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Abstract  

This dissertation explores the idea of inducing grid peak demand curtailment by 

turning commercial buildings into interactive assets for building owners during the 

demand control period. The work presented here is useful for both ab initio design 

of new sites and for existing or retrofitted sites.  

An analytical hierarchy process (AHP)-based framework is developed to curtail 

the thermal load effectively across a group of commercial buildings. It gives an 

insight into the amount of peak demand reduction possible for each building, subject 

to indoor thermal comfort constraints as per ASHRAE standards. Furthermore, the 

detailed operation of buildings in communion with the electric grid is illustrated 

through case studies. This analysis forms an outline for the assessment of transactive 

energy opportunities for commercial buildings in distribution system operations and 

lays the foundation for a seamless building-to-grid integration framework. 

The contribution of this dissertation is fourfold – (a)  an efficient method of 

developing high-fidelity physics-based building energy models for understanding 

the realistic operation of commercial buildings, (b) identification of minimal dataset 

to achieve a target accuracy for the building energy models (c) quantification of 

building peak demand reduction potential and corresponding energy savings across 

a stipulated range of thermostat setpoint temperatures and (d) AHP-based demand 

curtailment scheme. 

By careful modeling, it is shown that commercial building models developed 

using this methodology are both accurate and robust. As a result, the proposed 

approach can be extended to other commercial buildings of diverse characteristics, 

independent of the location. The methodology presented here takes a holistic 

approach towards building energy modeling by accounting for several building 

parameters and interactions between them. In addition, parametric analysis is done 

to identify a useful minimal dataset required to achieve a specified accuracy for the 

building energy models. This thesis describes the concept of commercial buildings 

as interactive assets in a transactive grid environment and the idea behind its 

working.     



 

 

An Expert-based Approach for Grid Peak Demand Curtailment using 
HVAC Thermostat Setpoint Interventions in Commercial Buildings 

Sneharaj Ramdaspalli 

 

General Audience Abstract 

This dissertation titled “An Expert-based Approach for Grid Peak Demand 

Curtailment using HVAC Thermostat Setpoint Interventions in Commercial 

Buildings” tackles two important challenges in the energy management domain: –

electric grid peak demand curtailment and energy savings in commercial buildings.  

The distinguishing feature of the proposed solution lies in addressing these 

challenges solely through demand-side management (DSM) strategies, which 

include HVAC thermostat setpoint interventions and lighting control. We present a 

methodology for developing highly accurate building energy models that serve as 

digital twins of actual buildings. These digital replicas can be used to quantify the 

impact of various interventions and reflect the realistic operation of commercial 

buildings across varied conditions. This enables building owners to control demand 

intelligently and transact energy effectively in the electricity market.   

The development of Internet of Things (IoT) market and advanced technologies 

such as smart meters and smart thermostats allows for the design of novel strategies 

that address traditional challenges faced by electric grid operators. This dissertation 

elaborates on how smart buildings can leverage IoT-based solutions to participate in 

the electricity market during demand control periods. We also developed an expert 

opinion-based demand curtailment allocation scheme resulting in grid peak demand 

reduction. The numerical results obtained reinforce the effectiveness of the proposed 

solution across varied climatic conditions. 
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1. INTRODUCTION AND THESIS OVERVIEW   

1.1 Background and Motivation 

Commercial buildings contribute to a significant share of global energy 

consumption, and thermal load is a substantial part of the total building energy 

consumption. The thermal load of a commercial building depends upon several 

factors:  

A. Local weather and climate  

B. Building envelope and energy efficiency features  

C. Directional orientation of the building  

D. Number and orientation of windows  

E. Occupancy of the building  

F. Occupant temperature preferences  

G. Operational timings, etc.  

 

  However, heating, ventilation, and air-conditioning (HVAC) system sizing is 

still done based on ballpark estimates. The consequence is that we now have back-

of-the-envelope solutions that are not optimally engineered and are often over-

designed to meet unknown future needs without consideration of efficiency. 

Furthermore, these solutions ignore the benefits that could accrue from an optimal 

operation of the HVAC system. The financial and environmental implications of 

such suboptimal designs are significant and hence, this entire problem must be 

analyzed from a fresh perspective. 

Maturity of smart thermostat technology now allows building owners to remotely 

control and optimize performance of HVAC systems and actively participate in grid 

operations. Until now, building energy management systems (BEMS) were 

deployed in a haphazard fashion over the years, for primarily two reasons; (a) they 

were operated manually and required a flat (ON/OFF) control, and (b) commercial 
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BEMS solutions were expensive and for the most part meaningful only in case of 

large commercial buildings. However, to effectively integrate commercial buildings 

into the fabric of the electric grid, behavior of buildings under different conditions 

must be studied in detail. Developing building energy models is the first and most 

important step in addressing this issue.  

The building automation systems industry has been the driving force for realizing 

large scale building-to-grid-integration efforts. It has been growing rapidly in recent 

years and is expected to grow with a cumulative annual growth rate (CAGR) of 

11.5% by 2026 [1]. Commercial buildings account for a significant share of global 

energy consumption, and this now opens new opportunities for buildings to 

participate in energy transactions with the electric power grid.  

The Commercial Buildings Energy Consumption Survey (CBECS) indicates that 

there are about 5.6 million commercial buildings in the United States [2]. These 

buildings together account for 40% of total energy consumption [3]. Hence, 

improving efficiency of energy utilization in buildings is of prime concern to the 

United States Department of Energy (US-DOE). One way to do this is by changing 

the building HVAC thermostat setpoint temperature, which is the subject of this 

dissertation. Through this work, we propose a method of synergistic thermal load 

reduction across grid-connected commercial buildings. 

Fig. 1 illustrates the operation of smart buildings in a grid-connected environment, 

emphasizing the requirements of building-to-grid-integration at a distribution grid 

level.  
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Fig. 1. Overview of grid-connected buildings at distribution level 

 

As shown in Fig. 1, the future distribution grid is envisioned to incorporate a 

heterogeneous mix of energy sources integrated seamlessly to offer real-time grid 

support. The bidirectional communication between buildings and electric power grid 

enables the utility company to interact with buildings during the demand response 

(DR) period, hence enabling demand control.  

1.2 Objective and Scope of Work  

As intelligent buildings begin to dominate the commercial building landscape, 

there is a need for a solid and well-engineered building-to-grid integration 

framework. In this dissertation, we propose a solution that requires multiple 

commercial buildings to manage their demand synergistically in a decentralized 

fashion in order to mitigate electric grid peak demand. In order for the commercial 

buildings to contribute to demand reduction, it is essential to understand their current 

energy usage. To accomplish this, we need to construct accurate building energy 

models, which act like digital twins of the actual buildings.  
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The building energy models developed in this dissertation are quasi-static in 

nature with an hourly resolution, which means that they are always in thermal 

equilibrium and hence the indoor temperature changes very slowly, ignoring the 

transient states. These models are computationally efficient and therefore effective 

in making predictions about the system behavior. Hence, they find good use in 

applications requiring planning and control. Therefore, the objective of the first part 

of this dissertation is to develop accurate high-fidelity, physics-based building 

energy models.  

These models are used to analyze the impact of HVAC thermostat setpoint 

interventions on building peak demand reduction and quantify the resulting energy 

savings. The second part deals with developing an expert opinion-based scheme for 

grid peak demand reduction via HVAC thermostat setpoint interventions in 

commercial buildings, during the DR period.  

1.3 Contribution to Building-to-Grid Integration Research Area 

This dissertation outlines the operation of grid-connected commercial buildings 

in the context of a transactive grid. We have designed an analytical hierarchy process 

(AHP)-based demand curtailment algorithm for grid peak demand reduction by 

performing HVAC thermostat setpoint interventions in commercial buildings. This 

algorithm considers the nature and behavior of participating commercial buildings, 

allocates the required amount of demand curtailment amongst them, and results in 

the necessary thermostat setpoint intervention required to affect appropriate thermal 

load curtailment in each building. This work serves as a strong foundation for 

developing specific guidelines for participation of commercial buildings in a 

transactive electric power grid. To encourage participation of commercial buildings 

in the electricity market, a thorough understanding of a building's energy 

consumption is necessary. It is essential to develop precise building energy models 

to understand the building’s overall performance and gain insights into the impact 

of parameter variations on total energy consumption. 

As a major contribution in this direction, an efficient method of developing high-

fidelity building energy models is illustrated in Chapter 3. These models provide a 

realistic representation of actual building performance and hence serve as digital 
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twins for the physical commercial buildings. In addition to outlining a procedure to 

develop high-fidelity building energy models, parametric analysis is done to 

determine the factors that significantly contribute to the accuracy of the model. 

Based on the analysis, a minimal input dataset is constructed to provide best 

accuracy for the given information. This procedure drastically reduces the amount 

of information required to construct the building energy models while significantly 

preserving accuracy. These models could further be used to examine the impact of 

thermostat setpoint interventions on peak demand reduction and quantify the 

resulting energy savings. The insights obtained from this work are further used to 

develop an AHP-based scheme for grid peak demand curtailment. 

We believe that this is a first, and most important, step in addressing these pressing 

issues of building-to-grid integration, peak demand reduction, energy efficiency and 

reducing carbon footprint of commercial buildings, which are a vital part of today’s 

global infrastructure. 

1.4 Intellectual Merit 

This work illustrates a straightforward way to mitigate local peak demand 

occurrence via HVAC thermostat setpoint intervention in commercial buildings. The 

underlying merit of this work lies in: (i) development of accurate high-fidelity 

building energy models for commercial buildings;, (ii) identification of minimum 

datasets resulting in best accuracy for given information;, (iii) analyzing impact of 

thermostat setpoint interventions on peak demand reduction and energy savings 

across different commercial buildings;, and (iv) development of an integrated 

demand management tool for demand reduction across different commercial 

buildings subject to occupant indoor thermal comfort constraints.   

In addition, this framework provides a holistic approach optimizing building 

performance and energy savings by exploiting thermal flexibility of load in 

commercial buildings during the DR period. This work also investigates the aspect 

of thermal flexibility in commercial buildings and helps position this new tool in the 

portfolio of demand management tools in a smart grid environment. This solution 

gives an insight into thermal behavior of buildings and helps identify candidates that 

are the most appropriate for thermal load curtailment during DR period. This is done 
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by considering several attributes of commercial buildings such as their size, location, 

orientation, operational timings, type of HVAC system, thermostat setpoint 

temperature, etc. This framework can also be extended to incorporate distributed 

energy resources (DERs) to operate in conjunction with the proposed demand 

management tool in a transactive environment. 

1.5 Hypothesis 

The guiding premise of this work is to mitigate grid peak demand by turning 

commercial buildings into interactive assets for building owners during the demand 

control period. 

Buildings are complex physical objects and are subject to significant variation in 

occupancy and load usage in real time. Thermal load curtailment in commercial 

buildings can be used as a load management tool for (a) producing energy savings 

in each building and (b) reducing the grid peak demand during the DR period. In 

addition, this thermal load curtailment can also be used as a load-shaping tool [4] in 

the presence of heterogeneous energy sources and loads.  

1.6 Nature of the Problem and Solution 

The lack of communication between electric grid and commercial buildings often 

causes energy waste in these buildings, resulting in an unnecessarily high electric 

bill.  By going over the grid’s capacity, the assets on the electric grid also suffer, 

leading to shortened lifetime and frequent replacement of expensive equipment. 

Therefore, it is important to ensure that the electric power grid and commercial 

buildings work in reliable coordination.  

One of the challenges of starting communication between the electric grid and 

buildings is that if this communication happens in real time, these buildings cannot 

make changes quickly enough to react to the grid’s command. In addition, the 

positioning of the AHP-based tool placed between the grid and building causes 

latency in communication. Considering these aspects, we have proposed a grid peak 

curtailment solution based on the day-ahead electricity market. For successful 

implementation, coordination with multiple parties like the electric grid operator, 

building operator and weather monitoring station is necessary. Furthermore, the type 
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of information needed from these parties is heterogeneous in nature, making it 

difficult to integrate multiple sources of data cohesively, as shown in Fig. 2. 

 

Fig. 2. Input data sources for the AHP-based model 

Each occupant is bound to have different comfort level preferences which 

influences the building’s overall load demand. Energy usage of the building also 

varies based on different weather conditions. This puts a limit on how much demand 

can be curtailed on a given day. Moreover, these limits have dynamically changing 

brackets which vary based on attributes such as weather conditions, nature of activity 

in the buildings, building energy usage profile, occupant comfort, time and length of 

demand control window, magnitude of demand curtailment, etc. Due to the dynamic 

nature of this problem, the solution needs to be capable of addressing the changing 

day-to-day needs of multiple stakeholders. 

In order to estimate how much demand could be curtailed in each building, 

accurate building energy models have to be developed. This requires capturing the 

interplay between variables such as orientation, building construction, occupancy, 

operational timings, thermostat setpoints, loads and operating weather conditions. 

The relation between these variables is complicated and not explicit, with several 

variables affecting each other in nebulous ways. These highly accurate building 
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models are difficult to mass-produce as they require a plethora of input data. 

Contrastingly, the minimum input dataset models that have been subsequently 

developed are relatively accurate and easier to scale while requiring significantly 

less input data. 

Keeping in mind all these practicalities, an AHP-based framework is developed 

and positioned to operate in a day-ahead electricity market and conduct end-to-end 

transactions effectively. This AHP-based tool is useful in running predictive real-

time optimization overnight using day-ahead weather forecast data.  

Some of the advantages of the proposed approach are: 

Electric Utility Operator’s Advantages: 

● Introduces novel stakeholders into the electricity market, enhancing grid 

support during demand reduction period 

● Improves longevity of assets deployed in the electrical distribution network 

● Provides a reliable way to curtail electric grid peak demand  

● Adapts to changing demand patterns of commercial buildings as a result of 

incorporating solar photovoltaics (PV) and electric vehicles (EV) 

Commercial Building Operator’s Advantages: 

● Honors occupants’ comfort level 

● Accurate building energy models serve as digital twins to the physical 

buildings as they are robust  

● Minimal dataset models use significantly less information and hence can be 

replicated easily 

● Estimates both peak demand reduction and energy savings using a single, 

comprehensive building energy model 

● Accommodates the incorporation of new technologies like rooftop solar PV, 

batteries, EV charging into existing commercial building models 
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Some of the disadvantages of the proposed approach are: 

Electric Utility Operator’s Disadvantages: 

● Requires enhanced security to host and analyze sensitive information like 

thermostat setpoint data, building information, smart meter data, etc. 

● Complicates design of protocols due to constant changes in day-to-day 

operations of electric grid and commercial buildings 

● Challenges cohesive integration of disjointed, heterogeneous datasets from 

multiple sources 

● Prohibits real-time control actions as buildings lack swiftness to carry out 

demand management and promptly update the electric utility operator  

Commercial Building Operator’s Disadvantages: 

● Building energy model development is resource intensive, tedious and a 

time-consuming process  

● Voids sub-hourly control of load demand in building energy models  

● Poses difficulty in understanding the complicated and inexplicit relation 

between parameters required to create building energy models  

1.7 Broader Impacts 

This research represents a stepping-stone towards creating a framework 

integrating buildings into a transactive electric power grid. The proposed solution 

can be extended to incorporate the addition of rooftop solar PV and EV to 

commercial buildings in the future. Based on previous research findings, this 

dissertation rounds out the complexity of power distribution among different 

buildings allowing for efficient energy use and reliable operation.  
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As a part of this project, high-fidelity building energy models have been 

developed. These act as digital twins of the actual buildings, enabling building 

managers to understand and evaluate different demand management strategies. 

Additionally, these models help to evaluate the impacts of HVAC setpoint 

interventions on peak demand reduction and energy savings in the actual commercial 

buildings. Consequently, the extensive input dataset used to construct the high-

fidelity models has been reduced to essentials to create minimum input dataset 

models. This now allows for the mass-scaling of the AHP-based framework, further 

extending the potential reach of the proposed solution.  

As a first step, it can be used as a preliminary assessment tool to estimate the 

demand reduction that may be possible for a given set of buildings across different 

weather conditions. Hence, this work lays a solid foundation and accelerates the 

transition of a traditional electric power grid into a transactive energy-based 

framework. 
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2. LITERATURE REVIEW  

In order to pursue the proposed solution, this chapter acknowledges the existing 

literature and poses questions towards successful implementation. 

2.1 Problem Statement 

Some questions we are faced with, in the current situation include:   

How to open the electric power grid for commercial building participation? 

What are the requirements, benefits, and repercussions in doing so? Specifically, 

what is the impact of thermostat setpoint interventions on peak demand reduction 

and energy savings across buildings under different climatic conditions? How can 

this knowledge be used for the benefit of the building owner? How can it be used to 

alleviate grid stress conditions? 

To explore possible solutions to the above questions, we must first understand that 

effective management of the electric power grid depends squarely on the design of 

an efficient decentralized mode of operation for energy transactions. The 

heterogeneous nature of current energy portfolios of commercial buildings stems 

from the adoption of roof-top solar PV, EV, and battery technologies. Efficient 

energy management schemes can be designed to cater to the needs of commercial 

buildings and the electric grid in a mutually beneficial way. Realizing the goal of 

energy self-sufficiency at a distribution level is viable in today’s world. This goal 

seems to be practical when coupled with demand management. Economies of scale, 

technology-driven price drop, and government subsidies that co-align with the 

growing conflux of new technologies necessitates a solid and well-engineered 

solution for building-to-grid integration. Additionally, a multi-faceted problem like 

this requires outlining the required data infrastructure and designing an end-to-end 

scheme of data flow.  

2.1.1 Peak Demand 

Peak demand is the largest instance of power usage in a given time frame, 

typically a rolling fifteen-minute window. In the context of this problem, there are 



 

12 
 

two types of peak demand depending on the frame of reference - coincidental peak 

demand and non-coincidental peak demand.  

2.1.1.1 Coincidental Peak Demand/Grid Peak Demand 

The highest demand (in kW) of the building during grid on-peak period is called 

coincidental peak demand. This grid on-peak period varies during summer and 

winter seasons. The coincidental peak demand charge recovers cost of building out 

infrastructure like the transmission and distribution substations, lines etc., in support 

of non-generation related costs necessary to meet peak demands. Coincidental peak 

reduction is of most value from an electric utility company’s perspective [5].  

2.1.1.2 Non-coincidental Peak Demand/Building Peak Demand 

Typically, the electric utility companies measure power as the average demand 

over 15 minutes. This is done by summing up the energy consumed in a given time 

interval and then dividing it by the length of the time interval, giving units of power, 

in kW. The highest average 15-minute period of demand over a month is the non-

coincidental peak demand, which is also referred to as ‘building peak demand’ or 

‘peak demand’ in this dissertation.  

2.1.2 Automated Demand Response 

The newly developed open Automated Demand Response (ADR) protocol fully 

automates the delivery of price and reliability signals to commercial facilities and 

helps in trimming peak demand effectively [6]. One notable pilot initiative is the 

ADR program offered by Pacific Gas and Electric (PG&E) [7]. While this program 

outlines overall strategies for load reduction, there are no specific details or studies 

provided regarding interventions needed to be made at the customer end. The overall 

idea discussed in [6] and [7] is depicted in Fig. 3.  
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Fig. 3. Building peak demand reduction through demand response 

As seen from Fig. 3, in order to quantify the benefits of ADR scheme effectively, 

establishing a baseline for energy usage in commercial buildings is critical. Once 

realistic building energy models are created, the impacts of specific interventions 

can be studied in detail. An overview of the state-of-art practices and research 

challenges in ADR for smart grids and microgrids is presented in [8]. Recent 

applications with grid-integrated buildings and microgrids are extending the 

functionality, by increasing the sophistication of how demand-side load profiles are 

managed. This paper outlines the architectural models, technology infrastructure, 

and communication and control protocols that are currently in use. However, the 

introduction of sensors also introduces concerns of cybersecurity at several access 

points across the network including BEMS, local area network/wide area network, 

converged internet protocol (IP) networks and user owned devices [9]. Accurate 

building energy models can serve as a countermeasure and act as an embedded 

security system within the building.  

