°F), the energy saving potential reported reached 35-45%, however, the
impact of these energy savings on occupant thermal comfort was not reported in their study.
Though ZT setpoint reset is a simple way to improve building energy flexibility, the building
occupant comfort must not be sacrificed (Chen et al., 2018). Other strategies include pre-
cooling and pre-heating, duct static pressure control (fresh air flow control), desiccant cooling,
and chiller water temperature control (Watson et al., 2006). This section presents more details

of the strategies for DR in commercial buildings.
2.1 Global temperature adjustments of zones

Global temperature adjustment (GTA) of occupied zones is the most popular approach used
to shift HVAC power consumption using existing building automation systems (BAS). The
space temperature setpoints of an entire facility can be changed from one command in one
location (Watson et al., 2006). GTA is typically implemented by broadcasting a signal to

thermostats through the BAS. Depending on the direction of the temperature setpoint change,
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the broadcasted signal causes the HVAC system to increase or decrease the HVAC power
consumption (Keskar et al., 2022). More advanced implementations can adjust the temperature
setpoints to follow linear or exponential curves (Xu et al., 2004). GTA can be implemented
either absolutely or on a relative basis. Absolute implementation of GTA enables the setting of
the ZT to absolute values while relative implementation of GTA allows the adjustment of ZT
setpoints to new values that are the offset values of the current values (Watson et al., 2006).
Table 2.1 shows examples of an absolute and relative adjustment of GTA setpoints for different

DR modes.

Table 2.1: Absolute and relative implementations of GTA setpoints (Watson et al., 2006)

DR Mode Absolute ZT Cooling Relative ZT Cooling setpoints
setpoints (°F) (°F)
Normal 74°F (globally) Varies per zone
Moderate Shed 76°F Normal +2°F
High Shed 78°F Normal +4°F

The GTA method utilizes the same conventional AHU feedback control loops with no
adjustments. To accurately implement the GTAs in a facility, the desired ZT setpoint is firstly
determined based on thermal models of a building system considering occupants’ preferences
for indoor conditions under dynamic pricing. Then, the chiller power reactively adjusts to meet
the desired ZT temperature setpoint. The communication from the TBs to the chillers is very
slow because of the building's thermal mass and HVAC equipment. Because of this slow
communication, the chiller power is not quickly and accurately controlled as predicted in
different building thermal models even though ZT can be approximately controlled around its
setpoint (Wang et al., 2023). HVAC load flexibility control by resetting the ZT setpoints is

difficult to achieve due to the complexity of the commercial HVAC system and dynamic loads
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in a commercial building.

There are some operational challenges associated with the GTA strategy. One of the
challenges is that precise load reduction is not guaranteed for ZT setpoint reset as it is not easy
to correlate the percentage load reduction to the temperature degree rise (Hurt, 2021). This
conclusion is also reported in Liu et al. (2021) study. The authors evaluated the load shedding
and shifting potential for three building types which are medium office, large office, and retail
store. During the DR event day in Figure 2.1, load shifting was not achieved using the GTA.

This is because there are uncertainties with the implementation of the GTA strategy.

—o— DR Event Day
10/10 Baseline
- Adjusted 10/10 Baseline
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Figure 2.1: HVAC load shifting using GTA (Liu et al., 2021)

For some DR event days, the GTA DR strategy performs better than the baseline and, on
some days, it performs worse than the baseline. Also, other factors affect the demand response
potential of the building such as weather conditions and time of day. Yin et al. (2016) evaluated
the impact of degrees of GTA on the DR performance at different ranges of outside air

temperature (OAT). Large variations in the DR potential were caused by weather conditions.

18



When the OAT is very hot (above 35°C (95°F)), the commercial building HVAC system has
less DR potential. This lower DR potential is because the HVAC system is running at its full
capacity and the HVAC load exceeds the system capacity (Yin et al., 2016). Another challenge
of this GTA DR strategy is the slow responses of the fan and the cooling coil to the space load

changes introduced by the setpoint reset do not allow immediate response for load shedding.

2.2 Centralized adjustment on AHUs

These DR strategies make temporary adjustments to the AHU system. Examples of these
strategies include the DSP setpoint reduction, applying a supply fan speed limit, and increasing

the supply air temperature.
2.2.1 Reduction of DSP setpoint

The DSP in a VAV AHU system is usually measured in the supply duct and the supply
fan speed is modulated by VFD to maintain the DSP at a setpoint. For most AHUs, the DSP
setpoint at the supply duct is high enough to provide enough pressure to allow the proper
functioning of the TBs. Also, they are set to meet the pressure requirement of the TBs with the

greatest demand under design load (Watson et al., 2006).

Since the DSP is set to meet the demand of the TBs under greater demand, reducing the
DSP setpoint during lesser demand conditions would reduce the energy losses associated with
maintaining the DSP at a setpoint higher than the required. The cooling and fan energy would
be reduced when the DSP setpoint is reduced during DR events. For instances where the DSP
setpoint is set too low, the VAV TBs starve due to lack of air pressures which then cause the
airflow supplied to be less than necessary to cool the space (Wang et al., 2023; Watson et al.,

2006).
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2.2.2 Limiting fan speed limit

This DR strategy is only applicable to supply fans controlled by VFD. The supply fan
speed is limited to a fixed value which must be lower than the normal operation of the fan
under closed-loop conditions (Watson et al., 2006). For example, during a high load condition,
the fan speed may modulate between 90% and 100%. To apply this strategy, the supply fan
speed would be limited to a speed of 90% or below to limit the fan energy during the DR event.
However, due to the open-loop nature of this fan control (fixed speed), the effect of this strategy

on thermal comfort is less predictable (Watson et al., 2006).

2.2.3 Increasing the supply air temperature

This DR strategy saves cooling energy, and this savings occurs at the cooling plant. During
the implementation of this strategy on AHUEs, it is important to avoid increasing the fan energy
in the VAV system due to increased flow (Watson et al., 2006). This can be prevented only by
increasing the supply air temperature (SAT) after the fan speed has been limited to a range of

use.

2.2.4 Evaluation of AHU adjustment DR strategies

Although these DR strategies are effective in achieving cooling load reduction, they
possess certain inherent drawbacks. For instance, these strategies result in an uneven
distribution of the DR burden across the zones i.e. the TBs cannot even share the reduced AHU
cooling load. Zones with low demand or TBs closer to the main supply duct operate normally
while zones with high demand such as those on the sunny side of the building or TBs at the
end of long duct run experience air starvation or completely go out of control (Wang et al.,
2023; Watson et al., 2006). These HVAC DR strategies would lead to significant variation in
the zone temperatures and airflow rates, Hence, compromising the thermal comfort of building

occupants. Also, increasing the supply air temperature can potentially increase the humidity
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level in commercial buildings. These increased humidity levels associated with higher ZT

would affect the indoor air quality of the occupied zones (Aghniaey & Lawrence, 2018).
2.3 Centralized adjustment on chillers

Most central chiller plants have the capability of reducing their power demand. This DR
strategy is applied to limit the chiller power or current while other HVAC components are
controlled using the AHU conventional feedback loops. Figure 2.2 shows the control loops for
the centralized adjustment on chillers. This approach yields missed communication between
the power control (Loop 5) and the conventional AHU feedback control loops (Loop 1 to Loop
4). Also, this strategy impacts the thermal comfort in a commercial building as there is uneven

response among AHUs under the reduced chiller power (Wang et al., 2023).

Pump Supply Fan

Loop 5 + Loop4 Loop 3 Loop 2 Loop 1

Figure 2.2: Centralized adjustment on chillers
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3. Development and Experimental Evaluation of Energy Feedback
and Duct Static Pressure Cascade Control

This chapter describes the development of the Energy Feedback (EF) Control and the Duct
Static Pressure (DSP) Cascade Control and presents their experimental evaluation. The
objective of this chapter is to experimentally evaluate the performance of each proposed
controller on a fully instrumented VAV AHU experimental test bed. Two experimental tests
were conducted. The first test evaluated the DSP Cascade Control, while the second test
evaluated the EF Control. The aim of these tests was to assess the feasibility of implementing
each controller on the experimental test bed and to evaluate its ability to accurately regulate

the duct static pressure and cooling load, respectively.
3.1 Description of Energy Feedback and DSP Cascade Controls

Figure 3.1 shows the schematic of the integrated EF and DSP cascade control loops. For
the EF control, the supply fan speed is modulated to maintain the cooling load at its setpoint,
thereby achieving precise cooling demand control. This requires the reconfiguration of the
conventional ZT feedback control loop for the supply fan. The controlled variable is the cooling
load, which is not measured directly but is calculated from measured variables such as air
temperature and humidity. The EF control variable can be either the sensible cooling load or
the total cooling load, depending on the available instrumentation in the AHU system and the
selected control implementation. The EF control is designed to provide fast and accurate
regulation of the cooling load at the AHU supply side, thereby enabling precise demand

control.
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Figure 3.1: Energy feedback control loop integrated with DSP cascade control loop

The DSP Cascade Control is designed to achieve an even distribution of the demand
control burden across the thermal zones. This novel DSP Cascade Control is developed to
generate an adjustment factor, § through reverse control action to uniformly adjust the
effective ZT setpoint (Tstp,i)for all terminal boxes (TBs). This allows all the thermal zones to
share the reduced cooling load evenly, thereby minimizing the negative impact on indoor

thermal comfort.
Tstp,i = .BTmax,i +(1- ﬁ)Tmin,i 0<p=<1

where the maximum setpoint (Ty,4, ;) and the minimum setpoint (T,;,, ;) define the allowable
thermal comfort range for each thermal zone. A smaller ZT comfort range corresponds to a
higher comfort priority and provides less demand flexibility, whereas a larger ZT comfort range

corresponds to a lower comfort priority and provides greater demand flexibility.

Figure 3.2 shows the block diagram of the DSP Cascade Control, which consists of an
outer control loop and an inner control loop. In the outer loop, the controller regulates the DSP
at its setpoint and generates the adjustment factor (f) to uniformly adjust the effective ZT

setpoints for all the TBs. In the inner loop, the TB controllers modulate the damper positions
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to maintain their respective effective ZT setpoints. Figure 3.3 shows the schematic of the DSP

cascade control for seven thermal zones.
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Figure 3.2: Block diagram of DSP Cascade control
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Figure 3.3: DSP Cascade Control Loop schematic for seven thermal zones

The EF and DSP Cascade Control requires the reconfiguration of the AHU control
loops. Table 3.1 summarizes the differences between the conventional ZT feedback control

and the proposed EF and DSP Cascade Control for the TBs and the supply fan.
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Table 3.1: Differences between the ZT Feedback Control and the Proposed EF and DSP
Cascade Control

System ZT feedback control EF and DSP cascade control
Primary controller Primary controller Secondary controller
TB TB damper is modulated | TB damper is modulated to ZT setpoint is modulated
to maintain the ZT maintain the ZT setpoint to maintain the duct
setpoint static pressure setpoint
Supply Fan | Fan speed is modulated to | Fan speed is modulated to N/A
maintain the duct static maintain the cooling load
pressure setpoint setpoint
Cooling Valve is modulated to Valve is modulated to N/A
coil maintain the SAT at its maintain the SAT at its
setpoint setpoint

Proportional-integral (PI) controllers are widely applied in HVAC control systems.
Tuning the proportional (P) and integral (I) gains of a controller is essential to achieve the
desired control performance. The selection of the P and I gains depends largely on the process
gain of the controlled HVAC system, which is defined as the ratio of the change in the
controlled variable to the change in the manipulated control input. In the proposed control
loops, the controlled variables and manipulated control inputs differ from those in the
conventional control loops. Consequently, the process gains of the controlled systems also
differ, and the P and I gains of the controllers must be retuned to achieve the desired control

performance.

3.2 Experimental Test and Results

The experimental test bed is a fully instrumented single-duct VAV AHU system that serves
seven thermal zones of an office building located on a university campus. The number of

occupants in the served areas varies from zero during unoccupied periods to a maximum of 16
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during occupied periods. The configuration of the system is shown in Figure 3.4. The AHU
includes a chilled-water cooling coil with a design cooling capacity of 28 kW, a supply fan
with a design airflow rate of 1,200 L/s and a design head of 710 Pa. The VAV system is
equipped with a building automation system (BAS) for data acquisition, communication,

monitoring, and control. The BAS is capable of measuring:

1. the speed, pressure head, and VFD power consumption of the supply and return fans;

2. the duct static pressure (DSP);

3. the outdoor air and supply airflow rates using the duct traverse method; and

4. the outdoor, mixed, supply, and return air dry-bulb temperatures

All measurements were recorded at one-minute intervals and logged by the BAS.

Figure 3.4: Single-duct VAV AHU system
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3.2.1 DSP Cascade Control Test

For the DSP Cascade Control test, the supply fan speed was fixed at 90%. The fan speed
was fixed to validate the feasibility of maintaining the DSP setpoint by adjusting the ZT
setpoints, while eliminating the influence of supply fan speed control on the DSP. The TB
damper response time was first systematically adjusted by reducing the driving time of the
corresponding actuator, followed by tuning the proportional (P) and integral (I) gains of the
corresponding ZT controller. This process ensured that the dampers responded quickly to
changes in the ZT while avoiding excessive overshoot of the DSP and maintaining overall
control stability. Afterwards, open-loop tests were conducted by applying step changes to the
ZT setpoints to determine the process gain, defined as the ratio of the change in DSP to the
change in ZT. Based on the identified process gain, the DSP controller was designed and tuned.
After controller tuning, the DSP was maintained at its setpoint by modulating the ZT setpoint

adjustment factor.