2.2 Approach 

This dissertation is a comprehensive effort to grapple with the issue of demand 

control in commercial buildings via thermostat setpoint interventions. Commercial 
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building energy models are developed in a quick energy simulation tool (eQUEST 

3.65), a software tool released by the US-DOE. eQUEST makes no a priori 

assumptions about the location, orientation, building envelope, load composition, 

occupancy, type of HVAC system, nature of activity, or the overall power 

consumption of the building. All assumptions made throughout this work are 

referenced to International Building Code (IBC) [10] and American Society of 

Heating, Refrigeration and Air-conditioning Engineers (ASHRAE) standards [11], 

[12] and [13]. Hence, this method of building energy modeling is versatile, agnostic 

to the nature and type of commercial buildings and can be replicated and extended 

to several other locations.  

During the control period, what-if scenarios are run by simulating building energy 

models with different setpoint temperatures to evaluate and quantify the impact of 

HVAC thermostat setpoint interventions on peak demand reduction and energy 

savings in commercial buildings. The initial study focuses on the non-coincidental 

peak demand at any time during the month, which is more restrictive. This means 

that the demand restrike must be monitored and it must be ensured that the new peak 

demand after the setpoint control is less than the initial peak demand being reduced. 

On-site control for load reduction will have a direct impact on comfort, as it allows 

customers to make trade-offs between higher electricity costs and comfort. 

Subsequently, an AHP-based demand curtailment allocation scheme is designed to 

mitigate grid peak demand by appropriate thermal load curtailment among the 

participating commercial buildings.  

2.3 Introduction 

The impact of different parameters on building energy consumption must be 

studied in order to develop strategies to improve energy efficiency. Accurate 

building energy models accounting for interactions between several components 

must be developed since buildings are complex dynamic systems. Additionally, the 

development of control strategies calls for a computationally efficient building 

energy model.  

Authors in [14] presented the capabilities and limitations of standard software 

tools used in building energy modeling. They indicated that the net energy 
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consumption must be studied to determine the impacts of increasing HVAC 

thermostat setpoints, adjusting supply air temperature, and reducing lighting levels. 

While choice of appropriate software tool is predominantly dictated by the 

application, eQUEST and EnergyPlus are two prominent software tools which are 

widely accepted [15]. Another study developed a model of an office building using 

eQUEST and examined the impacts of varying uncontrolled building parameters like 

wall construction, glass material and occupancy on building energy consumption 

[16].  

A building energy model of an academic building using EnergyPlus was 

developed in [17] and a two-step calibration methodology which reduced the root 

mean square error (RMSE) for monthly energy consumption from 24.48% to 0.37%, 

is presented. When this model was used to study the impact of modifying the 

schedule of heat pump (ON/OFF) in an underfloor heating system, monthly energy 

savings between 20-27% were reported.  

In [18], authors investigated energy saving potential obtained by increasing the 

temperature of chilled water (CHW) supply and have reported a saving of 16% using 

model predictive control (MPC) strategy with feedforward control structure. While 

this can be used for estimating ballpark energy savings, the underlying operational 

pattern of the building remains obscure and thus limits controllability.  

It is quintessential to have precise building energy models to understand the 

building’s overall performance and gain insights into the impact of different 

parameters on total energy consumption. In this work, a bottom-up physics-based 

method is used to model the Virginia Tech School of Public and International Affairs 

(VT SPIA) building using eQUEST 3.65. This approach utilizes building physical 

data and climate condition data along with some assumptions made in compliance 

with IBC 2018 [10] and ASHRAE Standards [11]-[13]. The rich level of detail 

involved in modeling makes this approach versatile and highly suitable for modeling 

existing buildings with great accuracy. The building model developed in eQUEST 

uses empirical correlations to model interactions between different components and 

has the engineering muster to accurately predict behavior across a wide range of 

operating conditions.  
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Authors in [19] argue that modeling is the most time-consuming and costly part 

of the automation process based on industrial experience. The intelligent defaults 

present in eQUEST simplify the modeling process, reduce development time 

drastically and result in a model that is developed in a relatively shorter time with 

much lesser effort. Efficacy of the outlined procedure is used to create a digital 

replica of the building and analyze a broad range of what-if scenarios. This makes 

producing high-fidelity building energy models an invaluable step in analyzing the 

overall building performance under different conditions. To study the impact of 

thermostat setpoint interventions, an equivalent building energy model of the VT 

SPIA building has been developed in eQUEST. Various categories of inputs required 

to develop the building energy model in eQUEST are indicated along with the output 

of the model i.e., hourly building total energy demand. These baseline building 

energy models have a minimum code compliance with IBC [10] and ASHRAE 

Standards [11]-[13]. The modeling procedure is further elucidated in Chapter 3. This 

dissertation also presents a sensitivity analysis by relaxing the HVAC thermostat 

setpoint temperature assumption from 70℉ to see its impact on the accuracy of the 

model.  

Thermostat setpoint interventions are now made on a baseline model to estimate 

peak demand reduction and corresponding energy savings, closely reflecting the 

numbers in actual buildings. This study focuses on restricting peak demand in 

buildings via thermostat setpoint intervention during a 4-hour window 

encompassing the afternoon building peak. This approach of using a soft DR 

window centered around the building peak demand eliminated the creation of higher 

peaks due to demand restrike reported in [20]. The corresponding peak demand 

reduction and energy saving potential during the DR period have been quantified 

and tabulated in the Chapter 4. The proposed methodology can be used to quantify 

peak demand reduction and energy savings in commercial buildings across a wide 

variety of locations. A summary of relevant literature on building energy modeling 

is presented in section 2.4. 

2.4 Building Energy Models  

A university building was modeled with real weather data using eQUEST 3.64; 

the error for annual electricity consumption was within 0.72%, with a range of 4.5-
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16% across twelve months [21]. The energy profiles of four residential archetype 

building models across 12 months captured seasonal variation reasonably well and 

have thus resulted in an error less than 10% for annual energy consumption [22]. 

While this serves as a prelude to the development of accurate building energy 

models, the model presented in [22] has monthly resolution and hence limits 

controllability. Forecasting annual and monthly energy consumption is relatively 

easy as the errors average out; however, accurate forecasting for hourly building 

energy models is more difficult, as it requires the forecast to match well across a 

much larger sample size.  

A review of building energy modeling for control and operation is presented in 

[23]. Authors classified whole building energy modeling into physics-based, data-

driven and hybrid approaches and compared their strengths for DR control 

applications. They indicated the need for high-frequency data to obtain a good 

quality building operation model. The authors of [24] discuss top-down and bottom-

up approaches for modeling urban building energy use, their strengths and 

weaknesses in a variety of applications, and integration with geo-spatial techniques. 

The authors suggest that coupling bottom-up physics-based models with geographic 

information systems makes for a promising method to predict future urban-scale 

energy consumption. The issue of performance gap (difference between estimated 

energy consumption and actual energy consumption) is discussed in [24]. The 

authors in this paper suggest better information integration, including stochastic 

aspects of occupants’ behavior and installing on-site weather stations to reduce the 

performance gap. 

Furthermore, authors in [25] devised a methodology to identify groups of 

influential parameters and performed parametric analysis. They outlined a 

systematic process for developing accurate building energy models. A similar study 

done on Irish residential dwellings defined the most influential parameters by 

performing differential sensitivity analysis. A parsimonious hybrid model 

combining a physics-based model with statistical regression is introduced in [26]. 

This model is used to estimate energy-saving potential of a building stock due to an 

energy efficiency upgrade. The parsimonious physics-based model and the hybrid 

model have average errors of 51.1% and 31.2% respectively. These high values of 
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errors can be ascribed to fitting a simple multiple linear regression model with 

building attributes as predictors. Although the hybrid model is an improvement, the 

resulting error is still significantly large, leaving uncertainty in energy-saving 

potential in case of an efficiency upgrade.  Results presented in [27] indicate that 

errors up to 40% were observed for hourly peak demand analysis, whereas errors 

for annual electricity consumption range between 12-55% and 5-99% for regional 

and urban stocks respectively. This emphasizes the necessity for improving 

accuracy of building energy models. A critical step in achieving accurate building 

energy models is the calibration process. Hence, several studies have been done in 

this area in recent times.  

2.4.1 Building Energy Modeling - Calibration  

A calibrated simulation model is vital for baselining energy use in measurement 

and verification projects. Several concepts, proposed procedures, and issues 

pertinent to building model development processes, are also applicable to the 

calibration process.  In essence, the mathematical formulation of the calibration 

process is akin to an optimization problem with objective function being the 

minimization of hour-by-hour mean square errors (between measured and 

simulated energy use data). The calibration techniques used in literature can be 

classified into three main categories – manual iterative, statistical, and automated 

methods as discussed in [16].  

A detailed literature review on the calibration of building energy simulation 

programs along with uses, problems, and procedure is discussed in [28]. This study 

also touches upon the issue of uncertainty relevant to building simulation programs; 

further, considerations regarding assessment of uncertainty in building simulations 

are discussed in [29]. The recent ASHRAE guidelines on measurement of energy 

savings suggest that the uncertainty declines as the length of the savings reporting 

period increases [30].  

Building model calibration using energy and environmental data is presented in 

[31]. In this paper, a set of two calibrated environmental sensors together with a 

weather station are deployed in a 5-storey office building to examine the accuracy 

of an EnergyPlus virtual building model. The calibrated EnergyPlus model was able 



 

19 
 

to predict annual hourly space air temperatures with an accuracy of ±1.5 ℃ for 

99.5% and an accuracy of ±1℃ for 93.2% of the time. Further, a novel framework 

that can calibrate a building energy model with high accuracies at multiple levels, 

is introduced in [32].  In this paper, the authors simulated HVAC-related energy 

consumption at the building level, at an energy conservation measure level, and at 

the zone level. The simulation results were compared with the measured HVAC-

related energy consumption. Findings showed that mean bias error and coefficient 

of variation of RMSE were below 8.5% and 13.5%, respectively, for all three levels 

of energy simulation. Similarly, an optimization-based framework to calibrate the 

whole building energy model is demonstrated in [33]. The optimization algorithm 

attempts to set the identified parameters to minimize the error between the 

simulation results and the real-time measurements. 

The manual calibration procedure is traditionally used as a wide-spread practice 

due to its reliability. While the classical iterative manual calibration of whole 

building energy models using hourly measured data keeps the calibration process 

evidence-based and systematic [34], it is relatively time-consuming. Alternately, an 

evaluation of ‘Autotune’ calibration against manual calibration of building energy 

models is presented in [35]. A bottom-up procedural calibration method based on 

hourly electricity sub-metering data is presented in [36]. This is coupled with a 

pragmatic approach of deriving load/occupancy schedules from electricity use data 

[37] and used as model calibration procedure in the current work. 

The building energy models developed using the aforementioned procedure are 

highly accurate and therefore reflect the actual functioning of the building to a 

significant degree. These models can now be used to perform DR studies. For the 

building to actively participate in a DR event, dynamic control models are essential. 

One such well understood, and widely applied technique is MPC. 

2.5 Model Predictive Control (MPC) 

 The number of papers devoted to application of MPC in buildings has been on 

the rise. In [18], authors highlighted the importance of modeling in the context of 

predictive control. MPC is a dynamic control strategy where input and output 

variables can be optimized at each timestep to obtain desired results. 
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 In general, MPC seems to be quite effective for applications involving energy 

efficiency in buildings. Some of the prominent studies incorporating MPC 

framework in the domain of building energy modeling are as follows:  

 In [38], a Stochastic MPC strategy for building climate control is presented. The 

proposed controller used weather forecasts to compute the required energy and 

identifies which actuators are needed to keep the indoor temperatures within 

comfort constraints. Additionally, it was shown that the developed Stochastic MPC 

technique outperformed traditional rule-based control in both non-renewable 

primary energy usage and thermal comfort statistics. The Stochastic MPC resulted 

in much smaller indoor temperature changes, thus exposing occupants to less 

temperature variation during the day.  

Multi-objective optimization of building energy performance and thermal 

comfort based on MPC is discussed in [39]. In [17], the authors presented a medium 

size commercial building energy model that is based on simplified MPC. This 

source develops a lower order system by simplifying the building energy model for 

an efficient control. Authors in [40] selected controller type as a function of building 

model uncertainty using MPC. In [41], the authors have presented an iterative two-

stage procedure for selection of an appropriate MPC-based building energy model.  

To make calculation time as short as possible, an approach of mixed integer linear 

programming is considered in development of MPC in [42].  For HVAC systems, 

the practical factors of envelope model setup and their effects on MPC performance 

is presented in [43]. Several questions on suitability of MPC-based models for 

building energy management, their integration in smart grids, implementation 

challenges, market penetration, etc., are addressed in [44]. Furthermore, an MPC 

framework for prediction and control of energy consumption is developed in [45] 

based on real-time BEMS data. Nonetheless, using MPC techniques continues to be 

computationally intensive and cumbersome as it involves linearizing the nonlinear 

building model and solving the optimization at every timestep. Hence, a high-

fidelity physics-based approach is selected for developing building energy models 

in this dissertation.  
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The main advantage of the physics-based models is that they provide tremendous 

insights into the functioning of the actual building. Additionally, high-fidelity 

models are robust and find utility in a wide variety of applications. One of the 

drawbacks of physics-based models, however, is that they require significant time, 

effort, and expertise for development.  That said, by making intelligent assumptions 

and performing parametric analysis, computationally efficient, and accurate, 

building energy models can be developed with relative ease in a short amount of 

time. The building energy modeling section (Chapter 3) presents further details 

regarding this.  

eQUEST is a building energy simulation tool offered by the US-DOE [46]. As 

depicted in Fig. 5 in reference [47], eQUEST currently tops the category of 

simulation tools that are suitable but not yet widely applied. This dissertation 

presents a method of exploiting eQUEST in modeling building energy demand, 

analyzing peak demand reduction, and energy savings due to HVAC thermostat 

setpoint interventions.  

2.6 Demand Response (DR) 

 Typically, aggregate building load escalates during the hottest or coldest period 

of the day, contributing to an electric grid system peak. In order to reduce peak 

demand and support energy savings, electric utilities have several options for 

engaging customers in DR programs [48]. DR programs have proved to be effective 

in mitigating many power system challenges, such as high generation cost during 

peak demand hours, reliability issues and congestion in generation, transmission 

and distribution. In [49], Jordehi et al., reviewed the recent research work on “DR 

optimization problem” and classified DR programs into two broad categories – a.) 

price-based DR programs and b.) incentive-based DR programs. The authors focus 

on developing optimal DR schemes for commercial customers in this paper. The 

most commonly used ones are price-based DR programs [50], in which demand 

reduction can be achieved in response to differing electricity prices during different 

times of the day. However, from a practicality standpoint a coupon incentive-based 

DR program is currently used by small and medium size commercial and residential 

customers [51]. In [52], Luo et al., proposed a data mining driven incentive-based 

DR scheme. This scheme models electricity trading between virtual power plants 
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and its participants. Experimental results indicate that the proposed scheme makes 

intelligent decisions by offering different incentive rate strategies for different 

consumers. This flexible mechanism induced more consumer load reductions, thus 

decreasing virtual power plant operation cost further while also improving utilities 

on the consumer end.  

 In [53], Davarzani et al., developed and implemented a multi-agent framework 

for active network management of distribution networks using DR. The proposed 

algorithm has been tested on a modified Institute of Electrical and Electronics 

Engineers (IEEE) 69-bus system. The DR implementation resulted in a load 

reduction of 69.3%, indicating feasibility of the framework. While the source in 

[53] presented a solution based on multi-agent framework, in [54], a DR framework 

with competition among utility companies modeled as a non-cooperative game and 

interaction among residential users as an evolutionary game was proposed. Further, 

in paper [55], Huang et al., presented a hierarchical coordinated DR control scheme 

to optimize operations of a group of buildings for aggregate peak demand reduction, 

using genetic algorithms. With respect to daily peak demand, this scheme showed 

approximately 5-11% higher reduction and 1-5% more energy savings compared to 

conventional control. 

In [56], Werminski et al., presented a decentralized ADR system for peak demand 

reduction. The simulation results show a significant reduction in peak power when 

the decentralized ADR device is used in cooperation with thermostatic devices. 

Market-based coordination schemes of thermostatically controlled loads based on 

equivalent thermal parameter models are discussed in [57]-[60]. Currently, there 

are more than 4.5 million buildings with smart thermostats and the market is 

expected to rise further in the near future [59],[60],[61]. Deployment of such smart 

thermostats can make a building demand responsive. A market-based approach for 

power management and estimation of flexible power reserve in commercial 

buildings using MPC is discussed in [62]. In [63], Hu et al., investigated the DR 

potential of air-conditioners under different control strategies using grey-box room 

thermal models. The model has been validated by comparing the simulated indoor 

air temperature against measured data and has been found to match with reasonable 
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accuracy (0.72% mean absolute percentage error (MAPE); indoor temperature 

measured in ℃).  

An interdisciplinary investigation of overall building energy consumption and 

high-performance design using building information models (BIM) is presented in 

[64]. Further, a controller is designed to manage load usage of each appliance 

respecting the comfort conditions of each user. This controller is developed using 

Petri Net framework [65]. Additionally, authors in [66] have discussed a multi-zone 

HVAC control strategy and combined the advantages of balanced user comfort and 

energy demand. Moreover, the option of controlling HVAC load and utilizing it for 

ancillary grid services is explored in PG&E’s ancillary service pilot project [67].  

In reality, buildings are complex physical objects and are subject to significant 

variations in occupancy and load usage in real-time. This work presents a clear-cut 

quantification of peak demand reduction and corresponding energy savings to gain 

an insight into the impact of HVAC thermostat setpoint interventions in commercial 

buildings. Towards this end, the VT SPIA building is modeled in eQUEST. 

Subsequently, HVAC thermostat setpoint is raised in the eQUEST model to 

quantify and understand the effects of raising thermostat setpoint temperatures on 

actual building electric energy consumption.  

2.7 HVAC Thermostat Setpoint Interventions - Thermal Modeling/Energy 

Flexibility 

Thermal load is the largest load in the building. Hence, modeling the thermal load 

behavior is of interest. Thermal behavior of a building in its environment is 

described in [68], wherein building models are constructed to estimate indoor 

temperature, using the SOLENE-microclimate tool [69]. In addition to thermal 

building modeling, a sensitivity analysis is presented showing that airflow rate, 

material’s properties, blinds’ opening ratio, and external weather conditions played 

a major role. This reveals the vital role played by building envelopes in dictating 

energy flow in buildings. Authors in [70] developed building models in EnergyPlus 

and discussed energy retrofit packages involving upgrading the efficiency of 

window air-conditioners, window glazing and lighting control in high-rise office 

buildings. The impact of thermostat setpoint temperature variation on building total 
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energy demand is still missing; however, the thermal load in a building offers 

greater energy flexibility during the peak demand control period and can be 

controlled easily as it is a non-critical load.  