Figure 3.5(a) shows the controlled SAT, while Figure 3.5 (b) shows the measured DSP (blue
curve) together with the adjusted ZT (orange curve). Both the SAT and DSP were well
maintained at their setpoints of 13°C and 250 Pa, respectively. More importantly, Figure 3.5
(b) demonstrates that the DSP Cascade Control successfully maintained the DSP at its setpoint
by adjusting the ZT setpoints within the prescribed comfort range. During the precooling
period, the ZT was reduced by a maximum of 0.3°C , while during the cooling release period,

it was increased by a maximum of 0.5°C.
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Figure 3.5: DSP Cascade Control Test with fixed fan speed

3.2.2 EF Control Test

In this EF Control test, the supply fan speed was modulated to maintain the adjusted sensible

cooling load (ACL) at a constant setpoint of 7.3 kW, while the DSP and SAT controls remained
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the same as those in the DSP Cascade Control test. This test was conducted to validate the
performance of the proposed HVAC load management strategy in the considering the
interactions among the supply fan, cooling coil, and TB dampers. Figure 3.6 shows the
controlled ACL (blue curve) together with the supply fan speed (orange curve). The ACL was
well maintained at its setpoint by increasing the supply fan speed to 100% during the morning
precooling period and decreasing it to approximately 70% during the afternoon cooling release

period.
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Figure 3.6: Supply fan speed and controlled cooling load for EF control test

3.3 Summary

This chapter presented the development and experimental evaluation of the proposed EF
Control and DSP Cascade Control. The experimental results demonstrated the feasibility of
implementing each control strategy on a fully instrumented VAV AHU experimental test bed.
The EF Control accurately regulated the cooling load by modulating the supply fan speed,

demonstrating its capability to provide precise cooling demand control. The DSP Cascade
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Control successfully maintained the DSP at its setpoint by uniformly adjusting the ZT setpoints
within the prescribed comfort range. These results confirm that both proposed control strategies
achieved their intended control objectives under experimental operating conditions. The
successful implementation of the individual controllers establishes the foundation for the
comprehensive evaluation of their integrated performance presented in the following chapter,
which also examines different EF-DSP control strategies to identify the configuration that
provides the best overall performance. In addition, the proposed control strategies are
compared with existing demand control strategies under identical weather conditions to further

verify their effectiveness.
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4. Integrated Performance Assessment of Proposed Air Handling
Unit Control Strategies and Performance Comparison Using a
Modelica-Based Virtual Test Bed

This chapter investigates the integrated dynamic performance assessment of these proposed
control strategies. This study evaluates and compares performance of four air handling unit
(AHU) control strategies using a Modelica-based virtual test bed. Control strategies were first
developed and described. These strategies include Sensible EF without DSP, Sensible EF with
DSP, Total EF with DSP, with state-of-the-art zone temperature (ZT) control serving as the
baseline. Then, a virtual test bed representing an existing AHU system was developed and
calibrated. Four control strategies were implemented. Finally, the performance of EF strategies
was evaluated against baseline strategy using settling time, relative error (RE), and the range
of average ZT (RZT) as measures of quick response, control accuracy, and even cooling load

sharing, respectively.

4.1 Description of state-of-the-art demand control and strategies using the
EF and DSP cascade control technologies

The state-of-the-art demand control is the ZT feedback control using GTA. This baseline
control strategy ensures that reduced cooling load burden is evenly shared across thermal
zones. However, it does not achieve fast and accurate demand control due to the slow response
of the supply fan and cooling coil. This state-of-the-art control is utilized as a baseline for the
other strategies using EF and DSP cascade control technologies. Figure 4.1a shows the
schematic of the feedback control loops of the state-of-the-art control. These loops are

described in the introduction.

Different control strategies based on the EF and DSP cascade control technologies are

evaluated in this study. The first EF control strategy, Sensible EF without DSP, employs EF
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control without the DSP cascade control to ensure fast demand control during on-peak hours.
The utilized EF control variable is the sensible cooling load, which allows the reduced cooling
load to be quantifiable. Figure 4.1b shows the EF control (marked in Pink) without the DSP
cascade control to be evaluated in this study. The EF control involves the reconfiguration of
the AHU control loops that allows fan speed to be controlled in response to cooling load set
point for precise cooling demand response operation. The supply fan speed is controlled to
maintain the cooling load at a set point since it is no longer needed for duct static pressure

control. The sensible cooling load is the calculated and controlled variable for the EF controller.

The second EF control strategy, Sensible EF with DSP, integrates both EF control and DSP
cascade control to achieve quick demand control while ensuring even sharing of reduced
cooling load among the thermal zones. The EF control variable utilized for this control strategy
is the sensible cooling load. A novel DSP cascade controller is utilized to achieve even
modulation on the demand side while the EF control is utilized to achieve quick and accurate
power at the supply side. A novel DSP cascade controller is designed to create an adjustment
factor (B) with a reverse action to evenly adjust the effective ZT setpoint (T ;) for all the
TBs, which allows all the zones to share the adjusted cooling load evenly and consequently

minimize the negative impact on indoor comfort.
Tstp,i = .BTmax,i +(1- ﬁ)Tmin,i 0<p=<1

where a maximum setpoint (T4, ;) and a minimum setpoint (T;,,;, ;) define a comfort range
for the thermal zones. A smaller ZT range means a higher comfort priority and provides less
demand flexibility while a larger ZT range means a lower comfort priority and provides more

demand flexibility.
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Figure 4.1: Demand control strategies

Figure 4.1c shows the EF control loop integrated with the DSP cascade control loop
(marked in Red). The TB loop adopts the DSP cascade control to regulate the ZT. This DSP
cascade control has two loops which are the outer and inner control loop. In the outer loop
(dashed red line), a controller is utilized to maintain the DSP at a setpoint and create an
adjustment factor to adjust the effective ZT setpoint for all the TBs evenly. In the inner loop
(solid red line), the TB controllers then modulate the TB dampers position to maintain the
adjusted ZT setpoint. This cascade controls allows all the zones to share the adjusted cooling
load (CL) and minimize the thermal comfort problems of other demand control strategies. The
DSP control shifts the responsibility of maintaining duct static pressure from the supply air fan,
as is common in traditional AHU operation, to the TB temperature set points, which now are

reset to regulate the duct static pressure instead.
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The third control strategy, Total EF with DSP, also employs EF control but uses the total
cooling load (TCL) as the control variable, combined with DSP cascade control. The purpose
of this strategy is to achieve both fast and accurate demand control while evenly sharing the
reduced cooling load across thermal zones. The cooling control in all the demand control
strategies are the same as the cooling coil valve is modulated to maintain the SAT at its setpoint.

Table 4.1 presents a summary of the state-of-the-art demand control and strategies utilizing EF

and DSP cascade control technologies.

Table 4.1: State-of-the-art and proposed demand control strategies

Nomenclature Baseline Sensible EF | Sensible EF | Total EF with
without with DSP DSP
DSP
On- Peak | Control ZT EF control | EF control EF control and
hours strategy feedback without and DSP DSP cascade
control DSP cascade control
using GTA | cascade control
control
EF control | N/A Sensible Sensible Total
variable cooling cooling load | cooling load
load
Off- Peak | Control ZT feedback control
hours strategy
Purpose of control Slow Quick Quick Quick and
strategies demand demand demand accurate demand
control with control control control
sharing without | Even sharing | Even sharing
reduced sharing reduced reduced cooling
load load cooling load load

4.2 Methodology

To evaluate the performance of the AHU demand control strategies, key variables such as

cooling load and zone temperature (ZT), along with operating parameters including SAT,

mixed air temperature, airflow rates, and enthalpy, are required to assess building demand
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control and thermal comfort. These variables are obtained using a calibrated virtual simulation

test bed.

This section outlines the methodology employed to compare the demand control strategies
using the EF and DSP cascade technologies with the state-of-the-art demand control. It
describes the experimental test bed and the virtual simulation test bed used in this study. The
virtual simulation test bed is calibrated using experimental tests conducted on the AHU system,
and the calibration procedure is also presented. Additionally, the performance metrics used to

evaluate the control strategies performance are presented.

4.3 Experimental and virtual simulation test beds

The experimental test bed utilized in this study is a fully instrumented single-duct VAV
AHU system that serves seven thermal zones of an office building located on a university
campus. The configuration of the system and its thermal zones are shown in Figure 3.4 and
Figure 4.2. The AHU includes a chilled water-cooling coil with a design cooling capacity of
28 kW, a supply fan with a design flow rate of 1,200 L/s and a design head of 710 Pa. The
supply fan, driven by a 2.2 kW motor, equipped with VFD. The supply fan speed was

modulated to maintain the duct static pressure at its setpoint of 250 Pa.
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Figure 4.2: Seven thermal zones served by the VAV AHU

The virtual simulation test bed comprises of an HVAC system and building model that
contains seven thermal zones. The HVAC system in this test bed is a VAV AHU system with
heating and cooling coils. The test bed also includes VAV TBs with components such as reheat
coils and air dampers in each of the seven-zone inlet branches. The AHU system’s control
sequence follows the traditional operational sequences (ASHRAE, 2006). The conventional
AHU control has three feedback control loops related to space thermal comfort in addition to
the return fan control for building pressurization and outdoor air control for the indoor air
quality. These three controls form a control flow from terminal boxes to the cooling coil and
are summarized as follows (Figure 4.3): (i) The terminal box (TB) dampers are modulated to
maintain the ZT at its setpoints (ii) The supply fan speed is modulated through the variable
frequency drive (VFD) to maintain the duct static pressure (DSP) at its setpoint (iii) The cooling

coil valve is modulated to maintain the supply air temperature (SAT) at its setpoint. This
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conventional AHU system prioritizes indoor comfort by aligning its control actions with

meeting the load, rather than meeting power demand.
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Figure 4.3: Schematic of an AHU

Cooling coil

Spawn facilitates co-simulation between the HVAC system in Modelica and building
energy simulation in EnergyPlus (Wetter et al., 2024). Spawn is DOE’s next-generation
simulation engine that leverages open standards for equation-based modeling (Modelica) and
co-simulation (functional mock-up interface). Spawn is DOE’s next-generation simulation
engine that leverages open standards for equation-based modeling (Modelica) and co-
simulation (functional mock-up interface). It combines software such as OpenStudio, Modelica
Buildings Library, Optimica, QSS solvers, and PyFMI. EnergyPlus and Modelica are
partitioned, with Figure 4.4 showing the variables interacting between them. Modelica
simulates everything related to air and controls, while EnergyPlus simulates heat conduction

in the building envelope model.
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Figure 4.4: Partitioning of the EnergyPlus and Modelica domain

Two different software, namely OpenStudio (version 3.6.1) and EnergyPlus (9.6.0) were
used in the development and simulation of the building envelope model for the virtual test bed.
The building’s floor plan was created in OpenStudio using FloorSpacelS, an open-source
software module used for building geometry creation. The building model was properly scaled
and the fenestration areas and all the associated loads for each space types were included. The
model utilizes four main types of boundaries: outdoor, adiabatic, ground, and surface. An
outdoor boundary describes the surface exposed to the environment, while the ground boundary
condition is applied to the floor. Also, the building materials and construction type of the walls
and ceiling were then specified for each surface. The 3D model of this office building with
seven conditioned zones (Zone A to Zone G) is served by a single-duct AHU is shown in Figure

4.5.
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Figure 4.5: 3D model of the building envelope

Figure 4.6 shows the reference simulation test bed and Figure 4.7 with the top-level view of

the AHU system and its control.
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Figure 4.6: Reference simulation test bed
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Figure 4.7: Top-level view the reference AHU system and its control

Several modifications were made to the reference virtual simulation test bed in Modelica
Buildings Library (Wetter et al., 2018) to ensure that the virtual test bed is adequate for this
study. In the reference virtual test bed, VAV boxes and their controllers were modelled using
an index-based array structure, enabling uniform updates across all thermal zones while
inherently prohibiting the simulation of pressure losses between upstream and downstream
VAV boxes. Pressure losses between the VAV boxes are critical to studying various comfort
losses among different VAV boxes when AHU is in demand response operation. Therefore, the
present study decomposed the VAV boxes and their controllers into individual components,
allowing for independent modification and tuning of specific boxes and enabling more precise
zonal control and incorporating the corresponding pressure loss fittings between the

decomposed VAV boxes. Figure 4.8 shows the top-level of the developed virtual test bed.
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Additionally, the reference test bed consists of a building layout with five thermal zones,
which has been utilized in multiple studies without modification to the VAV box arrangement
or the thermal zones (Lu et al., 2021, 2023). In this study, the floor layout was extended to
seven thermal zones, each served by its own VAV box. These modifications ensure the virtual
test bed meet the need for the study and its layout and system architecture form a robust design
equivalent to the experimental setup, thereby creating a high-fidelity platform for subsequent

simulation and control analysis.

4.4 Calibration of the virtual simulation test bed

The virtual simulation test bed was calibrated to represent the experimental test bed. This
was achieved by comparing the operational performance of the AHU system and the dynamics
of the building envelope. Experimental tests were carried out to compare the simulated
parameters from the virtual test bed with the measured parameters from the experimental test

bed.
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The virtual test bed, which consists of the building energy model and the AHU system,
was calibrated at the zone level based on three key metrics: the flow rate supplied to the seven
thermal zones, the total supply flow rate from the AHU, and the cooling load. An overview of
the calibration process of the virtual test bed used in this study is provided in Figure 4.9. The
building’s physical information, weather data, and the Energy Plus input files were
incorporated into the simulation test bed for co-simulation with the HVAC system in Modelica.
The next step involved specifying the operational parameters of the AHU system in the model,
followed by defining the design parameters for the VAV terminal boxes (TBs) in all zones.
The occupancy schedules and internal heat gains for the seven thermal zones were modeled as
heterogeneous, i.e., each thermal zone had different daily schedule. These individual zone
schedules and internal heat gains were then adjusted during calibration to ensure the simulated
cooling load, required VAV flow rate and zone temperatures accurately matched the

experimental data for each thermal zone.

The step-by-step calibration process, as illustrated in Figure 4.9, begins with specifying
the operational parameters of the AHU components. An experimental test is then conducted to
compare the simulated operation data from the virtual test bed with the measured data from the
experimental test bed. A decision point follows, where the virtual test bed dynamics are
evaluated against the experimental test bed. If there is a significant difference in performance
data, calibration parameters are updated, and the process is repeated until the virtual test bed
accurately represents the experimental test bed. The comparison indices for the calibration
between the simulated and measured parameters were the supply flow rate, which represents
the HVAC air-side system and controls; the sensible cooling load, which represents the building
physics and internal loads; and the average zone temperature, which represents the thermostat
settings and thermal comfort within the zones. Calibrating these parameters was essential to

provide a holistic and accurate indication of the virtual test bed's overall performance.
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Figure 4.9: Calibration workflow of the virtual test bed

The calibration experimental test was conducted on the 1% of July, 2025. On this Summer
Day, the settings of the virtual test bed were adjusted to match those of the experimental setup.

These settings include;

e ZT setpoint for all the thermal zones was set to 22°C.

e The weather information of this day was utilized for the virtual test bed.

e The SAT setpoint was 12.8°C.

Figure 4.10a shows the comparison of the simulated and measured supply fan flow rate, on
the test date. The simulated and measured sensible cooling loads for this test day were
compared. The sensible cooling load was determined using a heat-balanced equation, which is
a function of the difference between the average ZT and the SAT. Figure 4.10b and c shows
the average ZT and the cooling load respectively. The simulated average ZT of the thermal
zones matches well with the measured average ZT as the difference in temperature is small.
Additionally, the simulated cooling load dynamics correspond well with the measured cooling

load dynamics.
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Figure 4.10: Comparison of simulated and measured supply fan flow rate, average ZT, and
cooling load for a summer day

The calibration quality of the virtual test bed was evaluated using the statistical indices
recommended by ASHRAE Guideline 14 (ASHRAE, 2014), which are the Normalized Mean
Bias Error (NMBE) and Coefficient of Variation of the Root-Mean-Square Error (CV(RMSE)).
The NMBE measures the overall bias between the simulated and measured parameter values

and 1s mathematically expressed as:

NMBE (%) — Zi:l(Ymeasured,i_37simulated.i) x 100

N X Ymeasured,i

Where Ymeasurea,i 15 the measured value, Ysimuiatea,i 1 the simulated value, y; is the mean of

measured values, and n is the total number of data points.

The CV(RMSE) measures the magnitude of randomness and variability between the simulated

and measured values and is mathematically expressed as:
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CV(RMSE) (%)

Table 4.2 shows a summary of the calibration metrics for the difference between the
simulated and measured parameters. The NMBE values for the cooling load and supply flow
rate are 5.1% and 6.1% respectively. These results are well within the 10% limit considered
acceptable in ASHRAE Guideline 14 for hourly values. However, the simulated and measured
data were collected at a one-minute interval over a period of one day. The hourly benchmark
was utilized for comparison since the ASHRAE Guideline 14 does not specify limits for one-
minute intervals. The CV(RMSE) values for the cooling load and supply flow rate are 10.4%
and 10.7%, respectively, which are comfortably below the 30% limit for hourly values. The

NMBE and CV(RMSE) for the average zone temperature are 1.2 % and 1.4%, respectively.

Table 4.2: Summary of Calibration Metrics

NMBE (%) CV(RMSE) (%)

Cooling load (kW) 5.1 10.4
Supply flow rate (m?/s) 6.1 10.7
Average zone temperature (°C) 1.2 1.4

The simulated parameters match well with the measured parameters across all the indices.
The virtual test bed satisfies the NMBE and CV(RMSE) thresholds specified by ASHRAE
Guideline 14 for hourly data, even when validated against the higher-resolution, one-minute
interval dataset. This outcome confirms the accurate calibration of the virtual test bed for
subsequent control studies. It also demonstrates that the operational performance of the AHU

system and the building envelope dynamics agree well with the experimental test bed.
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4.5 Performance metrics for evaluating control performance

Different performance metrics are utilized to evaluate the demand control strategies, using
key variables such as cooling load and ZT. These metrics assess both demand control
performance (e.g., control response and accuracy) and thermal comfort performance (e.g.,
temperature stability and occupant comfort). More details on how the indices are applied to

these variables are presented below:

4.5.1 Settling time for evaluating the response time of the EF control

The EF control is to modulate the supply air fan speed in response to the cooling load
setpoint. Settling time in this study is the time required in dynamic response analysis (O’Neill
et al., 2017) for the cooling load to stabilize and remain within a defined tolerance band. The
tolerance band used is 2% of the stable cooling load value for the demand control strategies.
This metric is used to evaluate the control response time of the HVAC system during a demand
control event. A short settling time indicates a fast control response time, while a long settling

time signifies a slow response time.

4.5.2 Mean absolute and relative errors for evaluating the accuracy of the EF control
The Mean Absolute Error (MAE) represents the average absolute deviation of the TCL from

the setpoint. It is mathematically expressed as:

_ XPA|TCL; — TCLgy|
- n

MAE

where TCL; is the TCL at time 1, and 7CLy, is the TCL setpoint. This metric evaluates the
accuracy of demand control strategies in maintaining the TCL setpoint. A low MAE indicates

better performance, while a higher MAE signifies greater deviations from the setpoint.

48



Relative error (RE) is a measure of accuracy for the demand control strategies. It indicates
the magnitude of error relative to the cooling load setpoint. The percentage RE is

mathematically expressed as:

x 100

MAE
RE (%) = 7
stp

4.5.3 Range of Mean ZT for evaluating evenly cooling load sharing

The range of mean ZTs (RZT) is used to evaluate the thermal comfort performance of the
control strategies and to assess whether the thermal zones evenly share the reduced cooling
load during the demand control. The RZT for each control strategy is mathematically expressed

as:

RZT = ﬁfarthest - ﬁclosest

where ZT is the average ZT over the evaluation period, and the subscripts farthest and closest

refer to the thermal zones farthest from and closest to the main supply duct, respectively.
4.6 Simulation of demand control strategies with the virtual test bed

The four demand control strategies and the conventional AHU control strategy were
simulated using the calibrated virtual test bed. This section presents the simulation results of
these strategies and their implementation on the test bed. The demand control event (peak
period) considered in this study spans from 2 PM to 9 PM. A summer day was selected for the
simulations due to the typically high electricity demand during this period. This allows for a
robust assessment of the demand control performance using the virtual test bed. The simulation

time step is 1 min, and the convergence tolerance is 1x107 to ensure simulation accuracy.

The conventional strategy utilizes ZT feedback control without any modifications to the

conventional control loops. This control loop serves as the reference for demand control
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strategies because it prioritizes indoor thermal comfort. Throughout the simulation period, the
ZT cooling setpoint (TZoneSet) is fixed at 21.5°C. In this study, this conventional strategy
forms the foundation for evaluating the performance of the demand control strategies. Figure
7 shows the ZTs, supply fan flow rate and speed, TB damper positions, and DSP over a one-
day simulation period for the conventional strategy. As shown in Figure 4.11a, the zone
temperatures (ZTs) for Zones A through G are maintained at the setpoint of 21.5°C, with minor
transient deviations (a maximum rise of 0.30°C and a maximum dip of 0.36°C). In Figure 4.11b,
the supply fan speed and airflow rate remain low during the early unoccupied hours but
subsequently increase during non-peak and peak occupied periods to meet the increased
thermal demand. Figure 4.11c illustrates that the terminal box dampers for all thermal zones
are partially open (with positions ranging from approximately 0.36 to 0.65), enabling
modulated airflow in response to instantaneous zone loads. In Figure 4.11d, the DSP is

maintained precisely at its setpoint of 250 Pa throughout the day.
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Figure 4.11: ZTs, supply fan airflow rate, and speed, damper position and duct static pressure
for the conventional strategy

4.6.1 Baseline
This strategy involves GTA control during peak hours. TZoneSet remains fixed at 21.5°C

during unoccupied and occupied non-peak hours, but during peak hours, it is automatically
adjusted to 22.8°C using a pulse signal. No changes were made to the AHU’s conventional
control loop. Figure 4.12 shows the ZTs, supply fan flow rate and speed, terminal box damper

positions and DSP for the baseline scenario.
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At 2 pm (14 hours), TZoneSet increases from 21.5°C to 22.8°C (Figure 4.12a). This change
reduces the required cooling load, resulting in a corresponding decrease in the supply fan speed
and airflow rate (Figure 4.12b). The TB dampers also reduce their positions during setpoint
adjustment to match the lower instantaneous zone loads (Figure 4.12c¢). For this scenario, the
DSPis maintained at its setpoint of 250 Pa throughout the day. Only minor transient deviations

are observed, coinciding with the TZoneSet transitions at t = 14 hours and t = 21 hours.
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Figure 4.12: ZTs, supply fan airflow rate, and speed, damper position and duct static pressure
for the baseline strategy
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4.6.2 Sensible EF without DSP
This strategy involves two reconfigurations of the conventional control loops. Firstly, the

supply fan speed is modulated to maintain the sensible cooling load (SCL) at a setpoint during
peak hours. Secondly, the DSP cascade controller is not utilized. The SCL is mathematically

expressed as;

QscrL = MmaCPair (Tma - Tsa)

Where Qscr is the cooling coil sensible load, my,, is the mass flow rate of the mixed moist air,
Cpair 1s the specific heat capacity of moist air, Tma is the mixed air temperature, and Ts, is the
supply air temperature. The SCL setpoint during the peak period is 8.96 kW and this value is
set based on the shed load intended for the simulation day. During the non-peak hours, the ZT
feedback control loop is utilized during non-peak hours. Figure 4.13 shows the EF controller
operation for this scenario. During peak hours, the supply fan speed is modulated to maintain

the SCL at the setpoint of 8.96 kW.
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Figure 4.13: EF controller operation for Sensible EF without DSP
Figure 4.14 shows the ZTs, supply fan airflow rate and speed, TB damper positions,
and DSP for Sensible EF without DSP. TZoneSet remained fixed at 21.5°C, as no setpoint
adjustment was applied during the peak period. During the non-peak hours, the DSP was

effectively maintained at its setpoint. In contrast, during the peak hours, the DSP was not
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maintained because the DSP cascade controller was not utilized. This resulted in an abrupt

decrease in DSP, reaching a minimum of 30 Pa (Figure 4.14d).

The TB dampers for all zones are fully open during peak hours (Figure 4.14c), as the
TB controllers attempt to compensate for the lack of duct pressure. As shown in Figure 10a,
the ZTs are not maintained at the TZoneSet. Zone D, which has the TB closest to the main
supply duct, has the lowest ZT while Zones A and C, which have TBs farthest from the supply
duct, experience the highest ZTs among the thermal zones. These ZT profiles indicate a clear

imbalance in the distribution of the reduced cooling load among the thermal zones.
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Figure 4.14: ZTs, supply fan airflow rate, and speed, TB damper positions and duct static
pressure for Sensible EF without DSP
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4.6.3 Sensible EF with DSP
This strategy utilizes a combination of energy feedback control, DSP cascade control, and

ZT feedback control loops. The ZT feedback control loop is active during non-peak hours.
During this period, the supply fan speed is modulated to maintain the DSP at its setpoint (250
Pa), while TZoneSet is fixed at 21.5°C. During peak hours, the supply fan speed is modulated
to maintain the SCL at a setpoint of 8.96 kW, and a DSP cascade controller is utilized to
maintain the DSP setpoint and readjust TZoneSet. Figure 4.15 illustrates the EF controller
operation, showing the modulation of the supply fan speed to maintain the SCL at its setpoint

during the peak hour.

Figure 4.16 shows the ZTs, supply fan airflow rate and speed, TB damper positions, and
DSP for Sensible EF with DSP. A reduction in the supply fan speed and airflow rate occurs
during the peak hours (Figure 4.16b), followed by a corresponding reduction in TB damper
positions (Figure 4.16c). The ZTs are maintained at the adjusted TZoneSet (Figure 4.16a), and
the DSP is maintained at the setpoint of 250 Pa during peak hours, demonstrating the
effectiveness of the DSP cascade controller. A noticeable overshoot of DSP and TZoneSet
occurs at the transition time (t = 14 hours). This initial transient instability resulted from
switching from the non-peak control strategy to the peak-hour control strategy. Following this
transient response, the combined control strategy successfully maintains the ZTs at the adjusted

TZoneSet, maintains DSP at its setpoint, and simultaneously adheres to the system SCL limit.
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Figure 4.15: EF controller operation for Sensible EF with DSP
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Figure 4.16: ZTs, supply fan airflow rate, and speed, TB damper positions and duct static
pressure for Sensible EF with DSP

4.6.4 Total EF with DSP
This strategy utilizes the same hybrid combination of energy feedback controllers and ZT

feedback controllers. However, the difference is that the supply fan speed is modulated using

TCL. TCL is mathematically expressed as

QrcL = rhma(Hma - Hsa)

Where Qrct is the cooling coil total load, m,,, is the mass flow rate of the mixed moist air,
Hma 1s the specific enthalpy of mixed air, and Hsa is the specific enthalpy of supplied air. The
TCL setpoint utilized to reset the supply fan speed is 11.9 kW. Figure 4.17 shows the EF
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controller operation, with the supply fan speed being modulated to maintain the TCL at its

setpoint during the peak hour.

Figure 4.18 shows the ZTs, supply fan flow rate and speed, TB damper positions, and
DSP for Total EF with DSP. During the peak hours, the DSP is maintained at its setpoint
(Figure 4.18d), the supply fan speed and flow rate (Figure 4.18b) reduce to maintain the TCL
setpoint, the ZTs are maintained at the adjusted TZoneSet (Figure 4.18a), and the TB damper

position of all thermal zones (Figure 4.18c) reduces accordingly.
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Figure 4.17: EF controller operation for Total EF with DSP
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Figure 4.18: ZTs, supply fan airflow rate, and speed, TB damper positions and duct static
pressure for Total EF with DSP

4.7 Comparative Analysis and Discussion

In this section, the strategies are evaluated based on the building demand control and

thermal comfort.

4.7.1 Building demand control

For these strategies, the TCL is utilized as the primary comparison index for the

building demand control, as it allows for the determination of the energy use for each strategy.
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Figure 4.19 shows the TCL profile for the different demand control strategies evaluated in this
study. The figure indicates that normal operation was maintained during the non-peak hours,
as the TCL remained consistent before the peak hours (demand control event). However, due
to the dynamic nature of the HVAC system and building envelope, the TCL profile for the
strategies wasn’t perfectly maintained after the demand control event. Specifically, a spike was
observed for the baseline strategy and Sensible EF without DSP. This spike in cooling load,
known as a demand rebound, occurs when the HVAC system returns to normal operation after

the end of the demand control event (Sehar et al., 2016).
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Figure 4.19: Total cooling load profile of the evaluated strategies

Generally, the evaluated demand control strategies resulted in varying magnitudes of
cooling load shed when compared to the baseline. For the baseline strategy, which utilizes the

GTA of the ZT setpoint during the peak period, there was not accurate cooling load shedding.
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In contrast, strategies that utilize the EF controller during the demand control event achieved
precise load shedding based on the setpoint utilized for the specific strategy. The TCL setpoint
in Total EF with DSP was precisely maintained throughout the demand control event. The
implementation of the Total EF with DSP strategy demonstrates that accurate energy use

control can be achieved by utilizing the EF controller with the TCL as the control variable.

The settling time for each strategy was determined to evaluate how quickly the cooling
load stabilizes and remains within a defined tolerance band during the peak period. Table 4.3
presents the cooling load settling times and stable cooling load values for each strategy. The
tolerance band used for this analysis is 2% of the stable cooling load value of the evaluated
strategies during the peak hour. The total EF with DSP has the shortest settling time, taking
only 0.03 hours to reach a stable value of 11.9 kW, which matches the TCL setpoint. All the

strategies utilizing the EF controller have a shorter settling time compared to the baseline.

Sensible EF without DSP has a settling time of 0.18 hours and a stable cooling load
value of 11.82 kW, while Sensible EF with DSP has a settling time of 0.03 hours and a stable
load value of 12.16 kW. Although these strategies share the same SCL setpoint, they reached
different stable cooling load values and profiles. This is because Sensible EF without DSP,
which did not incorporate the DSP cascade control, resulted in higher airflow than Sensible EF
with DSP, thereby leading to a difference in the sensible heat ratio and TCL. The baseline has
a settling time of 5.05 hours, which is the longest among the evaluated strategies. This long
settling time indicates a slow response of the HVAC system to the ZT reset. These results
demonstrate that the EF controller strategies provide comparatively faster and more accurate
HVAC demand control, with Total EF with DSP and Sensible EF with DSP achieving the

fastest response.
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The mean absolute error (MAE) and relative error (RE) of the strategies were evaluated
to assess how effectively they met the reference TCL setpoint. Table 4.3 shows the error
metrics for the demand control strategies. The baseline strategy resulted in an RE of 12.52%
and an MAE of 1.49 kW, while Sensible EF without DSP had an RE of 1.26% and an MAE of
0.15 kW. Sensible EF with DSP yielded an RE of 1.60% and an MAE of 0.19 kW. The
significant RE and MAE in the baseline strategy indicate inaccurate load control, as the precise
load setpoint was not achieved. In contrast, the EF control strategies exhibited smaller REs
than baseline, highlighting improved demand control performance. Total EF with DSP, which
has the shortest settling time, also achieved the lowest RE of 0.01% and an MAE of 0.001 kW.
Among all strategies, Total EF with DSP exhibits the best demand control performance,

achieving the lowest RE, lowest MAE, and fastest stabilization.