Authors in [71] reported an annual average thermal peak shifting in the range of 

25-78% (from simulation results), due to time-of-day pricing. Further, in [72] the 

authors presented quantification methodologies – forced time operation and delayed 

operation to assess energy flexibility in buildings. In [73], authors used DOE 

reference buildings and focused on quantifying the flexibility of loads in 

commercial and residential buildings due to thermostat setpoint variation. This is 

done by constructing hourly piecewise linear regression models quantifying DR 

potential across a range of outdoor temperatures during the DR period (between 12–

6 PM). This approach relies on simulating hundreds of prototype buildings by 

manipulating building’s parameters, which leads to over-generalizing and makes 

this process a time-consuming affair.  

A tuning methodology consisting of MPC design for energy-efficient building 

thermal control is presented in [74]. The methodology presented shows that by 

improving control parameters, a simultaneous reduction in energy consumption and 

improvement in thermal comfort is possible. Our earlier work [20] on thermostat 

setpoint interventions in commercial buildings reported a maximum energy savings 

of about 16% on medium hot days (when average outdoor temperature is between 

70-80°F) and about 5% on hot days (when the average outdoor temperature is above 

80°F) during a fixed DR period. This study indicates the occurrence of a higher 

peak due to demand restrike as a repercussion of performing a hard demand control 

between 12–3 PM. The proposed approach of intervening HVAC thermostat 

setpoints has two primary outcomes: peak demand reduction and energy savings. 

2.8 Peak Demand Reduction 

The ever-increasing energy demand results in elevated grid-stress conditions 

leading to several perennial problems such as reduction in lifetime of the power 

grid’s assets, faulty operations, and a myriad of other problems. Because of this, it 

has been extensively studied by researchers worldwide. Some of the prominent 

solutions in this area include the following.  
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Peak demand reduction of building HVAC systems using MPC is discussed in 

[75]. It is shown that MPC reduced total energy consumption of the HVAC system 

by 73.2% compared to a flat control where the HVAC runs from 5 AM to 5 PM. 

Alternately, authors in [76] explored three HVAC scheduling techniques for 

energy-efficient and cost-effective operation in buildings. They suggested that 

optimal energy savings are obtained when advanced HVAC scheduling techniques 

were coupled with predicted mean vote-based approach for reducing zonal HVAC 

setpoint temperatures [77].  

To understand the possible peak demand reduction, a case study using the 

EnergyPlus model of US-DOE’s medium-sized commercial reference office 

building is presented in [77]. In [78], Zhang et al., suggested a modeling and 

optimization framework that can be used by building designers and operators to 

make optimal investment decisions to minimize demand charges. They evaluate 

measures like installing upgraded energy efficient equipment and applying dynamic 

building load control strategies to mitigate peak demand in buildings. In [79], Liang 

et al., proposed a stochastic model co-optimizing operating cost and comfort level 

in commercial buildings, by presenting piecewise linear models for comfort levels. 

In [80], Tang et al., developed a game theory-based framework for demand 

management of a building cluster which allows buildings to manage their own 

power demands locally. The proposed strategy could reduce aggregate peak 

demand and electricity cost savings by more than two times compared to individual-

level control strategy. 

In [81], Saffari et al, presented an optimized technique for demand-side 

management of peak load by coupling low thermal energy storage and solar PV. It 

has been shown that higher demand can be reduced by low temperature thermal 

energy storage as compared to solar PV and that connecting both systems resulted 

in higher annual electricity cost savings. In [82], Hau et al., designed a spontaneous 

self-adjusting controller for battery energy storage systems to work in conjunction 

with on-site solar PV systems. It employs MPC and dynamic programming with 

anticipatory, preparatory, and recovery actions to achieve a maximum demand 

reduction of at least 11% over the base case monthly maximum demand.  
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2.9 Energy Savings 

An analysis to quantify the expected energy savings associated with ASHRAE 

Standard 90.1-2016 was published in [83]. In this report, energy savings obtained 

by enforcing various code sections of Standard 90.1-2016 in 16 EnergyPlus 

archetype commercial building models across 16 climatic conditions were 

tabulated. The estimated energy savings range between 1.4-21.2%, with a national 

average of 7.9%. Authors in [84], developed eQUEST models of three hotel 

buildings of different sizes and studied the effect of enhancing the wall, roof, glass 

insulation and upgrading HVAC system type on building energy consumption as 

per energy conservation building code. While this analysis helps understand the 

implication of complying with the building codes during design stages, it is 

unrealistic in the cases of already existing buildings. 

A framework for quantifying the impact of occupant behavior on energy savings 

is presented in [85]. HVAC control as an energy saving measure has been touched 

upon briefly in [86], wherein it is reported that due to an ON/OFF strategy based 

on occupancy and user comfort, resulted in energy savings ranging from 8.6% to 

22.9% for the whole building. A study of energy savings obtained by adjusting 

temperature setpoints in retrofitted buildings (US-DOE reference building models 

in seven different climatic conditions) with different variable air volume boxes is 

conducted in [87]. Authors in [88] used US-DOE reference building models 

(EnergyPlus models) for small, medium, and large office buildings and presented a 

statistical analysis of energy savings concerning different factors, like climate, 

construction types and dead-band. Relationships between daily optimal 

setpoints/optimal dead-bands and outdoor temperatures for different climates are 

also summarized.  

2.10 Demand Charge Reduction 

In [89], Öhrlund et al., presented a causal DR effect evaluation of a mandatory 

billing demand charge. In summary, this study contributes to the very limited 

literature on the effects of demand-based tariffs among small and medium sized 

users and the limited understanding of how demand-side interventions can be 

evaluated using observational and individual time-series data. In [90], Xu et al., 
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developed an adaptive monthly peak demand limiting strategy with an optimal 

resetting scheme to optimize the limiting threshold for peak power consumption in 

the building. Using the developed strategy, a 13% reduction in monthly peak 

demand was achieved for the month of June 2018.  

In [91], Malik et al., studied the appliance-level consumption dataset and 

analyzed the actual contribution of air-conditioners to regional summer demand 

peaks. Specifically, two demand control strategies have been explored - raising the 

HVAC thermostat setpoint temperature and widening the control dead band. 

Increasing the temperature setpoint by 1℃ or increasing the temperature dead band 

by 2℃ for longer than an hour resulted in a 25% peak demand reduction. Another 

study in the same paper showed an aggressive peak demand reduction of around 

66% when the temperature set point was increased by 2℃.  Findings suggest an 

aggregate potential peak demand reduction of around 4-9% at a cluster level. 

However, there are a few limitations to this study. The dataset used for this research 

is that of New South Wales and has a significant diversity in climatic conditions. It 

is very likely that residential air-conditioner operation might differ in different 

NSW regions, particularly inland where temperature extremes are particularly 

common, and up North where higher humidity and average temperatures are 

experienced.  

In [92], Meinrenken et al., presented a day-ahead demand side management 

(DSM) framework that optimizes temperature set points and battery dispatch in real 

time, subject to a time-varying demand-based electricity tariff. The objective is to 

minimize the total operation cost (tariff charges and battery systems) while still 

satisfying the occupants’ thermal comfort. This concurrent optimization scheme has 

shown 26% reduction in peak demand and 11% in electricity tariff charges.  

All these studies put together point toward a seamless building-to-grid integration 

framework with multiple stakeholders deriving mutual benefits, subject to indoor 

thermal comfort constraints. 
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2.11 Analytical Hierarchy Process (AHP): Uses and Role in Peak Demand 

Curtailment Applications  

AHP is a multi-criteria decision-making tool with specified priorities between 

different input criteria. AHP is used to model a complex decision-making process 

according to both expert inputs and objective parameters. It is extensively used to 

incorporate expert opinion in the absence of necessary data. The versatility of AHP 

as a decision-making tool makes it useful in a wide variety of contexts. Some 

applications in power system studies include using AHP for assessing equipment 

health for substation maintenance and upgrade.  

For example, in [93], Tanaka et al., have developed a tool for substation asset 

management measures and visualized the health conditions of substation 

equipment. In [94], Bernardon et al., presented a methodology to allocate remotely 

controlled switches in a distribution network, based on AHP. Further, the impact of 

these switches on the reliability indices was also studied. In [95], Lee et al., 

presented a unified power quality index based on ideal AHP, which can provide an 

overall assessment of distribution system performance. The case study presented in 

the paper demonstrates the process of selecting the best system in terms of 

improving power quality at low cost. In [96], Fattahi et al., proposed a new AHP-

based method for valuation of reactive power in restructured power systems. The 

effectiveness of the proposed method was verified using IEEE 9-bus system. More 

recent applications of AHP include allocation of demand curtailment amongst 

different distribution substations or feeders in an electric utility service area.  

In [97], Bian et al., proposed a human expert-based approach to electrical grid 

peak demand management. The proposed approach helps allocate demand 

curtailments among distribution substations or feeders in an electric utility service 

area based on requirements of the central load dispatch center. Results indicated 

that the proposed scheme handled different amounts of load curtailment effectively. 

In [98], Shao et al., developed a framework to mitigate grid stress due to electric 

vehicle penetration. The proposed DR scheme considered dynamic priorities of load 

based on consumer’s real-time needs. The indices proposed in this study can 

provide electric utilities a better estimate of customer acceptance of a DR program 

and the capability of a distribution circuit to accommodate EV penetration. These 
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works strengthen the application of AHP as a useful tool in allocating appropriate 

demand curtailment. 

2.12 Summary 

This section summarizes research conducted in relevant areas pertaining to the 

problem statement. Some of the key areas include building energy modeling, model 

predictive control, demand response, HVAC thermostat setpoint intervention, peak 

demand reduction, energy savings in buildings, demand charge reduction, and AHP. 

In this dissertation, peak demand reduction is affected via thermostat setpoint 

interventions in commercial buildings. Specifically, the grid peak is addressed using 

AHP for allocation of demand curtailment among participating commercial 

buildings. Benefits obtained due to resulting energy savings in each case are also 

quantified. 

Several recent studies include developing accurate building energy models in 

eQUEST with annual and monthly resolution. Across 12 months, the energy 

profiles of four residential archetype building models have resulted in an error less 

than 10% for annual energy consumption [21]. Additionally, a university building 

was modeled with real weather data using eQUEST 3.64 wherein the error for 

monthly electricity consumption ranged between 4.5-16% [20]. Whole building 

energy modeling can be classified into a) physics-based b) data-driven and c) hybrid 

approaches. Building energy modeling depends on a multitude of diverse 

parameters, some of which hold higher significance than the others. Efforts have 

been made to identify the most influential of these parameters by performing 

differential sensitivity analysis. By making intelligent assumptions and using 

precise modeling methods, a technique is developed that can construct highly 

accurate building energy models which serve as digital twins of commercial 

buildings.  

For applications involving energy efficiency in buildings, MPC seems a good 

candidate. Extensive studies discussing issues like uncertainty in MPC, selection of 

appropriate building energy models, multi-objective optimization of building 

energy performance, developing simplified models for efficient MPC control etc., 

have been conducted in recent times. Other recent studies have also been conducted 
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wherein MPC strategy has been used for peak demand reduction of building HVAC 

systems. It is shown that MPC successfully achieved peak demand reduction; the 

corresponding energy savings from the HVAC system were 73.2% higher 

compared to a flat control with HVAC system running from 5 AM to 5 PM [75]. 

Further, a spontaneous self-adjusting controller was developed using MPC and 

dynamic programming in [82]. This controller enables battery energy storage 

systems to work in conjunction with on-site solar PV systems. Using this controller 

reduced monthly peak demand by about 11%.  

While MPC-based techniques are widely used, they are computationally 

intensive and cumbersome. Hence, a high-fidelity physics-based modeling 

approach is chosen along this line of work. Developing commercial building models 

using real power consumption data enables us to gain insight into the internal 

working of the actual building and effectively integrate the buildings into a DR 

framework.  

Today, most of the DR schemes are price, incentive or coupon based. This means 

they either achieve demand reduction using a tiered price structure across the day 

or offer bulk incentives for appropriate HVAC cycling schemes. A multi-agent DR 

framework [53] was tested on a modified IEEE 69-bus system resulting in 69.3% 

load reduction. Another study designed a game theory-based DR framework with 

competition among utility companies modeled as a non-cooperative game and 

interaction among residential users as an evolutionary game [54]. Authors in [55] 

presented a hierarchical DR control scheme to optimize operations of a group of 

buildings. This scheme showed approximately 5-11% higher peak demand 

reduction and 1-5% more energy savings compared to conventional control. This 

gives an idea of how the overall DR framework pans out with multiple stakeholders 

dynamically interacting with each other in a transactive market.  

Authors in [71] report an annual average thermal peak shifting in the range of 25-

78% (from simulation results), due to time-of-day pricing. Studies pertaining to 

peak demand reduction include development of an adaptive monthly demand 

limiting strategy resulting in a reduction of 13% [90]. Moreover, increasing HVAC 

thermostat setpoint temperature and temperature dead band during the summer 

months resulted in 25% peak reduction for 1℃ and 66% for 2℃ increment in 
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HVAC thermostat setpoint temperatures. Findings also suggest an aggregate 

potential peak demand reduction of around 4-9% at a cluster level [91]. 

Furthermore, another study showed that adding battery dispatch strategy to HVAC 

thermostat setpoint interventions resulted in 26% peak demand reduction, while 

keeping the operational cost of the system and thermal comfort of the occupants in 

perspective [92].  

Energy savings obtained by enforcing various code sections of ASHRAE 

Standard 90.1-2016 ranged between 1.4-21.2% with a national average of 7.9%, 

across a diverse set of commercial buildings spread across the United States [83]. 

In addition, energy savings between 8.6-22.9% was observed using an ON/OFF 

HVAC control strategy [86].  

Traditionally, AHP has been widely used for multi-criteria decision making. 

Recently, some researchers have used AHP for allocation of peak demand 

curtailment and designing load reduction schemes in the electric power industry 

[97]-[98]. Using AHP in this context has the double benefit of performing analysis 

in an agnostic fashion by considering building attributes like floor area, HVAC-to-

building-peak-load%, orientation, number of floors, HVAC type, etc., as well as 

incorporating inputs of several stakeholders like building operators and utility 

companies into a holistic decision-making framework. These are the themes 

explored in this dissertation. 

In this dissertation, we propose to apply AHP for allocation of demand 

curtailment among different commercial buildings and aim to reduce the building 

thermal load subject to indoor temperature constraints.  The implications of 

overlaying the electric power network with a price signal, with a specific emphasis 

placed on comfort-to-price sensitivity can also be studied. This work evaluates the 

potential of peak demand reduction possible in the electric power network under 

different conditions, with a given number of commercial buildings connected to the 

network.  This research lays the foundation for an active participation of 

commercial buildings in a transactive energy grid, by considering thermal load 

curtailment as an energy trading factor. Further details regarding development of 

state-of-the-art building energy models are presented in Chapter 3. 
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3. BUILDING ENERGY MODELING: High Fidelity Models 

vs Reduced Order Models 

3.1 Introduction 

This chapter introduces several details that are helpful in developing accurate 

building energy models. Additionally, it also suggests how to mass-scale the 

development of accurate building energy models as well as the AHP-based peak 

demand curtailment scheme proposed in Chapter 5. 

3.2 Modeling Commercial Buildings in eQUEST 

To understand the impact of thermostat setpoint interventions, this study uses an 

equivalent building energy model of the Virginia Tech - Alexandria campus 

building:  the VT SPIA building. This section discusses the dataset gathered 

regarding the building and the relevant assumptions made. It also describes the 

building model development process, calibration, and validation of the developed 

model. 

The building energy models developed in this dissertation are quasi-static in 

nature with an hourly resolution, which means that they are in thermal equilibrium 

at all times and hence the indoor temperature changes very slowly. These models 

are computationally efficient and therefore effective in making predictions about 

the system behavior. Hence, they find good use in applications requiring planning 

and control.  

The VT SPIA building is located on 1021 Prince Street, Alexandria, VA, USA, 

as shown in Fig. 4. The corresponding details are given in Table I. This is a three-

story medium-sized commercial office building with an area of 25,000 ft2 and peak 

load demand of 72.1 kW. This building has brick and glass type fenestration and 

was constructed in 1981. 
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(a). Front view of the building 

 

(b). Side view of the building              

Fig. 4. Virginia Tech School of Public and International Affairs building, 1021 Prince St, 

Alexandria, VA 
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Figs. 4(a) and 4(b) show the front and side view of this building, respectively. 

Major electrical loads in the building include HVAC, lighting and plug loads 

(equipment). For this study, information regarding aggregate power consumption is 

obtained from the smart meter data (30-minute resolution). 

This section discusses the dataset gathered from the VT SPIA building and the 

relevant assumptions made in developing its building energy model using eQUEST 

3.65. The procedure for development, calibration and validation of the building 

model is also elaborated upon. The overall modeling procedure is illustrated in the 

block diagram shown in Fig. 5.  

 

Fig. 5. Block diagram of modeling procedure using eQUEST 

Weather information, input data, and building codes/standards (ASHRAE 

thermal standards, leadership in energy and environmental design (LEED) 

standards etc.,) are given as inputs to eQUEST 3.65.  eQUEST uses a weighting 

factor method wherein it assigns appropriate weights among different parameters, 

to arrive at an accurate building energy model in a relatively short time span. 

Resulting output is then calibrated against data measured by the smart meter 

installed in the building. The calibrated building energy model is now used to model 

the building for the rest of the season. The output of the calibrated model (hourly 

building energy demand) is validated against measured data from the smart meter 
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that was installed in the building. The description of building’s dataset and relevant 

model assumptions are presented in section 3.2.1 

3.2.1 Dataset Description and Model Assumptions 

Summarized in TABLE I is the data on the VT SPIA building’s physical and 

operational characteristics from a field survey. It presents details regarding 

orientation, size, construction material, nature of operation, load composition, and 

operating schedule. Additionally, this work also relies on the electrical power 

consumption data from smart meters to derive critical parameters that could not be 

obtained from the survey, such as load densities, HVAC capacity and fan schedules.  

TABLE I. DETAILS OF MEDIUM SIZED OFFICE BUILDING 

Attribute Quantity Units 

General Information 

Building Type Academic (labs & offices) 

Area 25,000 sq. ft. 

Year of construction 1981 - 

No. of floors 3 - 

Building orientation South - 

Operating timings 8 AM - 6 PM (Weekends-Closed) 

HVAC system type Split AC units and gas-fired boilers 

Fenestration details 

Walls Brick - 

Windows Glass - 

Doors Glass - 

 

In addition to collected data, some assumptions made in building model 

development, include:   

Weather data: Alexandria, VA weather data obtained from Weather 

Underground [99] is used as a reference for constructing the building energy model 

in eQUEST. The weather data includes hourly information of dry bulb temperature 

[℉], wet bulb temperature [℉], relative humidity [%], dew point temperature [℉], 

global solar radiation [BTU/ft2] and wind speed [mph].  
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Building construction: eQUEST requires information about building footprint, 

building layout, construction materials, as well as distribution/types of doors and 

windows. In addition to the data in TABLE I, additional assumptions are made 

regarding building fenestration and envelope details. It is typically assumed that the 

walls are R-19 batt, 2 x 6 metal frame spaced on 24-inch centers, of red masonry 

brick construction, with a ¾-inch fiberboard sheathing (R-2) exterior insulation. The 

building has roofing with 3” polyurethane insulation (R-18). The concrete slab 

clearance is 12 ft. with a floor-to-ceiling clearing space of 9 ft. Walls consist of metal 

frames with exterior insulation and double glass windows. The assumptions in this 

category comply with IBC 2015 and ASHRAE standard 90.1 – 2016. 

In terms of electrical loads, commercial building loads can be primarily classified 

into three categories – lighting, plug load and HVAC load. The assumptions made 

regarding these loads are as follows: 

HVAC system information: Each floor of the building is served by a packaged 

multi-zone HVAC system. These HVAC units are of direct expansion (DX) coil type 

for cooling with dual duct fans, and of gas furnace type for heating. Electrical fans 

inside the system are driven by a variable speed drive. Determination of HVAC 

sizes, and fan operation hours of each building is conducted in a model development 

phase and is discussed in section 3.2.2. Economizers are absent in the building. The 

HVAC system is configured as per ASHRAE Standard 62.1 – 2016 for ventilation 

[11] and ASHRAE Standard 55 for thermal environmental conditions [13]. 

Building load densities: Other major loads in buildings are lighting and plug 

loads such as office equipment, refrigerators, coffee makers, beverage vending 

machines, etc. The determination of their power densities is also conducted in the 

model development phase and is discussed in section 3.2.2. 

Seasonal variation in load schedules: By observing the measured power 

consumption profiles of the building for one-year, appropriate seasonal breakpoints 

are derived and given as inputs to the eQUEST model. 

Occupancy Information: Occupancy in a building varies based on the nature of 

activity. Typical occupancy is assumed based on the footprint of the building subject 
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to IBC 2018 [10] and ASHRAE Standard 62.1-2016 [11] and ASHRAE Thermal 

Standard 55-2013 [13]. 

After considering these initial assumptions listed above, a model of the VT SPIA 

building is developed using eQUEST 3.65. The procedure for model development, 

calibration and validation is described in sections 3.2.2, 3.4 and 3.5 respectively 

3.2.2 Building Model Development 

The VT SPIA building consists of labs and offices and hence is modeled as an 

open plan office. To develop building energy models, details regarding building 

layout and construction, load densities, seasonal variation in load schedules and 

occupancy information are given as inputs to eQUEST. 

Then seasons (seasonal breakpoints) are defined, based on power consumption 

profiles of the buildings. While some buildings demonstrate two discreet seasonal 

patterns, i.e., Summer and Winter, most buildings also show distinct consumption 

patterns during shoulder seasons (Autumn and Spring).  

The HVAC system is then configured, with details such as cooling/heating 

sources, system type, number of systems per floor, and setpoint temperatures for 

each season, during occupied and unoccupied periods. This also includes cooling 

and heating design temperatures and air flows.  Each floor has a packaged multi zone 

HVAC system with DX coils and gas furnace to address the cooling and heating 

requirements. The HVAC system has a total cooling capacity of 63 tons and an 

energy efficiency ratio (EER) of 8.2. Return air path is ducted. Variable speed drive 

fans with a flow safety factor of 1.15 are present to modulate the HVAC power 

consumption. The assumptions regarding initial set-points, design temperatures and 

air flows are made according to ASHRAE standard 55 [13] which indicates typical 

HVAC thermostat set-point temperatures in commercial buildings to be between 68-

72°F. A mid-range value of 70°F is assumed for the HVAC cooling set-point 

temperature. Initial fan schedules are set based on the gathered building operation 

schedules given in TABLE I.  

Initial load densities used in the model comply with ASHRAE standard 90.1 – 

2016 [12], which indicates a lighting density ranging between 0.6 – 2.03 W/sq.ft., 
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and a typical plug load density between 0.2 – 2.8 W/sq.ft., based on the nature of 

activity in commercial buildings.  Considering these ranges, a lighting load density 

of 1.1 W/sq.ft., plug load and computer server load densities of 2.4 W/sq.ft. and 2.8 

W/sq.ft. respectively, are assumed. 

3.3 The Developed eQUEST Building Model  

By identifying the assumptions made regarding HVAC capacity and lighting, plug 

load and servers load densities mentioned in section 3.2.2, an eQUEST model of the 

VT SPIA building has been developed. The building operates between 8AM and 

6PM from Monday to Friday and is closed on the weekends. Fig. 6 (a) shows the 

building’s floor plan, and Fig. 6 (b) shows the 3D model of the VT SPIA building 

being developed by using eQUEST. 

 

(a). Building floor plan outline 
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  (b). 3D model developed in eQUEST 

Fig. 6. Model of the three-story Virginia Tech School of Public and International Affairs 

building 

This building has an east facing door, as can be seen in the building floor plan in 

Fig. 6 (a). The primary loads in the VT SPIA building during the summer are 

lighting, plug load, and HVAC cooling load. The HVAC settings for VT SPIA 

building are as follows: 

● The HVAC system runs from 6:00 A.M. to 9:00 P.M. 

● Fans operate 2 hours before the building opens and 3 hours after closing time. 

There is no night cycling for fans. 

● The minimum design airflow is 0.5 cfm/sq.ft. 

● Supply and cooling design temperatures are 55oF and 68oF respectively. 

● Cooling set point is maintained at 70oF during the occupied period and at 82oF 

for the rest of the day.  
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Other loads such as coffee maker, refrigerator, domestic water heater etc. are 

grouped into ‘miscellaneous load’. Therefore, the total load demand in the building 

at any time instant ‘t’ can be expressed using equation set A: 

Equation set A: 

𝑃𝑡𝑜𝑡𝑎𝑙          =  𝑃𝑙𝑖𝑔ℎ𝑡𝑖𝑛𝑔 + 𝑃𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑 + 𝑃𝑚𝑖𝑠𝑐 + 𝑃𝐻𝑉𝐴𝐶  

𝑃𝑙𝑖𝑔ℎ𝑡𝑖𝑛𝑔     =  𝐿 ∗ 𝐴 

𝑃𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑  =  𝑃 ∗ 𝐴 

𝑃𝑚𝑖𝑠𝑐         =  𝛴 𝑃𝑚  

where,  

𝑃𝑡𝑜𝑡𝑎𝑙  : total building energy demand  kW 

𝑃𝑙𝑖𝑔ℎ𝑡𝑖𝑛𝑔  : lighting load demand  kW 

𝑃𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑 : plug load demand  kW 

𝑃𝑚𝑖𝑠𝑐 : total energy demand due to all miscellaneous equipment  kW 

𝐿 : lighting load density  W/ft2 

𝑃 : plug load density W/ft2 

𝐴 : occupied area of the building  ft2 

𝑃𝑚 : individual miscellaneous appliance energy demand   kW 

 

The calculation of cooling load demand (𝑃𝐻𝑉𝐴𝐶 )is a bit more involved. Section 

3.3.1 presents a summary of HVAC system modeling and gives specific details 

regarding treatment of HVAC system modeling in eQUEST. Note that the unit 

conversion between Btu/hr and kW is shown in equation (1).  

𝑃𝐻𝑉𝐴𝐶(𝐵𝑡𝑢/ℎ𝑟) =  3412.142 ∗  𝑃𝐻𝑉𝐴𝐶 (𝑘𝑊)       (1) 



 

41 
 

3.3.1 HVAC Model Equations 

In this section, 𝑃𝐻𝑉𝐴𝐶(𝐵𝑡𝑢/ℎ𝑟) is represented as 𝑄𝑡 (total cooling load) in Equation 

set B. This equation set gives details regarding HVAC cooling load: 

 

Equation set B: 

𝑄𝑡                            =  𝑄𝑒𝑥𝑡 + 𝑄𝑖𝑛𝑡 + 𝑄𝑜𝑢𝑡𝑠𝑖𝑑𝑒 𝑎𝑖𝑟 

𝑄𝑒𝑥𝑡                        =  𝑄𝑒𝑥𝑡 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 + 𝑄𝑠𝑜𝑙𝑎𝑟 

𝑄𝑖𝑛𝑡                         =  𝑄𝑙𝑖𝑔ℎ𝑡𝑠 + 𝑄𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠 + 𝑄𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑 + 𝑄𝑖𝑛𝑡 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 

𝑄𝑜𝑢𝑡𝑠𝑖𝑑𝑒 𝑎𝑖𝑟            =  𝑄𝑠𝑒𝑛𝑠𝑖𝑏𝑙𝑒  + 𝑄𝑙𝑎𝑡𝑒𝑛𝑡 

𝑄𝑒𝑥𝑡 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛   =  𝑈1𝐴1 ∗ (𝑠𝑎 ∗ 𝛥𝑡) + 𝑈2𝐴2 ∗ (𝛥𝑡) 

𝑄𝑖𝑛𝑡 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛   =  𝑈3𝐴3 ∗ (𝛥𝑡) 

𝑄𝑠𝑜𝑙𝑎𝑟                     =  𝑆𝐻𝐺𝐹 ∗ (𝑆𝐹) ∗ 𝐴4  

𝑄𝑠𝑒𝑛𝑠𝑖𝑏𝑙𝑒                =  1.08 ∗ (𝛥𝑡) ∗ 𝐶𝐹𝑀 

𝑄𝑙𝑎𝑡𝑒𝑛𝑡                   =   0.68 ∗ (𝑀𝑜 − 𝑀𝑖) ∗ 𝐶𝐹𝑀 

𝛥𝑡                      =  𝑡𝑜 − 𝑡𝑖       

 

where, 

𝑄𝑡 : total simultaneous cooling load  Btu/hr 

𝑄𝑒𝑥𝑡 : external heat gains  Btu/hr 

𝑄𝑖𝑛𝑡 : internal heat gains  Btu/hr 

𝑄𝑜𝑢𝑡𝑠𝑖𝑑𝑒 𝑎𝑖𝑟 : heat load due to outdoor temperature differential  Btu/hr 

𝑄𝑠𝑒𝑛𝑠𝑖𝑏𝑙𝑒  : sensible heat load  Btu/hr 
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𝑄𝑙𝑎𝑡𝑒𝑛𝑡  : latent heat load  Btu/hr 

𝑄𝑠𝑜𝑙𝑎𝑟  : load due to solar heat gain   Btu/hr 

𝑄𝑒𝑥𝑡 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛 : heat transmission load from building envelope  Btu/hr 

𝑄𝑖𝑛𝑡 𝑡𝑟𝑎𝑛𝑠𝑚𝑖𝑠𝑠𝑖𝑜𝑛  : heat transmission load from floors and ceilings  Btu/hr 

𝑄𝑙𝑖𝑔ℎ𝑡𝑠  : heat load due to lights  Btu/hr 

Q𝑜𝑐𝑐𝑢𝑝𝑎𝑛𝑡𝑠 : heat load due to occupants  Btu/hr 

𝑄𝑝𝑙𝑢𝑔 𝑙𝑜𝑎𝑑 : heat load due to plug load  Btu/hr 

CFM : air flow rate  cfm 

 𝑡𝑜 : outside air design dry bulb temperature   ℉ 

 𝑡𝑖 : inside air design dry bulb temperature  ℉ 

 𝑀𝑜 : outside moisture content at design wet bulb temperature  g/lb 

 𝑀𝑖 : inside moisture content at design relative humidity  g/lb 

        sa : solar air equivalent temperature differential  - 

SHGF : solar heat gain factor  Btu/(hr.ft2) 

        SF : shading factor coefficient  - 

𝑈1 : heat transfer coefficient of the window glass  Btu/ (hr.ft2. ℉) 

𝑈2 : heat transfer coefficient of the walls  Btu/ (hr.ft2. ℉) 

𝑈3 : heat transfer coefficient of the ceilings  Btu/ (hr.ft2. ℉) 

𝐴1 : area of the windows  ft2 

𝐴2 : area of the building envelope walls  ft2 

𝐴3 : area of the ceilings  ft2 

 

In eQUEST, design cooling capacity is estimated based on design cooling 

setpoint, design day outdoor temperature, and solar radiation. The HVAC system 
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performance curves in eQUEST are constructed based on assumptions and empirical 

data and can be configured by choosing user-specific coefficients to perform 

polynomial curve fits. In this dissertation, two types of HVAC systems are used - 

DX coils for buildings with a footprint less than 100,000 ft2 and CHW cooling 

system for buildings with area larger than 100,000 ft2. These HVAC models use the 

coil bypass factor (CBF) modeling method and several performance curves to 

estimate the relationship between the temperature of air/water leaving the HVAC 

system and the outdoor air wet bulb temperature. CBF is a function of physical and 

operational parameters of the coil. It is expressed as a product of design value and 

two modifier functions, which can be calculated from manufacturers’ data. CBF 

method characterizes the air leaving the coil as being composed of two major streams 

according to whether the air is cooled by the coil or not. CBF is calculated under the 

assumption that temperature of the air stream conditioned by the coil is at the 

apparatus dew point temperature [100]. HVAC model in eQUEST can be 

summarized using the following three polynomial curves [101], given in equation 

set C: 

● CAPFT curve — represents available full load capacity as a function of 

evaporator and condenser temperatures (bi-quadratic in temperature (T)) 

● EIRFT curve — represents full-load efficiency (1/COP) as a function of 

evaporator and condenser temperatures (bi-quadratic in temperature (T)) 

● EIRFPLR curve — represents efficiency as a function of percentage loading 

(cubic in part load ratio (PLR)) 

Equation set C: 

𝐶𝐴𝑃𝐹𝑇              =  𝑎1 + 𝑏1 ∗ 𝑇1 + 𝑐1 ∗ 𝑇1
2 + 𝑑1 ∗ 𝑇2 + 𝑒1 ∗ 𝑇2

2 + 𝑓1 ∗ 𝑇1 ∗ 𝑇2 

𝐸𝐼𝑅𝐹𝑇              =  𝑎2 + 𝑏2 ∗ 𝑇1 + 𝑐2 ∗ 𝑇1
2 + 𝑑2 ∗ 𝑇2 + 𝑒2 ∗ 𝑇2

2 + 𝑓2 ∗ 𝑇1 ∗ 𝑇2 

𝑄𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒(𝑇1,𝑇2)
      =  𝐶𝐴𝑃𝐹𝑇 ∗ 𝑄𝑟𝑎𝑡𝑒𝑑 

𝑃𝐿𝑅                         =  𝑄𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔/𝑄𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒(𝑇1,𝑇2)
 

 𝑄𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔             = ṁ𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 ∗ 𝐶𝑝 ∗ 𝛥𝑇 
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𝐸𝐼𝑅𝐹𝑃𝐿𝑅              = 𝑎3 + 𝑏3 ∗ 𝑃𝐿𝑅 + 𝑐3 ∗ 𝑃𝐿𝑅2  + 𝑑3 ∗ 𝑃𝐿𝑅3 

𝑃𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔               =  𝑃𝑟𝑎𝑡𝑒𝑑 ∗ 𝐸𝐼𝑅𝐹𝑃𝐿𝑅 ∗ 𝐸𝐼𝑅𝐹𝑇 ∗ 𝐶𝐴𝑃𝐹𝑇 ;    

where,  

Term DX coils || CHW system  Units 

𝑇1  𝑇𝑤𝑏 ||   𝑇𝑐ℎ𝑤𝑠  ℉ 

𝑇2  𝑇𝑜𝑑𝑏 ||   𝑇𝑐𝑤𝑠  ℉ 

𝐶𝐴𝑃𝐹𝑇 : cooling capacity as a function of temperatures (𝑇1, 𝑇2)        - 

𝐸𝐼𝑅𝐹𝑇   : cooling efficiency as a function of temperatures (𝑇1, 𝑇2) -  

𝐸𝐼𝑅𝐹𝑃𝐿𝑅 : cooling efficiency as a function of part load ratio -  

𝑃𝐿𝑅  : part load ratio -  

𝑄𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔  : present load on condenser/chiller  Btu/h 

𝑄
𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒(𝑇1,𝑇2)

 
: available capacity at present evaporator and condenser 

conditions 
 Btu/h 

𝑄𝑟𝑎𝑡𝑒𝑑  : rated capacity at AHRI conditions  Btu/h 

𝐶𝑝 : specific heat of air/water  J/kgK 

ṁ𝑎𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒  : available mass flow rate  kg/s 

𝛥𝑇 :𝑇1 − 𝑇2  ℉ 

𝑃𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑛𝑔  : power drawn at specified operating conditions  kW 

𝑃𝑟𝑎𝑡𝑒𝑑 : rated power drawn at AHRI conditions  kW 

AHRI : air-conditioning, heating, and refrigeration institute -  
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The CAPFT curve describes how the cooling capacity of the system varies at 

different inlet temperatures, when compared to cooling capacity at reference 

conditions, which is normally 44°F and 85°F. The EIRFT curve describes how the 

full load efficiency (power consumption in kW per ton of cooling) varies with inlet 

and outlet temperatures; EIRFPLR curve describes how the power consumption 

varies as a function of part load ratio [102]. Note, that for variable-speed chillers, 

part-load cooling efficiency curve is a function of both part-load ratio and leaving 

condenser water temperature. This curve may take the form of EIR-FPLR, which is 

the fraction of time the unit must run to meet the part-load for that hour. For example, 

at 40% of full load, the equipment might need to run 50% of the hour (for cycling 

losses). Note that for small, packaged equipment with SEER ratings (<65,000 

Btu/h), the part-load efficiency curve is set to no degradation, since the part-load 

degradation is built into the DX cooling efficiency temperature adjustment curve. 

PLR is based on available capacity, not rated capacity. The coefficients for these 

curves are calculated using the standard least squares linear regression technique 

[103].  

3.3.1.1 HVAC System Types: DX Coils and CHW System Models 

While both DX coils and CHW broadly operate based on the set of equations listed 

in section 3.3.1, the corresponding set of equations for DX coils and CHW cooling 

system with specific adjustments are presented in sections 3.3.1.1 and section 3.3.1.2 

respectively.  

3.3.1.1.1 DX Cooling Coils (PSZ-AC) 

As shown in section 3.3.1, in a DX cooling system, 𝑇1 corresponds to 𝑇𝑤𝑏 and 𝑇2 

corresponds to 𝑇𝑜𝑑𝑏, where, 

𝑇𝑤𝑏 : entering coil wet-bulb temperature  ℉ 

𝑇𝑜𝑑𝑏 : outside-air dry-bulb temperature  ℉ 

Note: if an air-cooled unit employs an evaporative condenser, 𝑇𝑜𝑑𝑏 is the effective dry-bulb 

temperature of the air leaving the evaporative cooling unit. A constant volume fan control 

method is used in this type of HVAC system. 
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3.3.1.1.2. CHW Cooling System 

Similarly, from section 3.3.1 we gather that for a CHW cooling system, 𝑇1 

corresponds to 𝑇𝑐ℎ𝑤𝑠 and 𝑇2 corresponds to 𝑇𝑐𝑤𝑠, where, 

𝑇𝑐ℎ𝑤𝑠 : chilled water supply temperature  ℉ 

𝑇𝑐𝑤𝑠 : condenser water supply temperature  ℉ 

3.3.1.2 Coefficients of eQUEST Default Performance Curves 

This section presents the coefficients of default performance curves used by 

eQUEST, to model packaged single zone and chilled water HVAC systems. 

TABLE II lists the default coefficients of CAPFT, EIRFT and EIRFPLR curves for 

DX and CHW type cooling systems [104]. 