Table 4.3: Performance metrics of the evaluated demand control strategies

Stable
cooling Settling Mean Relative
load Mean time (hrs) | absolute | error (%) RZT
value cooling load error (°O)

Strategy (kW) (kW) (kW)

Baseline 11.92 10.43 5.05 1.49 12.52 0.05
Sensible EF 11.82 0.18 0.15 1.26 0.78
without DSP 11.77
Sensible EF 12.16 0.03 0.19 1.60 0.00027

with DSP 12.09
Total EF with 11.90 0.03 0.001 0.01 0.00448

DSP 11.90

4.7.2 Thermal comfort

The range of ZTs (RZT) was evaluated to assess the thermal comfort performance of
the demand control strategies during the peak period and to quantify how evenly the cooling
load was shared among the thermal zones. A minimal or negligible RZT across the seven

thermal zones indicates an even distribution of the reduced cooling load. Conversely, a high
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RZT denotes uneven load sharing and significant temperature variability across the thermal

zones.

Figure 4.20 and Table 4.3 show the RZT values for the demand control strategies. The
baseline strategy has a minimal RZT of 0.05°C, while Sensible EF without DSP has the highest
RZT of 0.78°C. Sensible EF with DSP and Total EF with DSP have negligible RZT values of
0.00027°C and 0.00448°C, respectively, indicating that the reduced cooling load burden is
shared evenly across all the thermal zones. In contrast, Sensible EF without DSP results in a
significantly higher RZT value than the baseline and the other EF control strategies, reflecting
an uneven sharing of the reduced cooling load among the thermal zones. These results validate
the importance of incorporating DSP cascade control alongside EF control to achieve equitable
load sharing during demand control events.
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Figure 4.20: Range of average ZT (RZT) for the evaluated strategies
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4.8 Summary

This study evaluated and compared the performance of four AHU control strategies using
a Modelica-based virtual test bed to assess building demand control and thermal comfort.
Baseline strategy resulted in the longest settling time of 5.05 hours, an RE of 12.52%, and an
RZT of 0.05°C. This long settling time and high RE indicate inaccurate demand control during
the peak period. The Total EF with DSP achieved precise load shedding, with a settling time
0f 0.03 hours, an RE 0f 0.01%, and an RZT of 0.00448°C. Total EF with DSP improves energy
control accuracy by 1.59% relative to Sensible EF with DSP, while Sensible EF with DSP
achieves more even cooling load sharing than Sensible EF without DSP, as indicated by RZT
values of 0.00027°C and 0.78°C, respectively. These results indicate uneven sharing of the
reduced cooling load in Sensible EF without DSP, whereas the baseline, Sensible EF with DSP,

and Total EF with DSP exhibit even distribution of the reduced cooling load.

Overall, the strategies that utilized the EF controller performed better than baseline, as they
resulted in comparatively faster and accurate HVAC demand control. Sensible EF without DSP
performed the worst among the EF control strategies while the Total EF with DSP performed
the best in demand control. This study demonstrates that integrating the DSP cascade controller
and EF controller minimizes the negative impact on occupant comfort during demand control.
For AHU systems equipped with enthalpy or humidity sensors, the Total EF with DSP strategy
is recommended for building demand control and thermal comfort. However, implementing
the Total EF with DSP control loop can be challenging in AHU systems that are not fully
instrumented, as it requires accurate enthalpy measurement derived from both relative humidity

and dry-bulb temperature sensors. For such systems, Sensible EF with DSP is recommended.
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5. Development and Evaluation of an Optimization-Based Energy
Feedback and Duct Static Pressure Cascade Control

This chapter incorporates an optimization-based control into the EF controller. This enables the
modulation of the cooling load setpoint based on weather conditions and the building's daily
load profile. The objective of this chapter is to develop and evaluate the performance of an
optimization-based EF-DSP cascade control strategy that employs setpoint adjustment signals
to achieve load shifting through precooling and load shedding during peak demand periods

while maintaining minimum energy cost.

This chapter involves: (i) a reduced-order thermal modeling of an educational building and
parameter estimation for control purpose; (ii) the development of an optimization-based EF
controller and its implementation on the calibrated virtual test bed; and (iii) the evaluation of
the optimal EF-DSP control strategy and its comparison with the EF-DSP control with constant

setpoints and baseline demand control strategy.

5.1 Development of Optimization-Based EF Controller

Figure 5.1 illustrates the optimization-based EF control integrated with the DSP cascade
control. To determine the optimal total cooling load setpoints for the EF controller, several
steps are undertaken. First, a reduced-order thermal model of the building is developed, and its
parameters are estimated. Next, an optimization-based control formulation is developed and
integrated into the EF controller within the calibrated virtual test bed. Finally, the optimization
framework is coupled with the virtual test bed through the BuildingsPy interface, enabling

communication between the optimization algorithm and the Modelica-based HVAC model.

64



— — , Adjust ZT
}(lpum:ll ICL Sulpmnl‘ Ir ————— ————

DSP setpoint
ol
(D
@ 1| Zone
[ ] :

C; Controller ZT Setpoint
TCL: Total cooling load

CCL: Calculated cooling load
VA:Valve actuator

Actual ZT

N ' B
Cooling coil — @)
| Kl Zone m

Terminal boxes

Figure 5.1: Optimization-based EF Control Integrated with the DSP cascade control

5.1.1 Reduced-order RC-based gray-box model of Building thermal dynamics
Building thermal dynamics involve heat and mass transfer processes, solar radiation
through windows, air infiltration through cracks in windows and doors, and internal heat gains
(Jiang, 2023). Grey-box modeling, also referred to as reduced-order modeling, is simpler and
computationally more efficient than white-box modeling, which is fundamentally based on the
conservation of mass, energy, and momentum. Resistance-capacitance (RC) modeling is the
most widely used grey-box modeling approach and has been extensively employed in the

literature for building energy modeling and control applications (Li et al., 2021).

The modeled building represents a portion of an engineering laboratory building at the
University of Oklahoma and consists of seven thermal zones (Zones A—G). Figure 5.2 shows
the architectural layout of the building. This section of the engineering building is served by a

single air handling unit (AHU) and seven variable air volume terminal boxes (VAV TBs).
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Figure 5.2: Thermal zones of the building

Five of the thermal zones are exterior zones (Zones A, C, E, F, and G), as they are
exposed to the outdoor environment and are represented using second-order resistance-
capacitance (2R2C) networks. Zones B and D are fully interior zones with no direct solar
exposure and are represented using first-order resistance-capacitance (1R1C) networks. Table

5.1 summarizes the thermal zone classifications and their interactions with adjacent zones.

Table 5.1: Grouping and Interactions of Thermal Zones

Adjacent Zones
Thermal Zones | Rooms (interactions)

Zone A 114 Cand D
Zone B 100,102,109, 111,113 | C,D,and G
Zone C 108,110, 112 A,B,and D
Zone D Corridor A,B,C, E F, G
Zone E 119 Dand F
Zone F 118 Dand E
Zone G 115 B and D
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Figure 5.3 presents the 2R2C network used to model the thermal dynamics of the exterior

zones of the building.

(1 — C{)SOlf Qsol,r aSOlf QSOI.

Toa
Outdoor air

|| Ram ||

Cair Adjacent zone

1
-

T hf (Toa - Tair)

Qcoo[

VQint

Figure 5.3: Schematic of the RC network of the exterior zones

Each exterior zone is modelled as two coupled thermal capacitances: an air node at
temperature T,;,. representing the zone air and lightweight contents, and a mass node at
temperature Ty, 55 representing the thermally heavy envelope and structure. The two nodes are
linked by an internal air—mass resistance R, while the mass node is connected to the outdoor

air temperature T,, through the envelope resistance Reyy
The general 2R2C model equation for an exterior zone i € { Zones 4, C, E, F, G} is given by:

Mass node:

dTmass,i _ Toa - Tmass,i Tair,i - Tmass,i

C i + (1 —a;)Sols;

mass,i dt Renv,i Ram,i ( 1) f,i Qsol,r
Air node:
dT.... T T . .
Cair,i = . e + aiSOIf,i Qsol,r + yiQint,i - Qcool,i + hf,i(Toa - Tair,i)
dt Roym, i
n Z Tj _RTair,i
JEN; Y
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Where Cy;,- 1s the thermal capacitance of the zone air volume [J K™, Cpass 1S the
thermal capacitance of the building mass [J K™']. The mass capacitance represents the building
envelope and is characterized by the mass temperature (7;,,5s)- The air capacitance represents
the zone air and is characterized by the air temperature, T,;,-. Both capacitances are connected
through the air-to-mass thermal resistance, R,,, while the mass node exchanges heat with the
outdoor environment through the envelope thermal resistance, Repy. hy [W K™'] is the lumped
ventilation and infiltration conductance to air exchange with outdoors. Qg4 1s the solar
radiation [W m™], Sol; [m?] is the effective solar aperture, and « is the fraction of the solar
radiation hitting the air node directly. Q;,; represents internal heat gains and y is a multiplier
used to account for uncertainties in the occupancy and equipment loads. Q.,,; represents the

cooling load in each thermal zone.

The interior zones are represented using first-order resistance-capacitance (1R1C)
models with thermal coupling to adjacent zones. The general 1R1C model for an interior zone,

i € { B,D}, is given by:

dT.. ; T] - Tair,i
Cair,i % = YiQint,i — Qcoori + hf,i(Toa - Tair,i) + Z " R;
3]

JEN;

5.1.2 Parameter Identification

The continuous-time state-space representation of the thermal model for each zone is given

by:
X; = Ai(6;) x; + B;(6) u;
Where X; = [Tair» Tmass] | represents the states for the exterior zone and u; =

[Toar Qsorr» Qint,ir Qcootir {Tair,j}je Ni]T, represents the input vector for exterior zones. For
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interior zones, X; = [Tair]T and w; = [Tyq, Qine,i» Qcootir {Tair,j}jeNi]T- 0; represents the

thermal parameters to be identified for each zone.

Each exterior zone has 8 parameters to be identified in addition to its inter-zone thermal
resistances (61 = {Renv,i; Ram,i; Cair,i» Cmass,i; Yi SOlf’i, hf,i' (li} V) {Rij}je]\fi)a while each
interior zone has a set of 3 parameters, in addition to its inter-zone thermal resistances ( 8; =

{ Cairiy Vi hyi} U {Rj} jew,)-

The continuous-time model is converted into a discrete-time model using the Forward

Euler method, which is a first-order explicit single-step numerical integration scheme.
The general discrete-time state equation is expressed as

X1 = X + At f (g, uy, 0)
The discretized 2R2C model of the exterior zones is given by:

Tmass,i,k+1 = Tmass,i,k

At T, —T ; Tayirinw — T, i
+ oak mass,i,k + air,i,k mass,i,k + SOlf'i (1 _ ai) Qsol,r,k

Cmass,i R env,i R am,i

At Tmass,i,k - Tair,i,k

Tair,i,k + + yiQint,i + SOlf,i aiQsol,r,k - Qcool,i,k

Cair,i R am,i

Tair,j,k - Tair,i,k
+ hf,i(Toa,k - Tair,i,k) + Z R.:.
jen, Y

The discretized equation for the 1R1C model of the interior zones is given by:
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Tair,i,k+1 = Tair,i,k

At Tair,j,k - Tair,i,k
+ C— yiQint,i - Qcool,i,k + hf,i(Toa,k - Tair,i,k) + Z R .
air,i jeN, ij

The discretized model is subsequently employed in the parameter identification scheme to
estimate the unknown thermal parameters by minimizing the prediction error between the

measured and simulated zone temperatures.

5.1.2.1 Objective Formulation

The objective of the parameter estimation process is to determine the set of thermal
parameters that minimizes the discrepancy between the measured zone temperatures in the
training dataset and those predicted by the grey-box thermal models. The identified parameters
are obtained by minimizing a weighted error function that considers both temperature
prediction accuracy and the ability of the model to replicate the dynamic thermal response of

the building.

The optimization problem is posed as the minimization of the loss between the measured

and simulated temperatures. The objective function is expressed:

L(T™meas, TSM) = Lo+ ALy

N N-1
. 1 . 1 .
L(Tmeas, Tstm) — N § Wy (leneas _ Tksml)z + N1 § (AT’:neas _ AT;flm)z,
k=1 k=1

where N is the number of data points, wy is the weighting factor, and A is the derivative error

weighting coefficient.

The first term, L, minimizes the prediction error between the measured and simulated

temperatures. In this study, the measured temperatures are obtained from the training dataset,
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while the simulated temperatures are generated using the identified thermal parameters. A
weighting factor, wy, is employed to assign greater importance to periods characterized by
large temperature deviations. This increases the influence of peak operating conditions during
the optimization process and improves model accuracy during periods that are most relevant to

demand response applications.
The weighing factor is defined as

|T*% — median(T™¢%))|
max (T ™eas) — min(T™eas)

Wk:1+4

The second term, L , constrains the rate of temperature change and enables the
identified model to reproduce the dynamic thermal response characteristics of the building. By
minimizing both £ and £, the parameter estimation framework captures both the steady-

state temperature behavior and the transient thermal dynamics of the building.

For the exterior zones, the thermal parameters are estimated by minimizing a weighted
objective function that simultaneously considers both the air-node and mass-node

temperatures:

Ji(0) = 0.6 L(Tgi, Tairy) + 0.4 L(Tasss Tmas

ass,i

The joint fitting of the air-node and mass-node temperatures is necessary for exterior zones
because the envelope parameters, R, ; and Cp,,ss; are weakly identifiable when only the air
temperature is used for calibration. Incorporating the mass-temperature measurements
improves the identifiability of these parameters and enables a more accurate representation of
the building thermal inertia. For the interior zones, the objective function is formulated using
only the air-temperature measurements because the 1R1C model does not include a separate

mass node.
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5.1.2.2  Parameter Estimation Method

Due to the non-convex nature of the objective function, this study employs a multi-
stage hybrid optimization framework to estimate the thermal parameters of the 2R2C and 1R1C
models. The optimization combines a population-based global search with successive gradient-
based local refinement across three stages. The first stage employs Differential Evolution (DE)
to perform a global search of the parameter space. The second stage applies the Limited-
memory Broyden—Fletcher—Goldfarb—Shanno algorithm with bound constraints (L-BFGS-B)
to refine the solution obtained from the global search. The third stage performs a second L-
BFGS-B optimization with tighter convergence tolerances to further improve the numerical
accuracy of the identified parameters. The hybrid framework combines the global exploration
capability of with the fast local convergence of L-BFGS-B, thereby improving the robustness,

accuracy, and computational efficiency of the parameter estimation process.

The DE algorithm is a simple and efficient global optimization technique first proposed
by Storn & Price (1997). It has been widely applied to building thermal parameter identification
problems because of its ability to solve nonlinear, complex, and multidimensional optimization
problems. Furthermore, DE is recognized for its ability to maintain population diversity and
reduce the likelithood of premature convergence to local minima, making it well suited for the
calibration of complex building energy models (Shen, 2026; Storn & Price, 1997). The
effectiveness of DE for building thermal parameter estimation has been demonstrated by Shen
(2026) who employed a hybrid modelling approach to identify the thermal parameters of four
RC model configurations (4R1C, 6R1C, 7R1C, and 7R2C) for an educational building. DE is
characterized by its simple algorithmic structure, ease of implementation, computational

efficiency, and robust convergence performance (Yang et al., 2016).
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The DE algorithm begins by randomly generating an initial population of candidate
solutions (parameter vectors) within the prescribed parameter bounds. The population then
evolves over successive generations through the operations of mutation, crossover, and

selection until a stopping criterion is satisfied.

L-BFGS-B is a limited-memory quasi-Newton algorithm designed to solve large-scale
nonlinear optimization problems subject to bound constraints on the optimization variables
(Byrdt et al., 1995; Zhu et al., 1997). In the optimization framework, L-BFGS-B is employed
in Stage 2 to refine the solution obtained from Differential Evolution (DE). The optimization
is performed with a maximum of 8,000 iterations, a function tolerance of 10™*°, and a gradient
tolerance of 10712, Starting from the near-optimal solution identified by DE, L-BFGS-B
exploits the locally smooth structure of the objective function to rapidly converge to a more
accurate local optimum while ensuring that all parameters remain within their prescribed

physical bounds.

In Stage 3, the L-BFGS-B refinement is repeated using tighter convergence criteria,
consisting of a maximum of 16,000 iterations, a function tolerance of 1071¢, and a gradient
tolerance of 10™13, This fine refinement stage further improves the numerical accuracy of the
identified parameters by reducing the residual optimization error remaining after the Stage 2
optimization. The additional refinement increases confidence that the final parameter estimates

have converged to a stable local optimum.
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5.1.2.3  Dataset description and Error Metrics

The dataset used for parameter estimation consists of one week of data collected at one-
minute intervals for each thermal zone. The dataset was generated using the calibrated virtual
test bed, which had previously been validated against the experimental test bed. The data

represents a typical summer week.

For each day, the zone temperature setpoint is maintained at 21.5°C during the off-peak
period and increased to 22.8°C during the on-peak period. The setpoint change introduces
thermal excitation into the building and creates variations in the zone thermal response, which
improves the identifiability of the thermal parameters and supports more reliable estimation of

the building's dynamic thermal behavior.

The Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Maximum
Absolute Error (MaxErr) are the error metrics used to evaluate the accuracy of the of the
temperature predictions generated using the identified parameters, by comparing the measured
and simulated temperatures for each thermal zone.

RMSE is used to valuate the overall accuracy of the temperature predictions and is

mathematically expressed as:

N
RMSE = %Z(Tkmeas — Tm)?
k=1

MAE is used to quantify the average absolute difference between the measured and simulated
air temperatures, and mass temperatures for the exterior zones, and is mathematically expressed

as:

N
1 .
MAE = E | Tmeas — T5im|
k=1

74



MaxErr is used to represent the largest discrepancy between the measured and simulated air

and mass temperatures and is mathematically expressed as:
MaxErr = max|T{"¢% — T
K

5.1.2.4 Parameter Estimation Result

Table 5.2: Identified Parameters for exterior and interior zones

Parameter Zone A Zone B Zone C Zone D Zone E Zone F Zone G
Ry (KIW) | 2.5 X — 1.05x | — 1.52 x 2.14 x 1.88 X
1072 1072 10 1072 1072
Rym (K/'W) 1.02x | — 2.31 x — 5.14 7.04 x 5.46 X
1072 1073 x 1073 | 1073 1073
Cqir (J/K) 1-Z5 X 3.16 3.16 3.16 x 10° 1.74 1.61 1.33 x 10°
10 x 10° x 10° x 10° x 10°
C J/K 7.32 — 1.25 — 1.17 7.74 1.19
mass( ) X 106 ~ 107 X 107 % 106 % 107
y (-) 5.51 5.30 5.18 4.64 3.78 4.26 4,23
x 1071 | x1071 x 1071 x 1071 x 1071 x 1071 x 1071
Solf 4.77 I 7.11 — 6.80 495 7.70
X 10 x 1071 x 1071 x 1071 x 1071
hinf (W/K) 4.61 4.42 2.74 8.73 x 10° 3.75 2.17 2.71 x 101
x 101 x 101 x 101 x 101 x 101
a(-) 1 — 5.06 — 1x107%2 | 1x 1072 1x 1072
X 1072 x 1071
Inter-Zone R RAC: RBC: RCD: RDE: REF:
1.04 x 3.49 2.56 3.56 8.30 X
1073 x1073 | x1072 | x1073 |[107*
Ryp= Rpp= Rpr=
142 x | 3.79 X 9.92
1072 |10 X 1072
Rpe= R =
2.05 s
X 10_2 % 10—2
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Table 5.2 shows the identified parameters for the exterior and interior thermal zones of
the building. A total of 54 parameters were identified for all thermal zones. Table 5.3 presents
the RMSE, MAE, and MaxErr for Ty;,- and T, 455 Of the thermal zones. Figure 5.4 shows the
corresponding measured and simulated T,;,- profiles using the identified parameters, while

Figure 5.5 shows the measured and simulated T;,,,¢¢ profiles for the exterior zones.

The RMSE of T,;, for all thermal zones ranges from 0.111 to 0.246°C, while the MAE
ranges from 0.082 to 0.194°C. These error indices remain within a comparatively narrow range
for most thermal zones, indicating good prediction accuracy. As shown in Figure 3, the
simulated T,;,- closely tracks the measured Ty;,- and accurately captures the dynamic thermal
response of the building. Among all the thermal zones, Zone D produced the largest prediction
error, with an RMSE of 0.246°C, an MAE of 0.194°C, and a maximum absolute error of
0.918°C. As an interior zone with six adjacent thermal couplings, Zone D's Tg;, prediction is
influenced by the simulated temperatures of more neighboring zones than any other zone in the
building. Error in any one neighbour's fit therefore propagates into Zone D's own prediction
and this contributes to the comparatively elevated error relative to zones with fewer inter-zone

coupling

The RMSE of T, 455 for the exterior thermal zones ranges from 0.252 to 0.338°C. As
shown in Figure 4, the simulated T, closely tracks the measured Ty, ., for all exterior zones,
demonstrating that the identified parameters of the model reasonably capture the thermal mass
dynamics of the building. Among the exterior zones, Zone A yielded the largest prediction
error, with an RMSE of 0.338°C, an MAE of 0.285°C, and a maximum absolute error of

0.804°C.
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Table 5.3:

Summary of Error Metrics

Zone Model | RMSE MAE Max. error | RMSE MAE T,,4ss | Max. error
Tair (OC) Tair (OC) Tair (OC) Tmass (OC) (OC) Tmass (OC)
Zone A | 2R2C | 0.156 0.114 0.592 0.338 0.285 0.804
Zone B | IR1IC | 0.111 0.082 0.447 n/a n/a n/a
Zone C | 2R2C | 0.145 0.110 0.572 0.252 0.206 0.631
Zone D | IR1C | 0.246 0.194 0.918
Zone E | 2R2C | 0.139 0.098 0.618 0.292 0.238 0.717
Zone F | 2R2C | 0.122 0.087 0.559 0.281 0.223 0.733
Zone G | 2R2C | 0.142 0.108 0.540 0.258 0.203 0.709
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Figure 5.5: Simulated and measured zone mass temperatures

5.1.3 Optimization Control Formulation

Having described the reduced-order grey-box thermal model and its parameter
identification process, the optimization control formulation used to determine the optimal
cooling load setpoint is presented. The optimization problem is formulated as a linear

programming problem, and the objective function is given by:
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N
min Z Ei Ci,e + PE
i=1

Ei == PCC,iAt

The first term represents the cost of electricity, while the second term represents the
comfort penalty. E; is the electrical energy consumed, C;. is the dynamic electricity price,
which varies between the peak and off-peak periods, p is a comfort penalty weighting factor
that makes violating the comfort bound expensive and € is the total comfort slack variable

summed over all seven thermal zones and time steps.
The total comfort slack variable is defined as:
N

€= Z 1(6i++6i_)

zones i=

where €/ and €; represent the upper and lower comfort-bound slack variables, respectively.
These slack variables quantify the magnitude of the thermal comfort constraint violation at

each time step.

The upper and lower slack variables are
€ =max(0, Tzoneair — Tup)
€; = max(0,Typ — Tzone,air)

N N
min ZEi Cie+ p Z Z(ef’ +¢€)
i=1

zones i=1

The objective of the optimization is to minimize the energy cost during both the off-
peak and peak periods while maintaining the thermal comfort within an acceptable range. This

enables energy cost minimization, load shedding during the peak period, and load shifting
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through precooling. The decision variable of the optimization problem is the cooling load
setpoint (q..) at each time step. The electrical power consumption (P,.) is determined from the

cooling load setpoint as

CICC,i

P .,=——>t
€t COP(T,y)

The optimization is subject to thermal comfort constraints and cooling load constraints.
The thermal comfort constraints are implemented as soft constraints and are expressed as
Tib < Tairi < T
Tair,i <Tuw+e€ l+

Tairi> Tuw-€;

Where T, and Ty are the lower and upper temperature comfort bounds, respectively, that are

maintained for all thermal zones.
On-Peak period: Tu -24°C, Tip-22°C
Off-peak period: Ty, =22°C Tip=20°C

The cooling load capacity bound is expressed mathematically below with the minimum

capacity set to zero.
0< Jee < (ec,max

In summary, the optimizer inputs are the time-of-use electricity price, thermal comfort

bounds, and weather data, including the outdoor air temperature (T,,) and solar irradiance

(Qsol,r )
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5.1.4 Implementation of optimized control with the virtual test bed

This optimization framework is coupled with and implemented on the virtual test bed using
the BuildingsPy package. Figure 5.6 illustrates the communication between BuildingsPy and
the EF controller in the virtual test bed. BuildingsPy is a Python-based interface that enables
the loading and simulation of Modelica models, extraction of simulation results, and
automation of simulation tasks, including parameter sweeps and model calibration (Fuchs et

al., 2016).

In this study, BuildingsPy was adopted because it provides a robust interface for coupling
the optimization framework with the Modelica virtual test bed. It is used to communicate the
optimized cooling load setpoints generated by the optimization algorithm to the EF controller,

execute the simulations, and extract the simulation results for subsequent analysis.
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Figure 5.6: Communication between the BuildingsPy and EF controller in the virtual test bed

The following steps were followed to integrate the optimization framework with the
virtual test bed. First, the optimizer output is offset by the outdoor air-cooling load to obtain

the total cooling load setpoint. The optimal EF cooling load setpoint is then converted into a
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time-value schedule array. This optimization schedule is communicated to the setpointTable
object at the Dymola top level, which subsequently passes the schedule to the EF controller
through its input signal. Next, the BuildingsPy simulator object is configured, and the
simulation settings, including the start time, stop time, and output intervals, are specified to
match the optimization horizon. Finally, upon completion of the simulation, the simulation

results are retrieved in the native binary (.mat) file format for subsequent analysis.

5.2 Scenario Design and Simulation

This section presents the control strategies evaluated in this study, their implementation
on the calibrated virtual test bed, and the corresponding simulation results. The control

strategies are summarized in Table 5.4. The control strategies are summarized in Table 5.4.

The baseline demand control strategy utilizes zone temperature (ZT) feedback control
during the off-peak period and implements a change in the zone temperature setpoint during
the on-peak period. Two demand control strategies based on the proposed EF-DSP cascade
control are also evaluated. Both strategies utilize the total cooling load as the EF control
variable, as identified in Chapter 4. The first strategy, EF with Constant Setpoints, employs the
EF controller with the DSP cascade controller to achieve rapid demand control during the peak
period and precooling during the off-peak period. The second strategy, Optimization-Based EF

Control, utilizes the optimized EF cooling load setpoints.
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Table 5.4: Summary of the baseline demand control strategy, EF control with Constant
setpoint, and Optimization-Based EF Control

Nomenclature Baseline EF control =~ Optimization-
with Based EF
Constant Control
Setpoints
On- Peak hours (2:00 PM — Control ZT feedback  EF control  EF control and
) strategy control using and DSP DSP cascade
9:00 PM) GTA cascade control
control
EF control N/A Constant Optimal
Setpoints
Off- Peak hours (10:00 AM — Control ZT feedback  EF control and EF control and
2:00 PM) strategy control DSP cascade ~ DSP cascade
control control
Off- Peak hours (9:00 AM — Control ZT feedback ZT feedback  EF control and
10:00 AM) strategy control control DSP cascade
' control

The demand control event (peak period) considered in this study spans from 2:00 PM to
9:00 PM. Simulations are conducted over a four-day period, with the first day used as a warm-
up period to minimize the influence of the initial conditions. The remaining three days are used

to evaluate the performance of the control strategies under varying weather conditions.

5.2.1 Baseline

This strategy utilizes GTA control during the peak period. The zone temperature setpoint
(Tzoneset) 1s maintained at 20°C during the off-peak period. This setpoint corresponds to the
lower thermal comfort bound used in the optimization. During the peak period, Tzoneset 15

increased to 24°C, which corresponds to the upper thermal comfort bound for this period.

Figure 5.7 shows the zone temperatures (ZTs), supply fan airflow rate and speed, and duct
static pressure (DSP) for the baseline strategy. After the demand control period, a noticeable
trend is observed. The supply fan operates at its maximum speed (100%, 1), while the duct

static pressure is not maintained at its setpoint of 250 Pa. This period is referred to as the
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demand rebound, which occurs when the HVAC system returns to normal operation at the end

of a demand control event (Sehar et al., 2016).