TABLE II COEFFICIENTS FOR DEFAULT PERFORMANCE CURVES IN EQUEST 

Coefficient 

Air Cooled Direct Expansion (PSZ-AC) Chilled Water Coils (CHW) 

CAPFT EIRFT EIRFPLR CAPFT EIRFT EIRFPLR 

a 0.8740302 -1.0639310 0.2012301 2.5882585 -1.8394760 0.2012301 

b -0.0011416 0.0306584 -0.0312175 -0.2305879 0.0751363 -0.0312175 

c 0.0001711 -0.0001269 1.9504979 0.0038359 -0.0005686 1.9504979 

d -0.0029570 0.0154213 -1.1205105 0.1025812 0.0047090 -1.1205105 

e 0.0000102 0.0000497 -  0.0005984 0.0000901 -  

f -0.0000592 -0.0002096 -  -0.0028721 -0.0001218 -  

 

Once the initial building model is developed as per details given in TABLE I, 

aforementioned standards, and approximated performance curves (listed in TABLE 

II), output of the model is compared with building power consumption profile for 

one week (See Fig. 7).  The model is calibrated manually using techniques discussed 
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in [34], [36] and [37]. The model calibration procedure used in this work is further 

explained in section 3.4. 

3.4 Model Calibration Procedure 

Some of the best practices in model calibration procedure include partitioning the 

load profile into categories with similar load patterns and employing a hierarchical 

calibration method by identifying the most influential input parameters. In this work, 

the eQUEST model has been calibrated manually by taking an intelligent decision-

making approach to estimate the required tuning parameters. The procedure for the 

required parameter estimation is explained below. In the future, machine learning 

techniques can be used to make the model calibration procedure automatic.   

 

Parameter Estimation: 

As the first step in estimating the load densities of lighting and plug loads in the 

building, the study examines the power consumption of the building during winter.  

This helps estimate the load densities accurately since the HVAC load is absent. This 

winter power consumption is further divided into operating hours and non-operating 

hours, based on the building’s operation. During non-operating hours, the lighting 

load is typically turned off. Hence, dividing power consumption (kW) during non-

operational hours by building footprint gives the corresponding plug load density 

(W/sq.ft.).  In this study, it is assumed that all loads other than lighting, such as office 

equipment, refrigerators, coffee makers, beverage vending machines, hot water 

heater, etc., are lumped together as plug load in the developed eQUEST model. The 

perennial constant baseload when present, is modeled as computer server load with 

appropriate load density in W/sq.ft. 

After determining plug load density, lighting load density (W/sq.ft.) is derived by 

subtracting plug load power consumption from total building power consumption, 

during building operational hours and dividing the resulting difference by building 

footprint. Although these loads are temperature independent, there may be a need to 

adjust them across seasons due to varied usage patterns.  

The other major load in buildings is attributed to HVAC, which is fully operational 

during the summer season. Hence, subtracting lighting and plug load (determined 
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earlier) from peak power consumption during the operational period in Summer 

reflects HVAC cooling load information. 

Occupancy based hourly operating schedules of various loads on a typical 

weekday, is shown in Fig. 7. 

 

Fig. 7. Hourly schedule of occupants, lights, and equipment in the building 

Occupancy details and schedules for lighting and equipment are provided as a 

number between 0 and 1. For example, a value of 0.5 means that during that hour, 

the power consumption of equipment is half of the maximum capacity. The 

maximum design occupancy in the building is 100 sq.ft. per person.  

Information regarding the exterior climate of the building, viz. outdoor (dry bulb) 

temperature and relative humidity is obtained from Weather Underground [99], a 

third-party weather service provider.  

Output of the eQUEST office building model is calibrated against measured smart 

meter data for a typical summer weekday. After these adjustments are made, any 

further patterns capturing day-to-day characteristics of building operations, are 

incorporated into the model. This reduced the error of the building model from 22.1 

to 4.8% for the calibrated week. The calibrated building load profile for one-week 
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(June 12-16, 2017) is shown in Fig. 8. This illustrates that simulated hourly load 

closely follows actual load with an average error of less than 5%.  

 

Fig. 8. Actual and simulated hourly building load (kW) for a week 

The graph in blue shows the actual load and the graph in red shows simulated load 

in kW for five weekdays. This calibrated building model is further used to validate 

the eQUEST model for the rest of the summer season. A similar procedure is 

followed for winter and the calibrated model is thus used for validation as described 

in section 3.5.  

3.5 Model Validation  

The calibrated VT SPIA building energy model is now validated using hourly 

averaged energy demand data obtained from the smart meter. A comparison between 

monthly electrical energy consumption of the simulated building and metered data 

for the summer months, is illustrated in Fig. 9.  
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Fig. 9. Actual and simulated monthly building electricity consumption (MWh) 

The blue bars in Fig. 9 represent actual energy consumption and the red bars 

represent simulated energy consumption for twelve months. Y-axis represents the 

monthly energy consumption (in MWh) and x-axis represents months of the year. 

This justifies the VT-SPIA building energy model developed in eQUEST. The 

corresponding monthly energy consumption of the building is shown in Table III. 

TABLE III MONTHLY ENERGY CONSUMPTION OF THE BUILDING DURING 

SUMMER MONTHS 

Month 
Actual Energy 

Consumption (MWh) 

Simulated Energy 

Consumption (MWh) 

Error (%) 

 

June 21.41 22.32 4.3 

July 23.65 24.26 2.6 

August 26.66 25.05 6.0 

September 23.27 22.11 5.0 

 

MAPE is used as a metric to evaluate the accuracy of building load models, and 

is calculated as given in equation (2) 

𝑀𝐴𝑃𝐸 % =
𝐴𝑐𝑡𝑢𝑎𝑙 𝑙𝑜𝑎𝑑 − 𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝑙𝑜𝑎𝑑

𝐴𝑐𝑡𝑢𝑎𝑙 𝑙𝑜𝑎𝑑
∗ 100             (2) 
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𝐴𝑐𝑡𝑢𝑎𝑙 𝑙𝑜𝑎𝑑         : Smart meter power data (kW) 

𝑆𝑖𝑚𝑢𝑙𝑎𝑡𝑒𝑑 𝑙𝑜𝑎𝑑  : Output of the eQUEST model (kW) 

As shown, the simulated monthly electricity consumption closely fits the actual 

consumption with an average monthly error of 4.5%. Fig. 10 depicts the detailed 

hourly validation during the 12-month period. It demonstrates that the hourly load 

pattern can be modeled satisfactorily, and the developed building load model is able 

to respond to seasonal variation in outdoor temperature. 

 

Fig. 10. Actual and simulated hourly building load (kW) from June 1, 2017 to September 30, 2017 

The graph in blue represents actual load and the graph in red represents simulated 

load in kW. The y-axis represents the building load (in kW) and x-axis represents 

time (hrs). The analysis is performed over summer weekdays (June - September). 

There are 86 weekdays in total, accounting for approximately 17 weeks.  

The close match between monthly, daily, and hourly consumption patterns 

between actual and simulated power consumption validates underlying assumptions 

and demonstrates that the eQUEST building model is reasonably accurate and 

reflects actual operating characteristics in the building effectively, thereby validating 

the model.   The validation results indicate that average hourly error percentage 
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during summer is close to 7%. TABLE IV summarizes minimum, maximum, and 

mean values of error percentages for the VT SPIA building across 2064 hours of 

Summer (June – September).  

TABLE IV MODELED BUILDING LOAD ERROR 

Attribute Value  

Min error % 0.0 

Max error % 37.9 

MAPE % 6.7 

Standard deviation (𝜎) 13.1 

CV(RMSE) % 1.96 

 

The values of standard deviation and CV(RMSE) shown in TABLE IV, indicate a 

high precision in modeling which enable these high-fidelity building energy models 

to serve as digital twins of the actual commercial buildings. To test the robustness 

of the modeling procedure, a parametric analysis of HVAC thermostat setpoint is 

presented in section 3.6. 

3.6 Sensitivity Analysis – Thermostat Setpoint Temperature 

For an initial HVAC thermostat setpoint temperature, a typical value of 70℉ has 

been assumed. The MAPE% of eQUEST model with respect to different initial 

thermostat setpoint temperatures is summarized in TABLE V.  

TABLE V ACCURACY OF THE BUILDING LOAD MODEL W.R.T. INITIAL HVAC 

THERMOSTAT SETPOINT TEMPERATURE 

HVAC Setpoint Temperature (oF) 68 69 70 71 72 

MAPE % 6.2 5.1 6.7 6.6 6.8 
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There is an increasing trend in average error percentages corresponding to initial 

thermostat setpoint temperatures due to the difference in number of HVAC 

operational hours accounted by the simulated model vis-à-vis actual data. For 

example, when the thermostat setpoint temperature in the simulated building model 

is higher than that in the actual building, the HVAC system in the simulation model 

is inoperative, but in reality, it is operational.  

TABLE V also suggests that a change in initial thermostat setpoint temperature 

assumption results in modest variation in accuracy of the building energy model. 

This establishes robustness of the developed model, hence validating the discussed 

methodology. While the devised modeling methodology produced robust and 

accurate building energy models, further investigation is required to identify which 

parameters have higher influence in making the building energy models accurate and 

robust without compromising integrity. This topic is further investigated in section 

3.7. 

3.7 Reduced Order Building Energy Model - Minimal Dataset Model for Optimal 

Accuracy 

The development of a high-fidelity building energy model requires several input 

parameters which might be difficult to procure in a day-to-day field environment. 

This necessity of several input parameters presents challenges in mass-scaling. 

Therefore, efforts have been made to identify a minimal set of accurately specified 

input data to develop reasonably accurate building energy models with a modest 

amount of effort [22].  

Authors in [22] identified minimum input datasets for four buildings out of several 

parameters required to define the building envelope. Among the identified 

parameters, the U-value of walls and glass, window-to-wall ratio, solar heat gain 

coefficient, domestic hot water usage, cooling setpoint temperature, efficiency of the 

HVAC system, and air changes per hour proved to be the most influential.  In this 

work, we focus on identifying further influential parameters that affect accurate 

modeling of the HVAC system. A simulation-based approach is taken, and the 

optimal solution is found through multiple iterations, given the set (and range) of 

valid assumptions. 
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 eQUEST, has been used to develop the initial high fidelity commercial building 

energy models, given the rich set of input data. The level of input data detail given 

to the building model in eQUEST is now varied to identify the most influential 

parameters affecting the overall accuracy. Differential sensitivity analysis is chosen 

as the method of parametric analysis and a useful minimal input dataset is 

constructed using parameters that have the most influence on accuracy of the 

developed building energy models; Table VI presents details of the parametric 

analysis with respect to various HVAC and building input variables. The parameters 

are listed in the order of decreasing importance. 

TABLE VI INFLUENTIAL HVAC AND BUILDING PARAMETERS 

S. No. Parameter Unit Type 

1 HVAC thermostat setpoint ℉ HVAC 

2 Air changes per hour (ACH) CFM/person HVAC 

3 Uglass, Uwall, Uroof W/ (ft2 ℉) Building 

4 Window-to-wall ratio -  Building 

5 Solar Heat Gain Factor -  Building 

6 Domestic hot water usage lit/ft2 Building 

7 Energy Efficiency Ratio (EER) -  HVAC 

8 Orientation -  Building 

9 Plug load density W/ft2 Building 

10 Roof – Absorptance/emissivity -  Building 

 

Results show that the monthly energy demand values match well and the hourly 

energy demand values over the summer period for the simplified energy model are 

6% over the actual calibrated model. 
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Further, to study the impact of HVAC thermostat setpoint interventions, high 

fidelity commercial building energy models are developed by using the methodology 

presented in sections 3.2-3.5.  

3.8 Commercial Building Portfolio - Description of eQUEST Building Energy 

Models  

A portfolio of diverse commercial buildings is constructed from US-DOE’s 

commercial buildings list [105] and are developed in conformity with ASHRAE 90.1 

and ASHRAE 55 standards. The buildings are also LEED new construction 

compliant. This building portfolio is used in conducting case studies in Chapter 4 (to 

assess the impact of HVAC thermostat setpoint interventions) and Chapter 5 (to 

evaluate the proposed AHP-based demand curtailment tool). 

These buildings are located in Blacksburg, VA (ASHRAE climate zone 4A: mild, 

humid). Typical meteorological year (TMY2) weather data file for Roanoke, VA is 

used for building model development. These high-fidelity commercial building 

energy models developed using the proposed modeling technique are accurate and 

hence can help reverse estimate the necessary set point intervention for a given 

amount of demand reduction.  

The key attributes of the selected commercial buildings portfolio used in this 

chapter are given in Table VII; the chosen buildings are of different sizes, 

orientation, nature of activity and fenestration, hence reflecting a scenario close to 

reality.  
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TABLE VII INPUT DATASET DESCRIPTION – OVERALL BUILDINGS PORTFOLIO 

Building   

Type 

Area   

(ft2) 

No. of   

Floors  

Timings Peak   

Load   

(kW) 

HVAC-to  

peak load   

ratio (%) 

High-rise Office  250,000  8  8AM-5PM  1773.5  30.9 

Mid-rise Office  125,000  4  8AM-5PM  921.0  30.4 

Middle School  75,000  1  9AM-2PM  248.7  62.8 

Strip Mall  15,000  1  8AM-9PM  92.7  64.4 

Hospital  250,000  4  6AM-8PM  1595.1  24.5 

 

As shown in TABLE VII, the portfolio includes a wide array of buildings, such as 

a strip mall with an area of 15,000 ft2 and a large office building with a total area of 

250,000 ft2. Also, there is a significant gradation in peak demand of each building, 

ranging from 92.7-1773.5 kW. HVAC-to-peak load ratio is defined as ratio of total 

HVAC load to peak load of a building and is an indicator of thermal load capacity 

of a building. Smaller buildings like strip malls and middle schools use DX coils and 

larger buildings like mid-rise, high-rise and hospital buildings use CHW loops with 

variable air volume systems for cooling. The temporal variation of the ambient 

temperature is included in the simulation and is assumed that the prediction for the 

next day is available and accurate.  

The eQUEST building energy models of the buildings described in TABLE VII 

are shown in Fig. 11.  
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Fig. 11. eQUEST building energy models of the selected five commercial buildings 

This commercial building portfolio is used for various studies that are conducted 

in Chapter 4 and Chapter 5. Specifically, Chapter 4 provides insights into the impact 

of HVAC thermostat setpoint interventions on peak demand curtailment and their 

corresponding energy savings across different buildings 
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4. PEAK DEMAND REDUCTION AND ENERGY 

SAVINGS USING HVAC THERMOSTAT SETPOINT 

INTERVENTION  

4.1 Introduction 

This chapter discusses information about the procedure for conducting HVAC 

thermostat setpoint interventions and their effect on peak demand reduction. 

Additionally, it also addresses the corresponding energy savings produced as a result 

of performing HVAC thermostat setpoint interventions in buildings listed in the 

commercial building portfolio presented in section 3.8. 

4.2 Peak Demand Reduction Potential Across Buildings due to HVAC Thermostat 

Setpoint Interventions  

Once the developed eQUEST building models have been validated against smart 

meter data within an acceptable error range, they are then used to analyze the peak 

demand reduction potential, as shown in Fig. 12.  

 

Fig. 12. Overall scheme for estimation of peak demand reduction and energy savings in 

commercial buildings using eQUEST software 



 

59 
 

In this figure, HVAC thermostat setpoint interventions are performed on the 

eQUEST building energy model during the DR period and the resulting energy 

savings% and peak load reduction potential% are calculated. This study focuses on 

restricting peak demand in the building via affecting HVAC thermostat setpoint 

intervention during a 4-hour window, encompassing the afternoon building peak. 

Since load begins to drop after the selected DR period, demand restrike peak (if any) 

after DR period is lower than the initial building peak. This results in overall peak 

demand reduction.  

4.2.1 Method for HVAC Thermostat Setpoint Interventions  

An intervention is made in the HVAC thermostat cooling setpoint by raising the 

setpoint by +1, 2, 3, 4 and 5℉ from the base-case setpoint (i.e., 70℉), during the 

DR period.  

4.2.2 Calculation of Peak Demand Reduction Potential   

Upon performing the HVAC thermostat setpoint intervention, building power 

consumption during the DR period is reduced. To observe the peak demand 

reduction potential during DR period, a peak reduction index (𝛥𝑃𝑅𝐷𝑅%) is defined, 

as shown in equation (3).  This reflects the amount of peak demand reduction 

possible during the DR period. 

𝛥𝑃𝑅𝐷𝑅% =
𝑚𝑎𝑥 (𝑙𝑜𝑎𝑑𝐵)𝐷𝑅 − 𝑚𝑎𝑥 (𝑙𝑜𝑎𝑑𝐵+𝛿𝑡)𝐷𝑅 

𝑚𝑎𝑥 (𝑙𝑜𝑎𝑑𝐵)𝐷𝑅
. 100 

(3) 

 

Where,   

  𝛥𝑃𝑅𝐷𝑅%  : Peak demand reduction % during DR 

period  

𝑚𝑎𝑥 (𝑙𝑜𝑎𝑑𝐵)𝐷𝑅  : Maximum power consumption with base 

case thermostat setpoint of 70℉, during 

DR period (kW) 
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𝑚𝑎𝑥 (𝑙𝑜𝑎𝑑𝐵+𝛿𝑡)𝑇 : Maximum power consumption with 

setpoint intervention, during DR period 

(kW) 

These 𝛥𝑃𝑅%s are calculated by comparing base case peak demand (i.e., when the 

thermostat setpoint is 70℉) with peak demand after thermostat setpoint intervention 

(i.e., when thermostat setpoint is increased by 𝛿𝑡 ℉ from the base case thermostat 

setpoint).   

4.2.3 Analysis of Peak Demand Reduction Potentials 

The effect of HVAC thermostat setpoint interventions is studied to quantify peak 

demand reduction potential across the selected commercial buildings portfolio. To 

estimate the average daily peak demand reduction, a thermostat setpoint intervention 

is made as described in section 4.2.1 and (𝛥𝑃𝑅𝐷𝑅%) is calculated using (3).  

 The average annual peak demand reduction % during the DR period resulting 

from 1-5℉ interventions in thermostat setpoint temperatures across all buildings is 

summarized in TABLE VIII. 

 The information about building sizes in sq.ft. and the ratio of HVAC load to the 

total building peak load is also presented.  The HVAC-to-building peak load ratio is 

defined as per equation (4).  

𝐻𝑉𝐴𝐶 − 𝑡𝑜 − 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑃𝑒𝑎𝑘 𝐿𝑜𝑎𝑑 𝑅𝑎𝑡𝑖𝑜 (%) 

=
𝐻𝑉𝐴𝐶 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑 
. 100 

(4) 

The correlation between peak demand reduction, outdoor temperature, and 

HVAC-to-building peak load ratio is discussed below.  
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4.2.4 Correlation Between Peak Demand Reduction and Outdoor Temperature 

across Buildings 

Peak demand reduction potential (𝛥𝑃𝑅 %) due to thermostat setpoint intervention 

during the DR period is calculated according to equation (3). Note that peak demand 

for each building occurs during different times, based on operational schedule and 

load usage pattern of each building. Thermostat setpoint intervention during a 

specified time window is distinctively used as a tool for reducing peak power 

consumption of the building. The relationship between peak demand reduction 

potential at different thermostat setpoint interventions and average outdoor 

temperature (℉) during DR period (𝛥𝑃𝑅𝐷𝑅%) is illustrated in Fig. 13.    