= TZoneSet === ZoneD === Zonef == Zonef === ZoneB = ZoneG ZoneA == ZoneC

rel

T T T T T 1
181.0 1815 182.0 1825 1830 1835 1840
Time [d]

—— hvacfanSupy 1] —— hvacsenSupFlo.v_flow [m¥s]

T T T T T
181.0 1815 182.0 1825 183.0 1835 184.0
Time [d]

—— DSP Setpoint [Pa] —— Simulated DSP [Pa]

VA U oy U

T T T T T
181.0 1815 182.0 1825 183.0 1835 184.0
Time [d]

Figure 5.7: Zone temperatures, supply fan airflow rate, fan speed, and duct static pressure for
the baseline

5.2.2 EF Control with Constant Setpoints

This strategy utilizes a combination of EF control, DSP cascade control, and ZT feedback
control for all the days in the simulation period. The EF-DSP cascade control is active during
the on-peak period and a portion of the occupied off-peak period (4 hours before the peak

period), while the ZT feedback control is active during the remaining off-peak period.

For the EF controller, two constant cooling load setpoints identified from the baseline
strategy are utilized. During the peak period, the supply fan is modulated to maintain a total
cooling load (TCL) setpoint of 9.07 kW. During the off-peak precooling period, the supply fan
is modulated to maintain a TCL setpoint of 16 kW. The DSP cascade controller is used to
maintain the DSP setpoint while readjusting the Tzpeset Within the lower and upper thermal
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comfort bounds during both the off-peak and on-peak periods. Figure 5.8 shows the EF

controller operation for the EF control with Constant Setpoints.
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Figure 5.8: EF controller operation for EF Control with Constant Setpoints

Figure 5.9 shows the zone temperatures (ZTs), supply fan airflow rate and fan speed,
and duct static pressure (DSP) for the EF control strategy with constant setpoints. An initial
transient response is observed during the transition from the conventional ZT feedback control
to the EF-DSP cascade control. Another transient response occurs during the change in the
cooling load setpoint from 16 kW to 9.07 kW. During these transition periods, the DSP is not
maintained at its setpoint. After the demand control period, a demand rebound is observed for
approximately 3 hours, during which the supply fan operates at full speed and the DSP is not

maintained at its setpoint.
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Figure 5.9: Zone temperatures, supply fan airflow rate, fan speed, and duct static pressure for

EF control with Constant Setpoints

5.2.3 Optimization-Based EF Control

The Optimization-Based EF Control strategy utilizes the EF-DSP cascade control
throughout the simulation period, as described in Table 5.4. Figure 5.10 shows the operation
of the Optimization-Based EF Controller and the corresponding supply fan speed response. For
the majority of the simulation period, the measured total cooling load (TCL) closely tracks the

optimal TCL setpoint.
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Figure 5.10: EF Controller Operation for Optimization-Based EF Control

Figure 5.11 shows the zone temperatures (ZTs), supply fan airflow rate, fan speed, and

duct static pressure (DSP) for the Optimization-Based EF Control strategy. The Optimization-

Based EF controller successfully maintains all zone temperatures within the prescribed thermal

comfort bounds throughout the simulation period while achieving both precooling and peak

load reduction. During the off-peak period, the controller increases the cooling load to precool

the building (Figure 5.11), thereby reducing the thermal load entering the peak period. During

the peak period, the optimized reduction in the total cooling load (TCL) results in a

corresponding reduction in the supply fan airflow rate and fan speed, demonstrating effective

load shedding. Transient deviations in the duct static pressure (DSP) are observed during

changes in the optimized cooling load setpoint. During these periods, the DSP temporarily

deviates from its setpoint before rapidly returning to the desired value, indicating that the DSP

cascade controller effectively recovers from transient disturbances.
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Figure 5.11: ZTs, supply fan airflow rate, and speed, duct static pressure for the

Optimization-Based EF Control

5.3 Comparative Analysis and Discussion

This section evaluates the control strategies using different performance indices to

compare their cooling energy use and electricity cost. Figure 5.12 shows the total cooling load

profile and the average ZT for all three control strategies over the three-day simulation period.

The evaluated demand control strategies result in different cooling load profiles when

compared with the baseline strategy. The baseline strategy, which utilizes GTA control during
the on-peak period, does not directly regulate the cooling load. Consequently, the cooling load
is not maintained at a prescribed setpoint, resulting in the highest cooling demand among the
evaluated strategies, with a maximum TCL of 20 kW. During the on-peak period, the average

ZT reaches approximately 24°C, corresponding to the upper limit of the thermal comfort range.
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The EF control with Constant Setpoints accurately maintained the cooling load setpoints during
both the precooling and load-shedding periods. The maximum TCL is 18.63 kW, which occurs

after the on-peak period and is associated with the post demand response recovery of the

building.

The Optimization-Based EF Control exhibits an adaptive cooling load profile, as the
optimization algorithm continuously adjusts the cooling load setpoint while maintaining the
ZTs within the prescribed thermal comfort bounds during both the off-peak and on-peak
periods. The maximum TCL is 16.52 kW, which is the lowest among all the evaluated
strategies. During the off-peak period, the average ZT remains within the prescribed thermal
comfort range of 20-22°C, while during the on-peak period it remains between 22°C and 24°C.
This indicates that the Optimization-Based EF controller satisfies the thermal comfort
constraints throughout the simulation period, demonstrating that the comfort penalty

formulation effectively prevents thermal comfort violations.
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Figure 5.12: Total cooling load profile and Average ZT of the evaluated strategies

The performance indices used to compare the control strategies are described in the following

section.
5.3.1 Total Cooling Energy and Electricity Cost

The total cooling energy is used to quantify the overall cooling energy consumed during the

simulation period. It is mathematically expressed as:

T
Ecoor(KWh) = f TCL(t) dt
0

where E.,,; is the total cooling energy (kWh), TCL is the total cooling load (kW), and T is the
simulation duration (hours). The electricity cost is determined by first calculating the electrical
energy consumption from the cooling load and the time-varying system coefficient of
performance (COP(Toa)), after which the corresponding time-of-use (TOU) electricity tariff is

applied. Table 5.5 shows the total cooling energy for the three-day simulation periods. The
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primary comparison is between the EF control with Constant Setpoints and Optimization-

Based EF control, while the baseline strategy serves as a reference.

Table 5.5: Summary of the total cooling energy for the simulation scenarios

Total [kWh] Off-Peak [kWh] | On-Peak [kWh]
Baseline 915 765 150
EF Control with Constant | 951 758 193
Setpoints
Optimization-Based EF | 880 702 178
Control

The EF control with Constant Setpoints resulted in the highest total cooling energy
consumption of 951 kWh, representing a 4% increase relative to the baseline and corresponding
to an additional 36 kWh. It also consumed 71 kWh more cooling energy than the Optimization-
Based EF Control, representing a 7.5% increase. This higher energy consumption is attributed
to the use of constant cooling load setpoints, which do not adapt to the building's varying

thermal conditions.

The Optimization-Based EF Control resulted in the lowest total cooling energy
consumption of 880 kWh, as the optimization algorithm continuously adjusted the cooling load
setpoint during both the off-peak and on-peak periods. During the off-peak period, the
controller allowed the ZT to float within the prescribed thermal comfort bounds instead of
maintaining a fixed cooling load or ZT setpoint. This flexibility reduced unnecessary cooling
while maintaining thermal comfort. The Optimization-Based EF Control also resulted in the
lowest off-peak cooling energy consumption of 702 kWh, whereas the baseline strategy
produced the highest off-peak cooling energy consumption of 765 kWh. This difference is
attributed to the baseline strategy maintaining the ZT at a fixed setpoint throughout the oft-

peak period, whereas the Optimization-Based EF Control exploited the allowable thermal
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comfort range to reduce unnecessary cooling energy consumption while maintaining occupant

comfort.

The electricity cost of each control strategy was determined for both the off-peak and
on-peak periods. The time-of-use (TOU) electricity tariff used for the comparison is based on
Oklahoma's electricity pricing, where the electricity cost is $0.32/kWh during the on-peak
period (2:00 PM to 7:00 PM) and $0.14/kWh during all other hours. The total electricity costs
for the EF Control with Constant Setpoints, and Optimization-Based EF Control are $39 and
$34, respectively. The EF Control with Constant Setpoints resulted in the highest total
electricity cost, across both the on-peak and off-peak periods. Figure 5.13 shows the electricity
cost profiles for the EF Control with Constant Setpoints and the Optimization-Based EF

Control.
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Figure 5.13: Electricity cost for the EF control scenarios

95



Compared with the EF Control with Constant Setpoints, the Optimization-Based EF
Control reduced the total electricity cost by 12.8% over the 72-hour simulation period. During
the on-peak period, the Optimization-Based EF Control reduced the electricity cost by 8.7%
relative to the EF Control with Constant Setpoints. As shown in Figure 5.8, the EF Control
with Constant Setpoints maintained a fixed TCL setpoint throughout the entire peak period.
During the off-peak period, the Optimization-Based EF Control reduced the off-peak electricity
cost by 15.4% compared with the EF Control with Constant Setpoints. The 12.8% reduction in
total electricity cost demonstrates the economic advantage of the Optimization-Based EF
Control over the EF Control with Constant Setpoints under a time-of-use electricity tariff. If
extended over an entire cooling season, this reduction could result in substantial cumulative
cost savings, particularly in locations with high summer cooling loads and significant exposure

to peak electricity tariffs.
5.3.2 Rebound Energy

The rebound energy for each scenario was determined to evaluate the smoothness of
thermal recovery following the on-peak period. The cumulative rebound energy is calculated
from the end of the on-peak period over a defined recovery window, and is mathematically

expressed as:

21+X

Erebouna = J TCLdt
21

where X is the rebound evaluation window. Three recovery windows are considered: 1 hour,

2 hours, and 3 hours after the end of the on-peak period.

Table 5.6 shows the cumulative rebound energy for the different recovery windows.

The baseline resulted in the highest rebound energy for the 2-hour and 3-hour recovery
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windows, while the baseline and the EF Control with Constant Setpoints have the same rebound

energy for the 1-hour recovery window.

For comparison of the two EF control strategies, the EF Control with Constant Setpoints
resulted in 17.3% higher rebound energy than the Optimization-Based EF Control for the 1-
hour recovery window. The difference decreased to 8.6% for the 2-hour recovery window and
7.2% for the 3-hour recovery window. .The reduction in the relative difference as the recovery
window increases indicates that the primary benefit of the Optimization-Based EF Control
occurs during the initial recovery period immediately following the demand response event,

where it suppresses the rebound more effectively than the EF Control with Constant Setpoints.

These results indicate that the Optimization-Based EF Control mitigates the rebound
effect by continuously adjusting the cooling load setpoint during the recovery period.
Consequently, the optimization-based strategy provides a smoother post-event recovery and

reduces rebound energy compared with the EF Control with Constant Setpoints.

Table 5.6: Cumulative rebound energy during different windows

1 hours [kWh] | 2 hours [kWh] | 3 hours [kWh]
Baseline 52 108 157
EF Control with Constant 52 105 153
Setpoints
Optimization-Based EF 43 96 142
Control

5.4 Summary

This study developed, implemented, and evaluated the performance of an Optimization-
Based EF-DSP cascade control strategy for demand-flexible HVAC operations. A reduced-
order gray-box thermal model was first developed and calibrated using parameter estimation
techniques to accurately capture the dynamic thermal response of the building. The identified

thermal model was then integrated with a optimization framework and coupled with the
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calibrated virtual test bed through the BuildingsPy interface and the Modelica-based HVAC

model.

The Optimization-Based EF Control Strategy was evaluated against the EF Control
with Constant Setpoints and the Baseline GTA control using performance indices, including
total cooling energy, electricity cost, and rebound energy. The Optimization-Based EF Control
achieved the lowest total cooling energy consumption among all evaluated strategies.
Compared with the EF Control with Constant Setpoints, it reduced the total electricity cost by
12.8% over the 72-hour simulation period, with an 8.7% reduction during the on-peak period
and a 15.4% reduction during the off-peak period. The 12.8% reduction in total electricity cost
demonstrates the economic advantage of the Optimization-Based EF Control under a time-of-
use electricity tariff. If extended over an entire cooling season, this reduction could result in
substantial cumulative cost savings, particularly in climates with prolonged peak cooling
demand. Regarding rebound mitigation, the EF Control with Constant Setpoints resulted in
17.3% higher rebound energy than the Optimization-Based EF Control for the 1-hour recovery
window. The difference decreased to 8.6% for the 2-hour recovery window and 7.2% for the
3-hour recovery window, indicating that the Optimization-Based EF Control consistently

provided a smoother post-peak thermal recovery.

Overall, these results demonstrate that incorporating optimization into the EF control
framework improved both the energy and economic performance of demand response while
providing smoother recovery following the on-peak demand response event. The proposed
Optimization-Based EF Control provides an effective approach for achieving demand-flexible
HVAC operation by simultaneously reducing cooling energy consumption, minimizing
electricity cost, maintaining occupant thermal comfort, and mitigating rebound effects. The

developed framework demonstrated the potential of integrating optimization-based supervisory
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control with EF and DSP cascade controls to improve the operational flexibility of commercial

HVAC systems.
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6. Experimental Validation of the Optimization-Based EF
Controller for Demand-Flexible HVAC Operation

This chapter investigates the performance of the Optimization-Based EF Controller on
an experimental test bed. The objective of this chapter is to experimentally validate the
proposed controller and compare two practical implementation approaches for applying the
optimization-derived EF setpoints on an HVAC system. The first EF implementation utilized a
schedule of optimal EF setpoints generated offline from the optimization framework coupled
with the virtual test bed. The schedule was subsequently implemented on the experimental test
bed during a day with a similar, but not identical, outdoor weather profile to evaluate the
robustness of the proposed control under realistic operating conditions. The second
implementation utilized a regression-based formulation that relates the optimal EF setpoint to
the outdoor air temperature for different periods of the day. Both experimental results were
compared with the conventional ZT feedback control using performance indices such as

normalized cooling load and cooling load factor.

6.1 Experimental Test Bed

The experimental test bed utilized in this study is a fully instrumented single-duct VAV
AHU system that serves seven thermal zones in an office building located on a university
campus (Figure 3.4). The specifications of the AHU system components are described in detail
in Chapters 3 and 4. In Chapter 4, it was demonstrated that utilizing the total cooling load
(TCL) as the EF control variable yields the best control performance in terms of response time,
evaluated using the settling time, and control accuracy, evaluated using the relative error and
mean absolute error. However, implementing this control strategy requires accurate enthalpy

measurements derived from both dry-bulb temperature and relative humidity measurements.
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To achieve this, duct-mounted humidity sensors were installed in the supply air, return air,
and mixed air ducts of the AHU. These measurements, together with the corresponding air
temperatures, are used to determine the air enthalpy. The measured total cooling load (TCL)
for the EF controller is then calculated using the heat balance equation, which relates the
supplied air flow rate and the enthalpy difference between the mixed air and the supply air.

Figure 6.1 shows the Invensys Building Automation System (BAS) interface showing the

installed humidity sensor points.
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Figure 6.1: Invensys interface after installation of the humidity sensors

6.2 Experimental Test Scenarios
6.2.1 Conventional Control

This control strategy utilizes ZT feedback control and serves as the reference strategy for

comparison. Figure 6.2 shows the conventional control loops implemented in the experimental
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test bed. The control sequence proceeds from the terminal boxes to the cooling coil and can be
summarized as follows: (i) The terminal box (TB) dampers are modulated to maintain the zone
temperature (ZT) at its setpoint. (ii) The supply fan speed is modulated through the variable
frequency drive (VFD) to maintain the duct static pressure (DSP) at its setpoint. (iii) The

cooling coil valve is modulated to maintain the supply air temperature (SAT) at its setpoint.

C: Controller 7T Setpomt
VA:Valve actuator
DSP setpoint i
——1C]
| \
|
% @v—-> Actual ZT
. Zone 1

Cooling coil — (T)

- Zone m

Terminal boxes

Figure 6.2: ZT feedback control

6.2.2 Schedule-Based EF Control

This Schedule-Based EF control test utilizes a time-varying TCL setpoint generated offline
from the optimization framework. Figure 6.3 illustrates the configuration of the schedule-based
EF control implemented in this study. The experiment was conducted on a summer day, and

the DSP cascade control was not integrated into this control strategy.
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Figure 6.3: Schedule-Based EF Control

Figure 6.4 shows the operation of the EF controller and the corresponding supply fan
speed response. During the early hours of the day, the TCL setpoint gradually increases. During
the precooling period, the building experiences increased cooling demand, as indicated by the
higher TCL setpoint. During the on-peak period, the TCL setpoint is reduced to achieve load
shedding. Overall, the supply fan closely tracks the varying TCL setpoints, with the measured
cooling load closely following the TCL setpoints for the majority of the test period. This
demonstrates that the EF controller is well tuned, although minor oscillations are observed

during the load-shedding period.

During the night and early morning hours, the supply fan modulates in response to the
TCL setpoint. During the precooling period, the supply fan operates at its maximum speed
(100%) to satisfy the increased cooling demand. As the TCL setpoint is reduced during the
load-shedding period, the supply fan speed decreases accordingly and subsequently recovers

after the peak period.
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Figure 6.4: EF controller operation during the Scheduled based EF test

6.2.3 Adaptive EF Control

This control strategy utilizes a regression-based formulation to determine the TCL setpoint
as a function of the outdoor air temperature. Depending on the time of day, the measured
outdoor air temperature is used to estimate the appropriate TCL setpoint for the EF controller.
Separate regression equations were developed from the optimization results presented in
Chapter 4 for four operating periods: 12:00 AM—10:00 AM, the precooling period (10:00 AM—
2:00 PM), the load-shedding period (2:00 PM-9:00 PM), and the post-load-shedding period
(9:00 PM—11:59 PM). Figure 6.5 shows the regression equations developed for each operating

period.
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Figure 6.5: Regressed equation at different periods of the day

Figure 6.6 shows the schematic of the adaptive EF control implemented for the
experimental test. Figure 6.7 illustrates the operation of the EF controller using the adaptive
regression-based formulation and the corresponding supply fan speed response. For the
majority of the test period, the measured total cooling load (TCL) closely tracks the estimated
TCL setpoint, demonstrating that the EF controller effectively follows the adaptive setpoint

generated from the regression equations.
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Figure 6.6: Adaptive EF Control
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Figure 6.7: EF controller operation during the Adaptive EF Control test
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6.3 Analysis and Discussion

6.3.1 Normalized Cooling Load

Figure 6.8 compares the normalized cooling load profiles of the Conventional ZT feedback

control, Schedule-Based EF Control, and Adaptive EF Control. To account for differences in

outdoor weather conditions between the experimental test days, the cooling load for each

strategy is normalized by the mean TCL of its respective test day. Consequently, a normalized

cooling load (NCL) greater than unity indicates cooling demand above the daily average,

whereas values less than unity indicate cooling demand below the daily average. The NCL is

mathematically expressed as
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Figure 6.8: Normalized cooling load profile
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The Conventional reference control maintained a relatively uniform cooling load
throughout the day, with the NCL remaining close to unity for most of the occupied period,
with a maximum NCL of 1.2. The gradual increase during the afternoon reflects the increasing
building cooling demand as outdoor conditions become more severe. The Schedule-Based EF
Control exhibits a distinct load-shifting and precooling behavior. During the early morning
period, the normalized cooling load remains below unity, indicating reduced cooling demand
before the precooling period. As precooling begins, the normalized cooling load increases
rapidly to approximately 1.3—1.4, demonstrating aggressive thermal energy storage before the
demand-response event. During the scheduled load-shedding period (2:00 PM—7:00 PM), the
normalized cooling load decreases by approximately 37%, to 0.6—0.9, indicating a substantial
reduction in cooling demand relative to the daily average. However, immediately after the end
of the load-shedding period, the NCL increases sharply to approximately 1.33, representing a
pronounced rebound. This rapid recovery indicates that a significant portion of the deferred

cooling demand is recovered immediately after the demand-response event.

Although the normalized cooling load during the load-shedding period is slightly lower
for the Schedule-Based EF Control than for the Adaptive EF Control, the two controllers
operate over different demand-response durations. The Schedule-Based EF Control performs
load shedding for 5 hours (2:00 PM-7:00 PM), whereas the Adaptive EF Control maintains
reduced cooling demand for 7 hours (2:00 PM-9:00 PM). Consequently, the lower NCL
achieved by the Schedule-Based EF Control should be interpreted together with its
substantially larger rebound immediately after the event. In contrast, the Adaptive EF Control
sustains load reduction over a longer period while avoiding the abrupt post-event recovery

observed in the Schedule-Based EF Control.

Overall, the normalized cooling load profiles demonstrate the different operating

characteristics of the three control strategies. The Conventional controller follows the building
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cooling demand with no demand flexibility. The Schedule-Based EF Control effectively shifts
cooling demand away from the demand-response period but exhibits an aggressive post-event
rebound due to its predetermined TCL schedule. In contrast, the Adaptive EF Control provides
a more balanced demand response by continuously adjusting the TCL setpoint according to
outdoor conditions, enabling sustained load reduction over a longer demand-response period

while significantly mitigating rebound.

6.3.2 Cooling Load Factor

The Cooling Load Factor (CLF) of the evaluated control strategies is determined to assess
the overall shape of the cooling demand profile. The CLF is used to quantify how uniformly
the cooling load is distributed over the evaluation period and is defined as the ratio of the

average cooling load to the maximum cooling load.

CLF 1s mathematically expressed as the ratio of the average TCL and the maximum TCL.

CLF (%) = x 100

TCL gy

A higher CLF indicates a more uniform cooling demand profile, characterized by reduced peak
cooling demand and improved demand flexibility. Conversely, a lower CLF indicates that the
cooling demand is concentrated over shorter periods, resulting in larger demand peaks and less

effective load distribution.

Table 6.1: Summary of Cooling load factor

Control CLF (%)
Conventional 82
Schedule-Based EF 71
Adaptive EF 76
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Table 6.1 shows the summary of the CLF. The Conventional control, which serves as the
reference, has the highest CLF of 82%, reflecting its relatively uniform cooling demand profile
in the absence of demand-response operation. Among the two EF control strategies, the
Adaptive EF Control achieved a higher CLF of 76% compared with 71% for the Schedule-
Based EF Control. The higher CLF indicates that the Adaptive EF Control maintains a more
uniformly distributed cooling demand throughout the evaluation period, avoiding the
pronounced rebound peak observed in the Schedule-Based EF Control. This observation is
consistent with the lower rebound energy and smoother post-demand-response recovery

achieved by the Adaptive EF Control.

6.4 Summary

This chapter experimentally validated the proposed Optimization-Based EF Controller on
a fully instrumented VAV AHU experimental test bed and compared two practical
implementation approaches for applying optimization-derived EF setpoints. Both
implementations successfully regulated the total cooling load in response to the setpoints, with
the measured TCL closely tracking the TCL setpoint throughout the experiments. This
confirms the feasibility of implementing optimization-derived supervisory control for the EF
controller. A comparison of the two implementations showed that the Adaptive EF Control
consistently outperformed the Schedule-Based EF Control. The Adaptive EF Control exhibited
a smoother cooling load profile, lower rebound energy, and a higher CLF than the Schedule-
Based EF Control, indicating more uniform cooling load distribution and more stable post-
demand-response recovery. The normalized cooling load profiles further demonstrated that the
adaptive strategy sustained load reduction over a longer demand-response period while

avoiding the pronounced rebound observed with the scheduled implementation.
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In summary, the experimental results validate the proposed Optimization-Based EF
Controller as a practical approach for demand-flexible HVAC operation. The Adaptive EF
implementation demonstrates that optimization-derived setpoints generated offline can be

effectively translated into real-time supervisory control without requiring online optimization.
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7. Conclusions and Future Work

This dissertation addressed the shortcomings of existing HVAC demand control
strategies by developing and evaluating advanced control strategies capable of directly and
precisely regulating the cooling load to provide on-demand load shifting and load shedding
while minimizing the negative impact of demand control on indoor thermal comfort. Existing
demand control strategies rely primarily on Global Temperature Adjustment (GTA) control and
strategies such as duct static pressure setpoint reduction, supply fan speed limiting, and supply
air temperature (SAT) reset. These approaches result in slow response, inaccurate demand
reduction, uneven distribution of the demand control burden across thermal zones, and the
inability to guarantee precise demand control. To overcome these limitations, this dissertation
proposed novel control strategies that enable direct cooling load regulation while minimizing

the adverse impact of demand control on occupant thermal comfort.

The first contribution of this dissertation is the development and experimental
validation of the Energy Feedback (EF) Control and the Duct Static Pressure (DSP) Cascade
Control. The proposed EF Control directly regulates the cooling load by modulating the supply
fan speed, enabling fast, precise, and direct demand control. The proposed DSP Cascade
Control maintains the duct static pressure at its setpoint by uniformly adjusting the zone
temperature setpoints within prescribed comfort limits, thereby distributing the reduced
cooling load evenly across all thermal zones. Experimental evaluation on a fully instrumented
VAV AHU experimental test bed demonstrated the feasibility of implementing both controllers
and confirmed that they successfully achieved their intended control objectives under

experimental operating conditions.
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The second contribution is the development and comprehensive evaluation of an
integrated EF-DSP Cascade Control using a calibrated Modelica-based virtual test bed. Four
AHU demand control strategies were developed and evaluated under identical operating
conditions. The results demonstrated that integrating the DSP Cascade Control with the EF
Control significantly improved demand control performance by providing faster response,
higher demand control accuracy, and more uniform distribution of the reduced cooling load
across all thermal zones. The integrated EF—DSP Cascade Control successfully achieved
precise load shedding while minimizing the adverse impact of demand control on indoor

thermal comfort.

The third contribution is the development of an Optimization-Based EF Controller for
demand-flexible HVAC operation. A reduced-order gray-box thermal model was developed
and calibrated for control-oriented optimization and integrated with the calibrated virtual test
bed. The optimization framework dynamically determined cooling load setpoints based on
weather conditions and the building's daily load profile. Compared with the baseline demand
control strategy and the EF-DSP Control with constant cooling load setpoints, the proposed
Optimization-Based EF-DSP Cascade Control reduced cooling energy consumption,
minimized electricity cost, mitigated rebound effects, and maintained occupant thermal
comfort within the prescribed comfort bounds. These results demonstrated the effectiveness of

optimization-based supervisory control for enhancing demand-flexible HVAC operation.

The fourth contribution is the experimental validation of the Optimization-Based EF
Controller and the evaluation of two practical implementation approaches for applying
optimization-derived cooling load setpoints on an HVAC system. Both the Schedule-Based EF
Control and the Adaptive EF Control successfully regulated the cooling load in accordance

with the optimization-derived setpoints, confirming the feasibility of implementing
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optimization-based supervisory control on a real HVAC system. The Adaptive EF Control
provided smoother cooling load regulation, lower rebound energy, and more effective demand
response performance than the Schedule-Based EF Control, demonstrating its potential for

practical implementation.

Overall, this dissertation demonstrated that the proposed EF Control, DSP Cascade
Control, and Optimization-Based EF-DSP Cascade Control provide an effective framework
for demand-flexible HVAC operation. Together, these control strategies enable fast, direct, and
precise demand control through direct regulation of the cooling load, distribute the reduced
cooling load evenly across thermal zones to preserve occupant thermal comfort, and
dynamically determine optimal cooling load setpoints that reduce cooling energy consumption,
minimize electricity cost, and mitigate rebound effects. Collectively, the simulation and
experimental results demonstrate that the proposed control framework achieves accurate
demand control, improves occupant thermal comfort, reduces operating costs, and provides a
practical, scalable, and effective approach for demand-responsive control of commercial

HVAC systems

7.1 Limitations

This dissertation focused on demand control on the air side of the HVAC system through
the development of the Energy Feedback (EF) Control and Duct Static Pressure (DSP) Cascade
Control. The proposed control strategies were developed and validated on a single VAV AHU
experimental test bed and a calibrated virtual test bed, with demand flexibility achieved through
direct regulation of the AHU cooling load. Although the proposed framework effectively
controls the air-side cooling demand, it does not extend demand control to the chilled water

plant, including the chillers, chilled water pumps, cooling towers, and other water-side HVAC
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components. Consequently, the interaction between the proposed air-side control strategies and

the operation of the chilled water system was not investigated.

Furthermore, this study primarily evaluated the performance of the proposed control
strategies in terms of demand control accuracy, thermal comfort, cooling energy consumption,
electricity cost, and rebound mitigation. The long-term impact of continuous cooling load
modulation on HVAC equipment was not investigated. Frequent modulation of the supply fan
speed, terminal box dampers, chilled water control valves, pumps, and other mechanical
components may influence equipment wear, actuator cycling, maintenance requirements,

component lifespan, and overall system reliability.

7.2 Future Work

Long-Term Equipment Impact and Life-Cycle Cost

Future work should evaluate the long-term impact of the proposed EF-DSP Cascade
Control strategy on HVAC equipment performance and reliability. Although the EF Control
provides fast and precise demand control through continuous modulation of the supply fan
speed, the long-term effects of frequent modulation on the supply fan, terminal box dampers,
and other mechanical components were not investigated in this dissertation. Future research
should examine the effects of the proposed control strategy on equipment wear, actuator
cycling, maintenance requirements, component lifespan, and overall system reliability. In
addition, future research should conduct a comprehensive life-cycle cost analysis to quantify
the economic benefits of the proposed control strategies. Such an analysis should consider
capital investment, instrumentation and implementation costs, operational energy savings,
maintenance costs, equipment replacement costs, and life-cycle performance under different

building types and climatic conditions. This would provide a more comprehensive assessment
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of the long-term economic viability of the proposed control framework for commercial HVAC

systems.