 

Fig. 13. Peak demand reduction (𝛥𝑃𝑅𝐷𝑅%) vs. average outdoor temperature (℉) during DR 

period 

Light blue dots represent peak demand reduction % during DR period for a 1℉ 

setpoint intervention, orange for 2℉, gray for 3℉, yellow for a 4℉ and blue for 5℉ 

thermostat setpoint interventions respectively. The y-axis represents peak demand 

reduction (𝛥𝑃𝑅%) across the DR period and the x-axis represents outdoor 

temperature (℉). The following specific observations are made, which are valid for 

all buildings under study: 
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● When average outdoor temperature during a DR event is below the base case 

thermostat setpoint, a thermostat setpoint intervention results in null value for 

peak demand reduction percentage. This is intuitive because on these cool days 

there is no HVAC operation. Hence, no savings can be achieved due to thermostat 

setpoint interventions. 

● When average outdoor temperature is higher than the thermostat setpoint, but 

within a certain threshold (e.g., 70℉<T<80℉), peak demand reduction % during 

DR period varies greatly.  This is because, in this temperature range, the HVAC 

unit may be either running or not running depending on indoor and outdoor 

temperature conditions. If the HVAC unit is running, a thermostat setpoint 

intervention could potentially lead to completely turning OFF the HVAC system, 

resulting in high savings. However, if the HVAC unit is not running, a thermostat 

setpoint intervention will not change the HVAC status, resulting in zero peak 

demand reduction. This explains why the peak demand reduction (𝛥𝑃𝑅𝐷𝑅%) in 

this temperature band varies greatly. 

● During hot days, when the average outdoor temperature is higher than 80℉, it is 

observed that raising the thermostat setpoint temperature results in a relatively 

predictable peak demand reduction % during the DR period. 

4.2.5 Correlation between Peak Demand Reduction and HVAC-to-Building Peak 

Load Ratio  

TABLE VIII summarizes peak demand reduction potential across the five 

commercial buildings for different HVAC thermostat setpoint interventions.  
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TABLE VIII AVERAGE PEAK DEMAND REDUCTION (ΔPRDR%) ACROSS BUILDINGS 

AS A RESULT OF THERMOSTAT SETPOINT INTERVENTION 

Building Area 

(sq.ft.) 

HVAC      

(%) 

+1 degF 

(%) 

+2 degF 

(%) 

+3 degF 

(%) 

+4 degF 

(%) 

+ 5 degF 

(%) 

High-rise Office 250,000  30.9 1.9 4.9 9.3 12.4 14.5 

Mid-rise Office 125,000  30.4 1.0 2.2 4.5 7.2 8.9 

Middle School 75,000  62.8 4.3 8.1 10.6 12.6 16.3 

Strip Mall 15,000  64.4 3.8 7.7 11.8 16.1 20.1 

Hospital 250,000  24.5 2.3 4.0 5.8 6.5 8.1 

 

As shown, peak demand reduction potential during DR period (𝛥𝑃𝑅𝐷𝑅%) ranges 

between 8.1% and 20.1% across the building portfolio, for a 5℉ increase in setpoint 

temperature.  

TABLE VIII also indicates that the hospital building offers least peak demand 

reduction% (8.1% at 5℉ setpoint raise), while the strip mall building has highest 

peak demand reduction potential (20.1% at 5℉ setpoint raise). This can be attributed 

to the HVAC-to-building peak load ratio. Buildings with higher HVAC-to-building 

peak load ratio have a higher peak demand reduction potential. 

 A plot between peak demand reduction potential during DR (𝛥𝑃𝑅𝐷𝑅%) and 

HVAC-to-building peak load ratio is presented in Fig. 14 for 5℉ setpoint increase.  



 

64 
 

 

Fig. 14. Peak demand reduction (𝛥𝑃𝑅𝐷𝑅%) vs. HVAC-to-building peak load ratio across all 

buildings for 5℉ setpoint intervention 

In Fig. 14, blue dots represent the five commercial buildings; the y-axis represents 

peak demand reduction potential, and the x-axis represents the ratio of HVAC-to-

total building peak load. (Same Fig. scheme conventions are extended to Fig. 17 and 

Fig. 19). Fig. 14 illustrates a linear correspondence between peak demand reduction 

% and HVAC-to-building peak load ratio across all buildings. As an example, Fig. 

15 shows the peak demand reduction potential of the strip mall and mid-rise office 

for different thermostat setpoint increments on corresponding days when maximum 

peak demand reduction occurs. 
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(a). Load profile of strip mall on 29th August 2016 

 

(b). Load profile of mid-rise office on 15th August 2016 

Fig. 15. Daily load profiles of two buildings with different HVAC-to-building peak load ratios 

on maximum peak reduction days 

In Fig. 15, the black dotted line indicates actual building load, red for 1℉, yellow 

for 2℉, green for 3℉, purple for 4℉ and blue for 5℉ thermostat setpoint 

interventions, respectively. The dashed brown line indicates the hourly outdoor 

temperature in ℉. The y-axis represents the building load (kW), and the x-axis 

represents time (hrs). The same naming convention and color scheme is extended to 
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(Fig. 18 and Fig. 20) as well. As shown, the HVAC-to-building peak load ratio has 

a significant influence on peak demand reduction potential of a building. Intuitively, 

this can be understood as a parameter representing load sensitivity of the building to 

thermostat setpoint temperature variation. Additionally, the peak demand reduction 

with each incremental degree has a somewhat linear trend. However, it is not strictly 

linear since peak demand reduction % due to thermostat setpoint change depends on 

initial setpoint temperature and variation in outdoor temperature with respect to it. 

This is because the HVAC system turns off upon performing a setpoint intervention, 

when the setpoint temperature is close to outdoor temperature.  

4.3 Energy Savings across Buildings due to Thermostat Setpoint Interventions  

This section describes the calculation of energy savings in different commercial 

buildings for each case of HVAC thermostat setpoint intervention. Correlation 

analyses of energy savings with respect to outdoor dry-bulb temperature and HVAC-

to-building peak load ratio are also presented. 

4.3.1 Method for Thermostat Setpoint Interventions 

The same method of thermostat setpoint interventions as discussed in Section 

4.2.1 is used.  

4.3.2 Calculation of Energy Savings Potential 

Energy savings percentage (ES%), due to thermostat setpoint intervention, is 

calculated by comparing energy consumptions of the setpoint raise case (1-5℉ 

increment) to base case (i.e., when the thermostat setpoint is 70℉) using equation 

(5). 

𝛥𝐸𝑆% =
𝐸𝑛𝑒𝑟𝑔𝑦𝐵 −𝐸𝑛𝑒𝑟𝑔𝑦𝐵+𝛿𝑡

𝐸𝑛𝑒𝑟𝑔𝑦𝐵
∗ 100 (5) 

𝐸𝑛𝑒𝑟𝑔𝑦𝐵  : Energy consumption with base case 

thermostat setpoint of 70℉ (kWh) 
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𝐸𝑛𝑒𝑟𝑔𝑦𝐵+𝛿𝑡 : Energy consumption with thermostat setpoint 

interventions, i.e., when the setpoint 

temperature is increased by 𝛿𝑡 ℉ (kWh) 

4.3.3 Analysis of Energy Savings Potential  

The effect of thermostat setpoint intervention is studied to quantify corresponding 

energy savings potential across the selected five commercial buildings.  

Observations regarding correlation between energy savings and outdoor 

temperatures, as well as correlation between energy savings and HVAC-to-building 

peak load ratio, are discussed below. 

4.3.4 Correlation between Energy Savings and Outdoor Temperature across 

Buildings 

To study the relationship between energy savings and outdoor temperature, a 

thermostat setpoint intervention is made, as described in Section 4.2.1. Using (5), 

energy savings % due to thermostat setpoint intervention during the DR period, for 

each day is calculated for the indicated duration of summer. It is observed that energy 

savings percentage (𝛥𝐸𝑆%) at different setpoint interventions correlates with 

average outdoor temperature (℉), as depicted in Fig. 16 (using middle school as 

example).  
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Fig. 16. Energy savings % due to HVAC interventions vs average daily outdoor temperature 

during DR period 

The light blue dots represent energy savings % during the DR period for a 1℉ 

setpoint intervention, orange for 2℉, gray for 3℉, yellow for 4℉ and blue for 5℉ 

thermostat setpoint interventions, respectively. The y-axis represents peak demand 

reduction (𝛥𝑃𝑅%) across the DR period, and the x-axis represents outdoor 

temperature (℉). As shown in Fig. 16, the following patterns are observed, which 

are valid for all buildings under study: 

● When the average outdoor temperature during a DR event is less than the base 

case thermostat setpoint, an increase in thermostat setpoint temperature will not 

contribute to energy savings. This is because AC does not operate on these days, 

and hence no energy savings can be achieved. This observation is similar to that 

of peak demand reduction cases. 

● When the average outdoor temperature is higher than the thermostat setpoint 

temperature, but within a certain threshold (e.g., 70℉<T<80℉), setpoint 

interventions result in high variation in energy savings. The reason is the same 

as that of peak demand reduction cases.  
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● When average outdoor temperature is higher than the thermostat setpoint, but 

outside the threshold (i.e., for T>80℉), a somewhat predictable energy savings 

% is observed with thermostat setpoint interventions. This is because raising the 

setpoint temperature will result in relatively lesser cooling needs of indoor space 

and hence proportionally lesser operational time of the units. This correlation is 

observed across all buildings, but with variations in energy savings percentage, 

which is further examined below.  

4.3.5 Correlation between Average Energy Savings and HVAC-to-Building Peak 

Load Ratio  

TABLE IX summarizes average energy savings resulting from thermostat setpoint 

intervention across buildings when outdoor temperature is above the thermostat 

setpoint temperature. 

TABLE IX AVERAGE ENERGY SAVINGS AS A RESULT OF THERMOSTAT SETPOINT 

INTERVENTIONS ACROSS ALL BUILDINGS 

Building Area 

(sq.ft.) 

HVAC      

(%) 

 +1 degF 

(%) 

 + 2 degF 

(%) 

+ 3 degF 

(%) 

 + 4 degF 

(%) 

 + 5 degF 

(%) 

High-rise Office 250,000  30.9 2.2 5.0 9.0 11.8 13.9 

Mid-rise Office 125,000  30.4 4.6 5.9 8.1 10.1 11.7 

Middle School 75,000  62.8 10.1 13.4 15.6 17.7 20.5 

Strip Mall 15,000  64.4 3.6 7.5 11.4 15.4 19.1 

Hospital 250,000  24.5 1.7 3.3 4.8 6.3 7.6 

 

Energy savings potential across the buildings varies based on several attributes.  

As seen from TABLE IX, similar to peak demand reduction case, the hospital building 

with lowest HVAC-to-building peak load ratio of 24.5%, offers least energy savings 

(7.6% at 5℉ setpoint raise), while the strip mall with highest HVAC-to-building 

peak load ratio of 64.4%, offers high energy savings (19.1% at 5℉ setpoint raise). 

Note that the middle school operates only for two hours during the DR window and 

hence the obtained energy savings are averaged across those two hours to keep the 
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% representation accurate. Hence, there exists a relationship between average annual 

energy savings and HVAC-to-building peak load ratio. A plot between these two 

parameters is presented in Fig. 17, for a 5℉ setpoint increase.  

 

Fig. 17. Average annual energy savings % vs HVAC-to-building peak load ratio across all 

buildings for 5℉ setpoint intervention 

Note that the |R| value (Pearson’s correlation coefficient) for this plot is 0.94 

indicating a strong linear correspondence between average energy savings and 

HVAC-to-building peak load ratio. That is, a building with higher HVAC-to-

building peak load ratio provides larger overall energy savings. This can be reasoned 

as follows: any change in thermostat setpoint temperature has a direct impact on the 

operating cycle of the HVAC system. An increase in thermostat cooling setpoint 

temperature will decrease the HVAC operational time (i.e., AC compressor will be 

off until indoor temperature reaches the new setpoint temperature), therefore 

proportionally reducing HVAC energy consumption.  Hence, intuitively it can be 

understood that higher HVAC load contribution in a building will result in higher 

energy.  

Also, the nonlinear nature of energy savings for every incremental degree rise can 

be understood from Fig. 18, which compares the operation of mid-rise office 

building on two consecutive summer days (13th July 2017 and 14th July 2017), with 

different outdoor temperature conditions. 
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(a). Load profile of mid-rise office building on 13th July 2017 

 

(b). Load profile of mid-rise office building on 14th July 2017 

Fig. 18. Load profile of the mid-rise office building with thermostat setpoint increments on two 

days with different outdoor temperature conditions 
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In Fig. 18, on 13th July 2017, the outdoor temperature ranged between 81-83℉ 

during the DR period and reached a peak value of 83℉ between 3-4 PM. On this 

day, the HVAC system was continuously on throughout the building’s operation and 

hence, we see a relatively small energy savings ranging between 1 – 3.7% for a 1-

5℉ setpoint increment, throughout the day. Whereas, on 14th July 2017, a setpoint 

raise of 5℉ turned off the HVAC system as the outdoor temperature dropped, 

resulting in much higher energy savings. A comparison of load and outdoor 

temperature profiles on 13th and 14th July 2017, shows that energy savings due to 

thermostat setpoint change depends on initial setpoint temperature and variation in 

outdoor temperature with respect to it. 

4.3.6 Correlation between Maximum Energy Savings and HVAC-to-Building Peak 

Load Ratio  

The maximum energy savings in buildings also has a linear correlation with 

respect to HVAC-to-building peak load ratio, as depicted in Fig. 19.  

 

Fig. 19. Maximum energy savings % vs HVAC-to-building peak load ratio across all buildings 

for 5℉ setpoint interventions 

A strong linear relationship is observed between maximum energy savings 

obtained in a building and its HVAC-to-building peak load ratio. As depicted in Fig. 

19, hospital building with lowest HVAC-to-building peak load ratio has the least 

energy savings % and strip mall with the highest HVAC-to-building peak load ratio 

has the highest energy savings percentage.  
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Fig. 20 compares load profiles of buildings with different HVAC-to-building peak 

load ratios, on the maximum energy savings day.  

 

(a). Load profile of the strip mall on 29th August 2016 

 

(b). Load profile of the mid-rise office building on 29th August 2016 

Fig. 20. Daily load profiles of two buildings (strip mall and mid-rise office) with different 

HVAC-to-building peak load ratios during respective maximum energy saving days 

As seen from Fig. 20, HVAC-to-building peak load ratio has a strong bearing on 

maximum energy savings percentage, since maximum energy savings due to 
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thermostat setpoint intervention during DR period is primarily contributed by HVAC 

load in the building.  

Based on the insights gained by studying the impact of HVAC thermostat setpoint 

interventions on peak demand reduction in commercial buildings, an AHP-based 

demand curtailment tool is developed. This tool operates in a day-ahead electricity 

market and addresses the co-incidental peak demand (see section 2.1.1.1) occurring 

in the electrical distribution grid. Further details regarding the construction, 

operation and performance of the proposed demand curtailment tool are presented 

in Chapter 5.  

 

 

 

 

 

 

 

 

 

 

 



5. AHP-BASED PEAK DEMAND CURTAILMENT 

ALLOCATION USING HVAC THERMOSTAT SETPOINT 

INTERVENTIONS 

5.1 Introduction 

The objective of this research is to develop a peak demand curtailment tool to 

obtain the distribution of demand curtailment allocation among a group of 

commercial buildings. The affected demand curtailment in these commercial 

buildings is subject to occupant indoor thermal comfort and other logistical 

constraints.  

During peak summer months, electric utility companies often try to curtail load to 

alleviate grid stress conditions by incentivizing larger organizations, comprising 

multiple commercial buildings, for demand reduction. Therefore, contracts are 

signed with the parent organization for ensuring a specified amount of demand 

curtailment on any given day. To ensure that this requirement is met, appropriate 

demand curtailment allocation must be made amongst the group of participating 

commercial buildings. Each building is unique and thus expert opinion is required 

to assess the limits of building demand reduction capacity.  

To fulfill this objective, an AHP-based framework is developed for demand 

curtailment allocation between different commercial buildings. This is affected 

solely through demand management strategies; specifically, using HVAC thermostat 

setpoint interventions and lighting control. 

5.2 Literature Review: Uniqueness of the Proposed AHP-based Approach  

The grid peak demand curtailment problem is a critical one to solve in order to 

extend the service life of grid assets like transformers, relays, lines, etc., Addressing 

this challenge using a building-to-grid integrating framework is both complex and 

difficult. However, a well-engineered solution accounting for interactions between 

different stakeholders in the system provides an excellent solution by very 

effectively managing the peak demand at the electric utility grid level. The buildings 

are complex dynamic systems with multiple thermo-mechanical elements to 
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coordinate and cannot respond to real-time control quickly enough.  While this is so, 

the electric grid is a real-time power processing dynamic system wherein the energy 

balance equation must be always satisfied, allowing for no internal storage. Hence, 

latency is an inevitable part of grid-to-building command execution. Therefore, this 

solution works in the day-ahead electricity market, hence facilitating the 

coordination between electric grid and buildings. In addition, we have to coordinate 

with a number of stakeholders like the weather monitoring station and the 

participating commercial buildings. This involves integrating heterogeneous data 

into one place to arrive at a convergent solution.  Additionally, this solution has to 

be executed every day, as the energy usage in the buildings varies on a day-to-day 

basis.  So far, the traditional approaches to grid peak shaving only include solutions 

using solar PV and battery storage systems to effectively utilize alternate forms of 

energy during peak demand times.  

For example, in [106], the authors present a design of grid-connected rooftop 

solar PV system for electrical peak demand shaving. Design details of the 

corresponding grid-connected PV system at Andalas University, Indonesia are 

included. In [107], authors discuss peak demand shaving in a community energy 

service center (with 3000 households) using an ESS. They also discuss variation in 

peak shaving with an increase in capacity of ESSs used in the community grid. The 

authors in [108] developed an adaptive method for load-based mechanism 

supporting peak shaving with ESS, using load curve of a power substation. In [109], 

a microcontroller-based solution for battery ESS, integrated with the solar PV 

system, was designed and developed. Here, the authors have used a solar PV system 

to charge a lead acid battery and microcontroller to appropriately discharge it during 

peak demand times, along with keeping battery life in purview. Further, the authors 

in [110] present a case for improved peak shaving in grid-connected domestic power 

systems combining PV generation, battery storage and vehicle-to-grid-capable EV. 

Results indicate that by effectively utilizing these technologies, a grid peak shaving 

of 37% was achieved.  

While the proposed methods have been able to successfully address peak shaving, 

additional infrastructure and significant design modifications to the status quo are 

essential. In this paper, we propose to influence grid peak shaving by solely using 
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demand management strategies. This is done by utilizing the building-to-grid 

integration framework to perform coordinated HVAC thermostat setpoint 

interventions in participating commercial buildings. This paper details the 

development of a peak-shaving tool which is robust, agile and can be scaled easily. 

The solution’s architecture is composed of three aspects: building information 

modeling (BIM), an AHP-based framework, and smart thermostats [111].  

As a first step, hourly building energy models of participating commercial 

buildings are created using a BIM framework. In this study, we are using eQUEST 

3.65 to construct building energy models. A four-level AHP framework is 

constructed to effectively allocate demand curtailment between participating 

commercial buildings. The developed building models are now utilized to translate 

this demand curtailment into required HVAC thermostat setpoint interventions. 

Due to increasing adoption of smart thermostats, recent studies have shown a 

growing interest in DSM of air-conditioning loads. It is evidenced that performing 

an HVAC thermostat setpoint intervention is an effective way of demand control. In 

[112], DSM of air conditioning cooling loads for intra-hour load balancing is 

studied. In [113], authors propose an interruptible load scheme for DR management 

in buildings. In this study, the EV charging station, HVAC system, corridor lighting, 

car parking ventilation fan and storage tank water pump are considered as 

interruptible loads. Occupant-based HVAC setpoint interventions for energy savings 

in buildings has been studied in [114]. Impact of HVAC setpoint adjustment on 

energy savings and peak demand reductions in buildings has been studied in [20]. 

Further, the impact of Solar PV, battery storage and HVAC setpoint adjustments on 

energy savings and peak demand reduction potentials in buildings have been 

examined in [115]. Modeling and control of central air conditioning loads for peak 

shaving has been researched in [116].   

These solutions are one-sided and require additional infrastructure to address this 

problem. In order to engineer a thorough building-to-grid integration framework, we 

need to approach the grid peak demand curtailment problem more holistically. We 

must consider the buildings as a part of the system and account for the interactions 

between different stakeholders in the system. The focus of this paper is to present an 

AHP-based scheme for grid peak shaving using HVAC thermostat setpoint 
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interventions in commercial buildings. While these methods deliver insights at an 

individual building level, they are of little utility when it comes to a global scheme 

of operation where several buildings must be coordinated synergistically, especially 

with reduced modes of operations. AHP is an excellent multi-criteria decision-

making tool with a wide variety of applications. This is especially useful in situations 

where quick approximate solutions are sought with imprecise input details. Relevant 

studies using AHP-based solutions include demand curtailment allocation among 

different distribution substations [97] and for demand limit allocation between 

different customer groups and corresponding appliance schedule modifications 

(clothes dryer, HVAC, and water heater) in residential buildings [98]. Due to this 

versatile nature, utilizing the AHP based framework appears to be the appropriate 

avenue towards designing the solution. Hence, we have devised a grid peak 

mitigation scheme grounded on AHP to address this research gap. 

The strength of this work is further demonstrated by evaluating the proposed 

scheme via case studies for varying amounts of electric grid peak demand 

curtailment on a very hot day (1st July 2019) in Blacksburg, VA. The key research 

gap addressed here is the development of an aggregated DR-scheme among a 

portfolio of diverse commercial buildings under the control of a DR aggregator. The 

unique contribution of this paper is in developing an expert opinion-based 

distribution of demand curtailment among a portfolio of buildings based on various 

parameters pertaining to individual buildings and corresponding translation of the 

appropriate demand curtailment into HVAC thermostat setpoint interventions using 

building energy models. The overall idea of this study is depicted in Fig. 21. This 

chapter is organized as follows: Section 5.3 gives an overview of the tool’s  operation 

in a day-ahead electricity market; section 5.4 describes the methodology and model 

development of the proposed AHP framework; section 5.5 details the operation of 

the overall system using case studies conducted on a hot summer day in Blacksburg, 

VA; corresponding results are presented in section 5.6; and section 5.7 concludes 

the chapter by summarizing findings and discussing the scope of future work.  
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Fig. 21. Overall operation of the AHP-based HVAC setpoint intervention scheme 

5.3 Scheme of Operation in a Day-ahead Electricity Market 

The proposed AHP-based demand curtailment tool is envisioned to operate in a 

day-ahead electricity market. The flow of information between electric grid operator, 

third party service provider (building aggregator) and building operator is 

represented in Fig 22. The communication between these participating entities can 

be classified into three stages: pre-transaction, during transaction and post-

transaction. Since the tool is positioned to operate in the day-ahead electricity 

market, the end-to-end execution of the DR event spans two days: day-prior to DR 

event and day-of DR event. The pre-transaction phase occurs on the prior day while 

the transaction and post-transaction phase happens on the DR event day. Note that 

in this scheme of operation, whenever a signal is sent between two entities, the 

receiving entity will always return a confirmation message of communication, 

ensuring the integrity of the transaction.  
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Fig. 22. Communication scheme for the AHP-based demand curtailment tool in a day-ahead 

electricity market 

In the pre-transaction phase, the electric grid operator (G) sends information 

regarding the requested load curtailment (ΔPi), start time of the DR event on the next 

day (ti) and duration of the DR event (Δti), to the third-party service provider (3P). 

The third-party service provider now executes the two-step AHP algorithm (see Fig. 

23) and gives the appropriate HVAC thermostat setpoint interventions {ΔTi} as 

output. Note that the proposed demand curtailment scheme is designed to 

incorporate an overwrite on the pre-transaction phase information until two hours 

prior to the start of the DR event. The dashed arrow during the transaction indicates 

a conditional possibility of a data overwrite.  This feature is incorporated to provide 

flexibility in execution in case of changes in requested demand curtailment or DR 

event start time or duration. When there is an event data overwrite, steps in the pre-
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transaction phase are repeated with a new dataset {ΔPf, tf, Δtf} resulting in the 

corresponding HVAC thermostat setpoint intervention dataset {ΔTf}. Supposing 

there are no changes on the DR event day, ΔTi = ΔTf. On the DR event day, after the 

DR event takes place, the final values of HVAC thermostat setpoint interventions 

are communicated back to the third-party service provider. The third-party service 

provider now generates a transaction report encompassing all the details of the DR 

event. In this way, a two-day spanning end-to-end transaction is executed to perform 

the necessary DR event. The detailed steps in operation of electric grid peak demand 

curtailment algorithm described in Fig 20 are listed below:   

Algorithm: Procedure for grid peak demand curtailment 

1. 3P gathers input information: 

a. Grid peak curtailment information (𝚫Pi, ti, 𝚫ti) 

b. Weather data [48hrs] (Tdry-bulb, Rh%) 

c. Expert opinions  

d. Physical attributes of buildings  

e. Initial setpoint temp and indoor temp (To, Tind) 

2. Run the AHP module - output (𝚫pi)  

3. Translating (𝚫pi) into (𝚫Ti)  

4. Indoor Temperature check - ASHRAE Standard 55 - identify the building reaching its 

thermal limit 

5. while indoor temperature of all buildings > Tmax  

a. 𝚫Ti is modified into 𝚫Ti* in this building (capping) 

b. Calculate deficit reduction to be redistributed 

c. Run the AHP module - redistribute load  

d. Translating (𝚫pi) into (𝚫Ti)  

e. Indoor Temperature check - ASHRAE Standard 55 - identify the building 

reaching its thermal limit 
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6. end while 

7. Outputs (𝚫pf) and (𝚫Tf)  

 

Where,  

3P         : third party service provider 

𝚫Pi        : demand curtailment request (kW) 

ti            : timestamp of start of DR event (hh:mm) 

𝚫ti         : duration of the DR event (min) 

  Tdry-bulb  : outdoor dry-bulb temperature (℉) 

Rh        : relative humidity (%) 

To         : initial HVAC thermostat setpoint temperature (℉) 

Tind       : zonal indoor temperature of the building (℉) 

Tmax      : maximum value of indoor temperature per ASHRAE 55 standard  (℉) 

𝚫pi       : initial building demand curtailment calculated by AHP model (kW) 

𝚫pf       : final (adjusted) building demand curtailment (kW) 

𝚫Ti       : initial HVAC thermostat setpoint intervention (℉) 

𝚫Ti*     : modified HVAC thermostat setpoint intervention due to capping (℉) 

𝚫Tf       : final (adjusted) HVAC thermostat setpoint intervention (℉) 

 

Overall flow chart of the algorithm is depicted in Fig. 23  
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Fig. 23. Flowchart illustrating the two step AHP-based demand curtailment algorithm 

As listed in the algorithm procedure and Fig. 23, once the relevant details are 

gathered and the demand curtailment request is received, the AHP algorithm is run 

to obtain the required demand curtailment allocated to each participating building. 

This is now translated into corresponding HVAC thermostat setpoint intervention 

using the high-fidelity building energy models described in Chapter 3. The indoor 

temperature of all the zones in the building are monitored to ensure that the indoor 

temperature lies within the limits specified by ASHRAE standard 55 (Thermal 

Environmental Conditions for Human Occupancy). If this condition is respected, the 

corresponding setpoint interventions are deemed valid. In case of a violation, the 

second step is taken to cap the intervention on the building that reaches limiting 

conditions and the deficit curtailment is redistributed among the remaining 
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participating commercial buildings. This ensures that the requested electric grid peak 

demand curtailment is successfully honored without violating the thermal comfort 

constraints within any zone of the participating commercial buildings. A detailed 

methodology and model description of the proposed AHP-based peak demand 

curtailment scheme is described further in section 5.4. 

5.4 Methodology and Model Description 

This section describes the AHP model constructed as a part of the overall solution 

and gives specific details about its working. 

5.4.1 Overall Methodology: 

The overall methodology followed in this study is depicted in Fig. 24. The first 

step entails development of building energy models based on attributes like layout, 

area, orientation, fenestration information, ASHRAE standards and LEED new 

construction certification requirements. A four-level AHP structure is developed by 

taking input from relevant experts – a building engineer and electric utility 

operator/independent system operator (ISO) (see Fig. 25 for more details). Along 

with these experts’ opinions, information regarding the building’s physical attributes 

is given as input to the AHP framework, as illustrated in level 3 of Fig. 25. These 

details are used to make pairwise comparisons between different criteria. Optimal 

demand curtailment required in each building is then calculated based on these 

pairwise comparisons. This research primarily focuses on affecting demand 

curtailment via HVAC thermostat setpoint interventions as the magnitude of the 

HVAC load is the highest in commercial buildings. Following the procedure shown 

in Fig. 24, case studies are conducted for varying levels of load curtailment requests 

to understand the tool’s performance in extreme conditions. The outcome of these 

experiments is summarized in the results, discussion, and conclusion sections, 

respectively.  
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Fig. 24. Block diagram of AHP-based demand curtailment procedure among commercial buildings 

A. AHP-based framework 

The AHP based framework used here, as discussed in  section 5.4.2.1, allocates 

the appropriate amount of demand curtailment to different commercial buildings. 

B. Commercial building energy models  

The commercial building energy models used in this chapter have been developed 

using the portfolio of commercial buildings showcased in section 3.8. Since all the 

buildings used in this study are located in Blacksburg, the spatial variance of outdoor 

temperature has been ignored.  

C. HVAC thermostat setpoint interventions  

Now, an intervention is made in the HVAC thermostat cooling setpoint during the 

DR period by raising the base case setpoint appropriately. 70℉ is chosen as the base 

case setpoint for all the buildings. 

After the AHP algorithm yields the necessary vector of weights for demand 

curtailment allocation, the developed building energy models are employed to 

translate corresponding demand curtailment into appropriate HVAC thermostat 

setpoint interventions. The bracket of HVAC thermostat setpoint interventions used 

in this study, ranges from 1-5℉. For the sake of simplicity, only integral values of 

HVAC thermostat setpoint interventions are considered in this study. 
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5.4.2 Methodology of AHP: 

This section describes the AHP model and details the inputs and outputs of the 

model. Further, the overall working of the model is presented with clearly illustrated 

computations at each level.  

5.4.2.1 Description of AHP Model 

A four-level AHP structure (shown in Fig. 25) is used for allocating demand 

curtailment among different commercial buildings. The expert opinion at level 1 and 

building attributes at level 3 serve as inputs to the AHP model. The expected output 

of the AHP model is distribution of demand curtailment among various participating 

buildings shown in level 4. The working principle behind AHP framework is 

performing pairwise comparisons between attributes at the nth level to arrive at an 

eigenvector of weights/priorities for criteria at (n-1)th level.  

 

Fig. 25. Four-level hierarchical AHP structure for grid peak demand curtailment  

5.4.2.2 AHP Model: Inputs and Outputs 

This section describes the overall inputs and outputs of the proposed AHP model. 

It also presents the inputs and outputs at each level of the four-level hierarchical 

structure. 
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5.4.2.2.1 Inputs  

In addition to building attributes, inputs to the AHP model at different levels 

include grid peak curtailment request, weather data from the weather monitoring 

station, and expert opinions from the commercial building operator and electric 

utility operator. 

5.4.2.2.2 Outputs 

Using expert opinions and the attributes shown in level 3 of Fig. 25, the AHP 

model is expected to deliver a building load curtailment vector as the output. To 

calculate demand side curtailment factor (W), a table with actual data of seven 

attributes across selected buildings must be obtained. For each attribute, a pairwise 

comparison matrix is created. The eigenvectors are calculated, and resulting 

normalized eigenvectors associated with the maximum eigenvalue are taken as 

weighting factors for that criterion. By repeating the aforementioned steps, a priority 

vector for each attribute is obtained. By combining priority vectors for the seven 

attributes, the overall building load curtailment priority vector (of size 5x7) is 

obtained.  

5.4.2.2.3 AHP Process Flow: Pairwise Comparisons and Priority Vector 

Computations 

To obtain the overall curtailment priority order, pairwise comparison matrices 

need to be constructed at every level of the hierarchy using the scale of relative 

preference given in TABLE X [117]. 
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TABLE X AHP SCALE OF PREFERENCE BETWEEN TWO ELEMENTS 

Scale of Importance Interpretation 

1 Equal importance 

3 Moderate importance  

5 Strong importance 

7 Very strong importance 

9 Absolute importance 

2, 4, 6, 8 Intermediate values between 

adjacent scale values 

 

5.4.2.3 Pairwise Comparison Matrices at each level of the AHP Structure in Fig. 25 

The corresponding pairwise comparison matrices at each level of the AHP 

structure are listed in section 5.4.2.3.1 - section 5.4.2.3.4. 

5.4.2.3.1 Level 1 - Pairwise Comparison Matrix of Expert Opinions with Respect to 

Demand Curtailment Allocation (Overall Goal) 

TABLE XI  represents a pairwise comparison matrix showing the importance of 

the customer relations department (building manager) and electric utility operator. 

TABLE XI PAIRWISE COMPARISON MATRIX OF EXPERT OPINIONS 

Experts Customer 

Relations 

System 

Operator 

Customer Relations 1 1/3 

System Operator 3 1 
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5.4.2.3.2 Level 2 - Pairwise Comparison Matrix of the Sub-goals with respect to 

Experts 

Pairwise comparison matrices of sub-goals with respect to the customer relations 

department and system operator are shown in TABLE XII and TABLE XIII, 

respectively.  

TABLE XII PAIRWISE COMPARISON MATRIX OF THE SUB-GOALS WITH RESPECT 

TO CUSTOMER RELATIONS DEPARTMENT 

Sub-goal description Maximize 

energy 

savings 

Minimize 

demand 

charge 

Minimize 

discomfort 

Avoid 

demand 

restrike 

Maximize energy savings 1 1 4 4 

Minimize demand charge 1 1 3 2 

Minimize discomfort 1/4 1/3 1 2 

Avoid demand restrike 1/4 1/2 1/2 1 

 

TABLE XIII PAIRWISE COMPARISON MATRIX OF THE SUB-GOALS WITH RESPECT 

TO SYSTEM OPERATOR 

Sub-goal description Maximize 

energy 

savings 

Minimize 

demand 

charge 

Minimize 

discomfort 

Avoid 

demand 

restrike 

Maximize energy savings 1 1/2 3 1/5 

Minimize demand charge 2 1 3 1/5 

Minimize discomfort 1/3 1/3 1 1/6 

Avoid demand restrike 5 5 6 1 
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5.4.2.3.3 Level 3 - Pairwise Comparison Matrix of the Attributes with respect to 

each Sub-goal:  

Similar pairwise comparisons are made between different attributes with respect to 

each sub-goal. The corresponding pairwise comparison matrices are shown in 

TABLES XIV-XVII. Equivalent to defining HVAC-to-building peak load ratio in 

Chapter 4, the lighting-to-building peak load ratio is defined as per equation (6).  

      𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔 − 𝑡𝑜 − 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑃𝑒𝑎𝑘 𝐿𝑜𝑎𝑑 𝑅𝑎𝑡𝑖𝑜 (%) 

=
𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔 𝑙𝑜𝑎𝑑

 𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑 
. 100 

(6) 

TABLE XIV MAXIMIZING ENERGY SAVINGS – PAIRWISE COMPARISON OF 

ATTRIBUTES 

Attributes Occupancy Initial 

setpoint 

(To) 

Area ΔT 

bandwidth 

Building 

Insulation 

HVAC  load

Building peak load

% 

Lighting  load

Building peak load

% 

Occupancy 1 1/5 1/7 1/3 1/5 1/5 1/3 

Initial setpoint 

(To) 

5 1 1/2 1/2 1/3 1/2 3 

Area 7 2 1 1/3 1/2 1/3 3 

ΔT bandwidth 3 2 3 1 1/2 1/3 3 

Building 

Insulation 

5 3 2 2 1 1/3 2 

HVAC  load

Building peak load

% 

5 2 3 3 3 1 2 

Lighting  load

Building peak load

% 

3 1/3 1/3 1/3 1/2 1/2 1 
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TABLE XV MINIMIZING DEMAND CHARGE – PAIRWISE COMPARISON OF 

ATTRIBUTES 

Attributes Occupancy Initial 

setpoint 

(𝑇𝑜) 

Area 𝛥T 

bandwidth 

Building 

Insulation 

𝐻𝑉𝐴𝐶  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

% 

𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

% 

Occupancy 1 1 1/2 1/5 1/3 1/7 1/7 

Initial setpoint 

(𝑇𝑜) 

1 1 1 1/3 1 1/3 1/4 

Area 2 1 1 1/5 1/3 1/4 1/3 

𝛥T bandwidth 5 3 5 1 2 1 1/2 

Building 

Insulation 

3 1 3 1/2 1 1/4 1/5 

HVAC  load

Building peak load

% 

7 3 4 1 4 1 2 

Lighting  load

Building peak load

% 

7 4 3 2 5 1/2 1 
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TABLE XVI MINIMIZING DISCOMFORT – PAIRWISE COMPARISON OF ATTRIBUTES 

Attributes Occupancy Initial 

setpoint 

(𝑇𝑜) 

Area 𝛥T 

bandwidth 

Building 

Insulation 

𝐻𝑉𝐴𝐶  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

% 

𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

% 

Occupancy 1 2 3 1/2 2 3 7 

Initial setpoint 

(𝑇𝑜) 

1/2 1 1 3 1 4 5 

Area 1/3 1 1 2 1 2 3 

𝛥T bandwidth 2 1/3 1/2 1 1 3 4 

Building 

Insulation 

1/2   1 1 1 1 5 6 

HVAC  load

Building peak load

% 

1/3 1/4 1/2 1/3 1/5 1 4 

Lighting  load

Building peak load

% 

1/7 1/5 1/3 1/4 1/6 1/4 1 
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TABLE XVII AVOID DEMAND RESTRIKE – PAIRWISE COMPARISON OF 

ATTRIBUTES 

Attributes Occupancy Initial 

setpoint 

(𝑇𝑜) 

Area 𝛥T 

bandwidth 

Building 

Insulation 

𝐻𝑉𝐴𝐶  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

% 

𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

% 

Occupancy 1 1/3 1/3 1/5 1/3 1/5 1/4 

Initial setpoint 

(𝑇𝑜) 

3 1 1 1/3 1/2 1/4 1/3 

Area 3 1 1 1/3 1/2 1/3 1/4 

𝛥T bandwidth 5 3 3 1 3 1/2 1 

Building 

Insulation 

3 2 2 1/3 1 2 3 

HVAC  load

Building peak load

% 

5 4 3 2 1/2 1 1 

Lighting  load

Building peak load

% 

4 3 4 1 1/3 1 1 

 