Integration of Water-Side HVAC Systems

Future research should extend the proposed control framework by integrating the EF—
DSP Cascade Control with the operation of the chilled water plant, including the chillers,
chilled water pumps, and cooling towers. This integration could coordinate the operation of
the entire cooling plant with air-side demand control, further improving energy efficiency,
reducing electricity cost, and enhancing building-level load shifting and load shedding

capability.

Implementation of the Optimization-Based EF Controller

Future work should implement the Optimization-Based EF Controller within a Building
Automation System by developing an online optimization framework that automatically
determines the optimal cooling load setpoint in real time. To maintain optimization accuracy
under changing building operating conditions, weather conditions, and occupancy patterns, the
framework should continuously update the building thermal model and optimization
parameters online. This would enable fully autonomous supervisory control, eliminate the need
for offline optimization, and improve the long-term robustness and performance of the
proposed control framework. In addition, future research should investigate robust and fault-
tolerant control strategies that account for measurement uncertainty, communication delays,
missing data, and sensor faults, particularly because the EF Control relies on cooling load
calculations derived from multiple sensor measurements. Addressing these challenges would

improve the reliability and practical deployment of the proposed optimization framework.

Long-Term Field Demonstration and Validation
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While the proposed control strategies were experimentally validated on a fully
instrumented VAV AHU test bed and evaluated using a calibrated Modelica-based virtual test
bed, future work should extend this validation to different building types, climatic regions,
occupancy patterns, and operating conditions to establish their robustness, scalability, and
generalizability. In addition, long-term field demonstrations over entire cooling seasons in
occupied commercial buildings should be conducted to further verify the sustained
performance of the proposed control strategies under diverse utility rate structures and grid
programs, including time-of-use electricity pricing, demand response programs, demand

charges, grid service participation, and carbon-intensity-based electricity signals.

7.3 Publications

In addition to the research presented in this dissertation, I have contributed to several funded
research projects that have resulted in peer-reviewed journal and conference publications. A
list of publications and manuscripts completed during my doctoral studies at the University of

Oklahoma is provided below:

Published

(1) Nurayn Tiamiyu, Kevwe Ejenakevwe, Philani Hlanze, Li Song. (2026). Evaluating
the performance of ground source heat pumps under different vertical borehole ground
heat exchanger design methods using Modelica-based dynamic modeling and
simulation. Science and Technology for the Built Environment, 32(1), 130-147
(Tiamiyu et al., 2026).

(2) Nurayn Tiamiyu, Junke Wang, Zufen Wang, Li Song, Gang Wang (2024). Occupancy
Sensor-enabled Demand Control Ventilation Using Virtual Outdoor Air Flow Meters

in Air Handling Units. Building and Environment. 111501 (Tiamiyu et al., 2024).
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(3) Nurayn Tiamiyu, Kevwe Ejenakevwe, Li Song (2024). Performance Analysis of
Vertical Borehole Ground Heat Exchanger Design Methods using Modelica-Based
Modeling and Simulation. ASHRAE Transactions 130, 464-473 (Tiamiyu et al., 2024).

(4) Kevwe Ejenakevwe, Nurayn Tiamiyu, Rodney Hurt, Gang Wang, Li Song (2026).
Impact of Unmeasurable Building Load Disturbances on the Performance of Smart
Thermostat-Based Fault Detection and Diagnosis Methods. Energy and Building
(Ejenakevwe et al., 2026)

(5) Gang Wang, Junke Wang, Nurayn Tiamiyu, Zufen Wang, Li Song (2023).
Development and Investigation of Advanced HVAC Demand Control. ASHRAE
Transactions, 129, 176-183 (Wang et al., 2023).

(6) Gang Wang, Junke Wang, Nurayn Tiamiyu, Zufen Wang, Li Song (2023). Loose Belt
Fault Detection and Virtual Flow Meter Development Using Identified Data-driven
Energy Model for Fan Systems. Journal of Sustainability 2023, 15, 12113 (Wang et al.,
2023b).

(7) Rodney Hurt, Kevwe Ejenakevwe, Nurayn Tiamiyu, Gang Wang, Li Song. Study of
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Modelica-Based Simulation Test Bed. 15" IEA Heat Pump Conference at Vienna, May

26- 29, 2026

Under- Review and In- Preparation
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Four Air Handling Unit Control Strategies for Building Demand Control and Thermal
Comfort Using a Modelica-Based Virtual Test Bed. Submitted to Science and

Technology for the Built Environment (June 2026), STBE-0179-2026
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8. Appendix

8.1 Supplementary Results for Chapter 4
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8.2 Supplementary Materials for Chapter 5
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Parameter Bounds for Optimization

Exterior Zones

Parameter Symbol Physical range

Envelope resistance Rony 1.0 x 1073- 3.16 x 1071 K/W
Air-mass resistance Ram 1.0 x 107*-3.16 x 10"t K/W
Air capacitance Cair 1.0 X 103-3.16 x 10° J/K
Mass capacitance Cass | 3.16 X 10%-3.16 x 108 J/K
Internal-gain scale y 0.01 -5

Effective Solar aperture Solg 0-100

Infiltration conductance he 1.0 x 1071-1.0 x 10* W/K
Solar air fraction a 0.001-1

Inter-zone resistance Rij 1.0 X 107-3.16 x 1071 K/W
Air capacitance Cair 1.0 x 103-3.16 x 10° J/K
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Parameter Symbol Physical range

Interior Zones

Internal-gain scale y 0.01-5

Infiltration conductance hy 1.0 x 1071-1.0 x 10?2 W/K
Inter-zone resistance Rij 1.0 X 1074-3.16 x 1071 K/W
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      𝐱 .  i =   𝐀  i  (   𝜃  i )     𝐱  i +   𝐁  i  (   𝜃  i )     𝐮  i


    𝐱  i


  [   T  a i r ,     T  m a s s ] ⊤


    𝐮  i = [   T  o a ,     Q  s o l , r   ,     Q  i n t , i ,     Q  c o o l , i ,   {   T  a i r , j  }  j ∈   𝒩  i  ] ⊤ ,


    𝐱  i


  [   T  a i r  ] ⊤


    𝐮  i = [   T  o a ,     Q  i n t , i ,     Q  c o o l , i ,   {   T  a i r , j  }  j ∈   𝒩  i  ] ⊤ .


    𝜃  i


    𝜃  i = {   R  e n v , i ,     R  a m , i ,     C  a i r , i ,     C  m a s s , i ,     𝛾  i ,     S o l  f , i   ,    h  f , i ,     𝛼  i } ∪ {   R  i j  }  j ∈   𝒩  i )


    𝜃  i = {     C  a i r , i ,     𝛾  i ,    h  f , i } ∪ {   R  i j  }  j ∈   𝒩  i


    x  k + 1 =   x  k + 𝛥 t   f  (   x  k ,  u  k , 𝜃 )


    T  m a s s , i , k + 1 =   T  m a s s , i , k +   𝛥 t    C  m a s s , i  [     T  o a , k −   T  m a s s , i , k    R  e n v , i +     T  a i r , i , k −   T  m a s s , i , k    R  a m , i +   S o l  f , i    ( 1 −   𝛼  i )     Q  s o l , r , k   ]


    T  a i r , i , k +   𝛥 t    C  a i r , i  [     T  m a s s , i , k −   T  a i r , i , k    R  a m , i +   𝛾  i   Q  i n t , i +   S o l  f , i     𝛼  i   Q  s o l , r , k   −   Q  c o o l , i , k +  h  f , i  (   T  o a , k −   T  a i r , i , k ) +   ∑  j ∈   𝒩  i ​      T  a i r , j , k −   T  a i r , i , k    R  i j ]


    T  a i r , i , k + 1 =   T  a i r , i , k +   𝛥 t    C  a i r , i  [   𝛾  i   Q  i n t , i −   Q  c o o l , i , k +  h  f , i  (   T  o a , k −   T  a i r , i , k ) +   ∑  j ∈   𝒩  i ​      T  a i r , j , k −   T  a i r , i , k    R  i j ] .


  ℒ  (   T  m e a s ,   T  s i m ) =  ℒ  T + 𝜆    ℒ  D      


  ℒ  (   T  m e a s ,   T  s i m ) =  1  N   ∑  k = 1  N    w  k   (   T  k  m e a s −   T  k  s i m  ) 2 +    1  N − 1   ∑  k = 1  N − 1 ( 𝛥   T  k  m e a s − 𝛥   T  k  s i m  ) 2 ,    


  ℒ  (   T  m e a s ,   T  s i m ) =  1  N   ∑  k = 1  N    w  k   (   T  k  m e a s −   T  k  s i m  ) 2 +    1  N − 1   ∑  k = 1  N − 1 ( 𝛥   T  k  m e a s − 𝛥   T  k  s i m  ) 2 ,    


    w  k


  𝜆


   ℒ  T


    w  k


    w  k = 1 + 4     |   T  k  m e a s − median  (   T  m e a s ) |  max  (   T  m e a s ) − min  (   T  m e a s )


   ℒ  D  


   ℒ  T


   ℒ  D  


    J  i  (   𝜃  i ) = 0 . 6   ℒ  (   T  a i r , i  m e a s ,   T  a i r , i  s i m ) + 0 . 4   ℒ  (   T  m a s s , i  m e a s ,   T  m a s s , i  s i m )  


    R  e n v , i


    C  m a s s , i


   10  − 15


   10  − 12


   10  − 16


   10  − 13


  RMSE =   1  N   ∑  k = 1  N (   T  k  m e a s −   T  k  s i m  ) 2


  MAE =  1  N   ∑  k = 1  N |   T  k  m e a s −   T  k  s i m |


  MaxErr =  max  k |   T  k  m e a s −   T  k  s i m |


    R  e n v


  2 . 5 ×  10  − 2


  1 . 05 ×  10  − 2


  1 . 52 ×  10  − 2


  2 . 14 ×  10  − 2


  1 . 88 ×  10  − 2


    R  a m


  1 . 02 ×  10  − 2


  2 . 31 ×  10  − 3


  5 . 14 ×  10  − 3


  7 . 04 ×  10  − 3


  5 . 46 ×  10  − 3


    C  a i r


  1 . 75 ×  10 6


  3 . 16 ×  10 6


  3 . 16 ×  10 6


  3 . 16 ×  10 6


  1 . 74 ×  10 6


  1 . 61 ×  10 6


  1 . 33 ×  10 6


    C  m a s s


  7 . 32 ×  10 6


  1 . 25 ×  10 7


  1 . 17 ×  10 7


  7 . 74


  ×  10 6


  ×  10 6


  1 . 19


  ×  10 7


  ×  10 7


  𝛾


  5 . 51 ×  10  − 1


  5 . 30 ×  10  − 1


  5 . 18 ×  10  − 1


  4 . 64 ×  10  − 1


  3 . 78 ×  10  − 1


  4 . 26 ×  10  − 1


  4 . 23 ×  10  − 1


    S o l  f  


  4 . 77 ×  10  − 1


  7 . 11 ×  10  − 1


  6 . 80 ×  10  − 1


  4 . 95 ×  10  − 1


  7 . 70 ×  10  − 1


   h  i n f


  4 . 61 ×  10 1


  4 . 42 ×  10 1


  2 . 74 ×  10 1


  8 . 73 ×  10 0


  3 . 75 ×  10 1


  2 . 17 ×  10 1


  2 . 71 ×  10 1


  𝛼


  1 ×  10  − 2


  5 . 06 ×  10  − 1


  1 ×  10  − 2


  1 ×  10  − 2


  1 ×  10  − 2


  R


    R  A C


  1 . 04 ×  10  − 3


    R  A D


  1 . 42 ×  10  − 2


    R  B C


  3 . 49 ×  10  − 3


    R  B D


  3 . 79 ×  10  − 4


    R  B G


  2 . 05 ×  10  − 2


    R  C D


  2 . 56 ×  10  − 2


    R  D E


  3 . 56 ×  10  − 3


    R  D F


  9 . 92 ×  10  − 2


    R  D G


  2 . 35 ×  10  − 2


    R  E F


  8 . 30 ×  10  − 4


    T  a i r


    T  m a s s


    T  a i r


    T  m a s s


    T  a i r


    T  a i r


    T  a i r  


    T  a i r


    T  m a s s  


    T  m a s s


    T  m a s s


    T  a i r


    T  a i r


    T  a i r


    T  m a s s


    T  m a s s


    T  m a s s


  m i n     ∑  i = 1  N    E  i   C  i , e + 𝜌 𝜖


    E  i =   P  c c , i ∆ t


    E  i =   P  c c , i ∆ t


    𝜌


  𝝐


  𝜖 =   ∑  z o n e s    ∑  i = 1  N  (   𝜖  i + +   𝜖  i − )


    𝜖  i +


    𝜖  i −


    𝜖  i + =   m a x ⁡  ( 0 ,     T  z o n e , a i r −   T  u b )


    𝜖  i − =   m a x ⁡  ( 0 ,     T  l b −   T  z o n e , a i r )


    𝜖  i − =   m a x ⁡  ( 0 ,     T  l b −   T  z o n e , a i r )


  m i n     ∑  i = 1  N    E  i   C  i , e +   𝜌   ∑  z o n e s    ∑  i = 1  N  (   𝜖  i + +   𝜖  i − )


  m i n     ∑  i = 1  N    E  i   C  i , e +   𝜌   ∑  z o n e s    ∑  i = 1  N  (   𝜖  i + +   𝜖  i − )


    q  c c


    P  c c


    P  c c , i =     q  c c , i  C O P  (   T  o a )


    𝜖  i +


    𝜖  i −


   T oa


   Q  sol , r  


   T ZoneSet


   T ZoneSet


   T ZoneSet


    E  c o o l  ( K w h ) =     ∫ 0  T  T C L ( t ) d t


    E  c o o l


    E  r e b o u n d =     ∫ 21  21 + X  T C L d t


  X


  N C L =     T C L ( t )    T C L -


  C L F ( % ) =       T C L -    T C L  m a x × 100


    R  e n v


  1 . 0 ×  10  − 3


  3 . 16 ×  10  − 1


    R  a m


  1 . 0 ×  10  − 4


  3 . 16 ×  10  − 1


    C  a i r


  1 . 0 ×  10 3


  3 . 16 ×  10 6


    C  m a s s


  3 . 16 ×  10 5  


  3 . 16 ×  10 8


  𝛾


    S o l  f  


   h  f


  1 . 0 ×  10  − 1


  1 . 0 ×  10 4


  𝛼


    R  i j


  1 . 0 ×  10  − 4


  3 . 16 ×  10  − 1


    C  a i r


  1 . 0 ×  10 3


  3 . 16 ×  10 6


  𝛾


   h  f


  1 . 0 ×  10  − 1


  1 . 0 ×  10 2


    R  i j


  1 . 0 ×  10  − 4


  3 . 16 ×  10  − 1