5.4.2.3.4 Level 4 - Pairwise Comparison Matrix of the Alternatives with respect to 

each Attribute: 

Pairwise comparison matrices between the five commercial buildings with respect 

to different attributes are shown in TABLE XVIII - TABLE XXIV  
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TABLE XVIII PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

OCCUPANCY 

Occupancy High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 1/3 3 1/5 3 

Mid-rise Office 3 1 3 1/3 3 

Middle School 1/3 1/3 1 1/7 2 

Strip Mall 5 3 7 1 5 

Hospital 1/3 1/3 1/2 1/5 1 

 

TABLE XIX PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

INITIAL THERMOSTAT SETPOINT TEMPERATURE (To) 

Initial setpoint 

(𝑇𝑜) 

High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 3 6 5 6 

Mid-rise Office 1/3 1 7 4 7 

Middle School 1/6 1/7 1 1/2 1 

Strip Mall 1/5 1/4 2 1 1/2 

Hospital 1/6 1/7 1 2 1 
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TABLE XX PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

AREA 

Area High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 2 5 9 1 

Mid-rise Office 1/2 1 2 8 1/2 

Middle School 1/5 1/2 1 5 1/3 

Strip Mall 1/9 1/8 1/5 1 1/9 

Hospital 1 2 3 9 1 

 

TABLE XXI PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

CHANGE IN THERMOSTAT SETPOINT TEMPERATURE 

𝛥T change High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 7 3 2 1 

Mid-rise Office 1/7 1 1/5 1/7 1/9 

Middle School 1/3 5 1 1 1/3 

Strip Mall 1/2 7 1 1 1/3 

Hospital 1 9 3 3 1 
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TABLE XXII PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

BUILDING ENVELOPE INSULATION 

Building    

Insulation 

High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 1 5 3 3 

Mid-rise Office 1 1 3 2 3 

Middle School 1/5 1/3 1 1/3 1/5 

Strip Mall 1/3 1/2 3 1 1 

Hospital 1/3 1/3 5 1 1 

 

TABLE XXIII PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

HVAC-TO-BUILDING-PEAK LOAD RATIO 

HVAC  load

Building peak load
% 

High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 1 1/5 1/5 3 

Mid-rise Office 1 1 1/5 1/5 3 

Middle School 5 5 1 1 3 

Strip Mall 5 5 1/3 1 3 

Hospital 1/3 1/3 1/3 1/3 1 
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TABLE XXIV PAIRWISE COMPARISON MATRIX OF BUILDINGS WITH RESPECT TO 

LIGHTING-TO-BUILDING-PEAK LOAD RATIO 

Lighting  load

Building peak load
% 

High-rise   

Office 

Mid-rise   

Office 

Middle   

School 

Strip   

Mall  

Hospital 

High-rise Office 1 2 1/5 1/6 1/3 

Mid-rise Office 1/2 1 1/5 1/6 1/3 

Middle School 5 5 1 1/2 4 

Strip Mall 6 6 2 1 3 

Hospital 3 3 1/4 1/3 1 

 

5.4.2.4 Normalized Eigenvectors at each level of the AHP Structure in Fig. 25 

This section presents the resulting values of principal eigenvalue, consistency 

ratio (CR), normalized priorities (NP) and ranks of different alternatives at each level 

of the AHP structure (using AHP calculator [118]).  

5.4.2.4.1 Level 1 - Normalized Eigenvectors showing Weightage of Expert 

Opinions:   

The normalized priority vector and order of ranking between the customer 

relations department and system operator is shown in TABLE XXV. 
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TABLE XXV NORMALIZED WEIGHTS AND RANKS SHOWING WEIGHTAGE OF 

EXPERT OPINIONS 

 𝜆𝑚𝑎𝑥 : 2 CR: 0% 

Experts NP Rank 

Customer Relations 0.25 2 

System Operator 0.75 1 

 

 

5.4.2.4.2 Level 2 - Normalized Eigenvectors showing Weightage of each Sub-goal 

with respect to Expert Opinions:  

The resulting principal eigenvalue, consistency ratio, normalized priorities and 

ranks of the sub-goals, with respect to each of the experts, is shown in TABLE XXVI.  

TABLE XXVI RESULTING WEIGHTS AND RANKS FOR SUB-GOALS BASED ON 

EXPERT OPINION 

 Customer relations 

department 

System operator 

 𝜆𝑚𝑎𝑥: 4.143 CR: 5.2% 𝜆𝑚𝑎𝑥 : 4.167 CR: 6.1% 

Sub-goal description NP Rank NP Rank 

Maximize energy savings 0.420 1 0.130 3 

Minimize demand charge 0.334 2 0.184 2 

Minimize discomfort 0.138 3 0.066 4 

Avoid demand restrike 0.108 4 0.620 1 
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5.4.2.4.3 Level 3 - Normalized Eigenvectors showing Weightage of each Attribute 

with respect to Different Sub-goals:  

The resulting principal eigenvalue and consistency ratio for pairwise comparison 

matrices of different building attributes with respect to the specified sub-goals is 

shown in TABLE XXVII. 

TABLE XXVII RESULTING WEIGHTS AND RANKS FOR VARIOUS ATTRIBUTES 

BASED ON SUB-GOALS 

 Maximize 

energy savings 

Minimize 

demand charge 

Minimizing 

discomfort 

Avoid demand 

restrike 

 𝜆𝑚𝑎𝑥: 

7.775 

CR: 

9.6 % 

𝜆𝑚𝑎𝑥:

7.366 

CR:  

4.6 % 

𝜆𝑚𝑎𝑥: 

7.738 

CR: 

9.2 % 

𝜆𝑚𝑎𝑥: 

7.695 

CR: 

8.6 % 

Attributes NP Rank NP Rank NP Rank NP Rank 

Occupancy 0.032 7 0.038 7 0.242 1 0.037 7 

Initial setpoint (𝑇𝑜) 0.108 5 0.065 5 0.195 2 0.071 6 

Area 0.133 4 0.058 6 0.145 5 0.071 5 

𝛥T bandwidth 0.165 3 0.200 3 0.162 4 0.227 1 

Building Insulation 0.195 2 0.091 4 0.165 3 0.212 3 

HVAC  load

Building peak load
% 0.295 1 0.281 1 0.061 6 0.212 2 

Lighting  load

Building peak load
% 0.070 6 0.266 2 0.030 7 0.172 4 

 

 

5.4.2.4.4 Level 4 - Normalized Eigenvectors showing Weightage of each Alternative 

with respect to Different Buildings: 

The corresponding results of principal eigenvalue, consistency ratio, normalized 

priorities and ranks for pairwise comparison matrices between different commercial 

buildings with respect to aforementioned building attributes is shown in TABLE 

XXVIII. 
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TABLE XXVIII RESULTING WEIGHTS AND RANKS FOR VARIOUS ALTERNATIVES 

BASED ON DIFFERENT ATTRIBUTES 

Building  Occupancy Initial 

setpoint (𝑇𝑜) 

Area 𝛥T bandwidth Building 

Insulation 

𝐻𝑉𝐴𝐶  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑
   

(%) 

𝐿𝑖𝑔ℎ𝑡𝑖𝑛𝑔  𝑙𝑜𝑎𝑑

𝐵𝑢𝑖𝑙𝑑𝑖𝑛𝑔 𝑝𝑒𝑎𝑘 𝑙𝑜𝑎𝑑

(%) 

 𝜆𝑚𝑎𝑥: 

5.285 

CR:  

6.3% 

𝜆𝑚𝑎𝑥: 

5.180  

CR: 

4%   

𝜆𝑚𝑎𝑥:  

5.098 

CR:  

2.2% 

𝜆𝑚𝑎𝑥:  

5.103 

CR: 

2.3%  

𝜆𝑚𝑎𝑥: 

5.228 

CR: 

5.1%  

𝜆𝑚𝑎𝑥:  

5.434 

CR: 

9.6%  

𝜆𝑚𝑎𝑥:  

5.195 

CR: 

4.3%  

 NP Rank NP Rank NP Rank NP Rank NP Rank NP Rank NP Rank 

High rise 

office 
0.135 3 0.482 1 0.359 1 0.317 2 0.348 1 0.103 3 0.067 4 

Midrise 

office 
0.227 2 0.314 2 0.190 3 0.033 5 0.299 2 0.103 3 0.051 5 

Middle 

School 
0.073 4 0.055 5 0.102 4 0.133 4 0.058 5 0.362 1 0.323 2 

Strip Mall 0.505 1 0.074 4 0.029 5 0.156 3 0.141 4 0.362 1 0.422 1 

Hospital 0.060 5 0.075 3 0.319 2 0.361 1 0.153 3 0.070 5 0.137 3 

 

In order to obtain the priority order of demand curtailment between the five 

participating commercial buildings, the normalized priority vectors at each level 

(shown in sections 5.4.2.4.1 - 5.4.2.4.4) must be multiplied. The overall demand 

curtailment allocation priority vector is obtained as shown in equation set D: 

Equation set D: 

𝐿1 = [0.25
0.75

] 

 

𝐿2 = [

0.420 0.130
0.334 0.184
0.138 0.066
0.108 0.620

] 
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𝐿3 =

[
 
 
 
 
 
 
0.032 0.038 0.242 0.037
0.108 0.065 0.195 0.071
0.133 0.058 0.145 0.071
0.165 0.200 0.162 0.227
0.195 0.091 0.165 0.212
0.295 0.281 0.061 0.212
0.070 0.266     0.030 0.712]

 
 
 
 
 
 

 

 

𝐿4 =

[
 
 
 
 
0.135 0.482 0.359
0.227 0.314 0.190
0.073 0.055 0.102
0.505 0.074 0.029
0.060 0.075 0.319

    

0.317 0.348 0.067
0.033 0.229 0.051
0.133 0.058 0.323
0.156 0.141 0.422
0.361 0.153 0.137]

 
 
 
 

 

 

DS curtailment priority factor =  L4 ∗ L3 ∗ L2 ∗ L1    

 

The overall demand curtailment priority vector (W) calculated using equation set 

D is shown in TABLE XXIX. 

TABLE XXIX OVERALL BUILDING DEMAND CURTAILMENT WEIGHTS 

 High-rise 

Office 

Mid-rise 

Office 

Middle 

School 

Strip 

Mall 

Hospital 

Weight 0.2414 0.1480 0.1904 0.2441 0.1761 

 

Note that this is the overall priority vector for distribution of demand curtailment 

among the five participating buildings. This is obtained considering sensitivities and 

judgements of different experts (see level 1 in Fig. 25) with respect to different 

objectives such as maximizing energy savings, minimizing discomfort etc., (see 

level 2 in Fig. 25) and various building attributes (see level 3 in Fig. 25). 

Case studies are now performed by increasing the magnitude of load curtailment 

from 100-400 kW with increments of 50 kW. In the case of a building being unable 
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to honor a demand curtailment request allotted to it, the excess load is redistributed 

among remaining buildings keeping their relative ratio of contribution intact.                         

5.5 Case Studies 

Typically, a DR event on a summer weekday can occur anytime between 1-7 PM 

[119]. In this chapter, a 4-hour period (1-5 PM) encapsulating the electrical grid peak 

is considered to execute HVAC thermostat setpoint interventions in commercial 

buildings. Case studies are performed on the hottest day of the year - July 1st, 2019 

when dry-bulb temperature reached a peak of 96℉. Seven case studies are performed 

by varying the requested demand curtailment from 100kW to 400 kW in increments 

of 50kW. This demonstrates that the tool works under extreme conditions, thus 

validating its applicability in milder conditions. In this study, peak demand 

curtailment corresponds to a difference in hourly peak demand before and after the 

HVAC thermostat setpoint intervention. As an example, the operation of the tool for 

a 100kW curtailment is detailed below: 

Demonstration of a 100-kW grid peak demand curtailment  

A demand curtailment (DC) request of 100 kW will be split among the 

participating five commercial buildings according to the split listed in TABLE XXXI. 

Hence, the required demand curtailment contribution by each building should be as 

listed in TABLE XXX.  

TABLE XXX EACH BUILDING’S CONTRIBUTION FOR A 100 kW DEMAND 

CURTAILMENT REQUEST 

 High-rise 

Office 

Mid-rise 

Office 

Middle 

School 

Strip 

Mall 

Hospital 

Demand 

Curtailment (kW) 24.14 14.80 19.04 24.41 17.61 

 

By doing a parametric analysis of the five building energy models with respect to 

HVAC thermostat setpoint interventions (see section 4.2.1 for thermostat setpoint 

intervention method) during the control period, we obtain TABLE XXXI.  
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TABLE XXXI DEMAND REDUCTION IN BUILDINGS DUE TO HVAC THERMOSTAT 

SETPOINT INTERVENTIONS 

Building Type +1℉ +2℉ +3℉ +4℉ +5℉ Req DC  Rank DC excess 

High-rise Office 12.7 32.5 108.5 191.0 218.3 24.1 2 8.4 

Mid-rise Office 2.6 13.6 20.8 29.7 80.6 14.8 5 6.0 

Middle School 6.1 12.3 18.6 24.9 31.2 19.0 3 5.9 

Strip Mall 0.1 1.4 5.0 9.5 14.2 24.4 1 -10.2 

Hospital 10.6 21.0 31.5 41.9 52.4 17.6 4 3.4 

 

Note that the strip mall ranks first according to the AHP algorithm and is required 

to contribute 24.4 kW. But, as can be seen from TABLE XXXI, the highest amount 

of demand curtailment provided by the strip mall is 14.2 kW, for a +5℉ increment 

in setpoint temperature. This leaves a deficit of 10.2 kW, which needs to be 

redistributed among the remaining buildings. Considering this limiting condition, 

HVAC thermostat setpoint interventions have been performed optimistically, i.e., in 

a way that demand curtailment met is always higher than demand curtailment 

requested. This leads to a net excess demand curtailment of 23.7 kW. After 

considering the 10.2 kW demand curtailment deficit created by strip mall, in this 

case study, a total demand curtailment of 113.5 kW has been produced by all the 

participating commercial buildings, thus ensuring that the grid peak demand 

curtailment request (of 100 kW) has been met. As the magnitude of demand 

curtailment request increases, this iterative process is continued until a convergent 

mapping between sets of {Δp} and {ΔT} is obtained.  

5.6 Results and Discussion  

Results indicate that the contribution of each building towards demand 

curtailment is heavily influenced by the change in thermostat setpoint temperature, 
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followed by occupancy. The HVAC-to-building peak load ratio and initial 

thermostat setpoint temperature have similar weightage. The tonnage of HVAC 

system is sized based on the floor area it serves and the indoor temperature is in the 

range of 67 – 82℉. The thermal insulation level of the envelope and operational 

timings of the building have the least influence among the selected attributes of the 

building. Ranking of demand curtailment amongst buildings with respect to each 

sub-goal is shown in TABLE XXXII. 

TABLE XXXII DEMAND CURTAILMENT PRIORITY FACTOR AND RANKS FOR 

VARIOUS BUILDINGS BASED ON DIFFERENT SUB-GOALS 

 Minimizing 

discomfort 

Maximize 

energy savings 

Minimize 

demand charge 

Avoid demand 

restrike 

Overall 

Bldg # NP Rank NP Rank NP Rank NP Rank NP Rank 

1 0.4285     1 0.4616     1 0.4413     1 0.4448 1 0.4378 1 

2 0.2064     2 0.1954     2 0.2028     2 0.2024 2 0.2035 2 

3 0.1092     5 0.1076     5 0.1126     5 0.1107 5 0.1097 5 

4 0.1291     4 0.1299     4 0.1411 4 0.1304 4 0.1316 4 

5 0.1518     3 0.1400     3 0.1416     3 0.1404 3 0.1471 3 

 

In this case, the ranking order of buildings with respect to each of the sub-goals is 

consistent in revealing that the change in thermostat temperature is heavily 

influencing the ranking order of demand curtailment amongst buildings.  

As shown in section 5.4.2.3.1, TABLE XI represents a pairwise comparison matrix 

showing the importance of the customer relations department (building manager) 

and electric utility operator. Since the initial thermostat setpoint (70℉) is well within 

thermal comfort limits, the system operator’s opinion is given a higher weightage 

(marked as 3) reinforcing a strong top-down control. The priority vector 

corresponding to maximum eigenvalue at this level is [0.25; 0.75]. Similar 



 

105 
 

comparison matrices at each level result in corresponding priority vectors, as 

indicated in section 5.4.2.3. The corresponding normalized eigenvectors at each 

level are presented in section 5.4.2.4. By multiplying the eigenvectors at each level 

as per equation (1), overall building demand curtailment weights shown in TABLE 

XXIX are obtained. 

TABLE XXXIII summarizes adjusted demand curtailment results obtained by 

using the developed tool for different amounts of demand curtailment (DC) ranging 

between 100-400 kW. From TABLE XXIX, the strip mall’s contribution towards a 

load curtailment request of 100 kW should be 24.4 kW, however, at its highest 

temperature setpoint increment, the strip mall is only able to contribute 14.2 kW. 

Hence, excess demand is redistributed among remaining buildings in the same 

relative proportion, resulting in adjusted demand curtailment weights shown in 

TABLE XXXIII. 

TABLE XXXIII DEMAND CURTAILMENT ALLOCATION - ADJUSTED 

DC High-rise 

Office 

Mid-rise 

Office 

Middle 

School 

Strip 

Mall 

Hospital 

100 27.4 16.8 21.6 14.2 20.0 

150 44.6 27.4 31.2 14.2 32.6 

200 66.0 40.5 31.2 14.2 48.1 

250 71.6 80.6 31.2 14.2 52.4 

300 121.6 80.6 31.2 14.2 52.4 

350 171.6 80.6 31.2 14.2 52.4 

400 221.6 80.6 31.2 14.2 52.4 

 

TABLE XXXIII shows that the buildings reach their limiting conditions in the 

following order: strip mall, middle school, hospital, mid-rise office, and high-rise 

office. Since a conservative initial setpoint temperature of 70℉ is assumed in our 

design, HVAC thermostat setpoint temperature increment bandwidth of +5℉ serves 
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as the limiting constraint. In cases where a higher initial HVAC thermostat setpoint 

temperature is assumed, building indoor temperature is likely to be the limiting 

constraint.  

Commercial building energy models developed in the first step are now utilized 

to translate the adjusted load curtailment to corresponding HVAC thermostat 

setpoint increments. The HVAC thermostat setpoint increments (Δ𝑇, ℉) and 

corresponding load reduction (Δ𝑝, 𝑘𝑊) are listed in TABLE XXXIV. Additionally, 

the first, and last columns of TABLE XXXIV display requested and satisfied amounts 

of demand curtailment.  

TABLE XXXIV DEMAND CURTAILMENT ALLOCATION - IMPLEMENTATION 

DC 

required 

High-rise 

Office 

Mid-rise 

Office 

Middle 

School 

Strip Mall Hospital  DC met 

 Δp ΔT Δp ΔT Δp ΔT Δp ΔT Δp ΔT  

100 32.5 2 20.8 3 24.9 4 14.2 5 21.0 2 113.4 

150 108.5 3 29.7 4 31.2 5 14.2 5 31.5 3 215.1 

200 108.5 3 29.7 4 31.2 5 14.2 5 31.5 3 215.1 

250 108.5 3 80.6 5 31.2 5 14.2 5 52.4 5 286.9 

300 191.0 4 80.6 5 31.2 5 14.2 5 52.4 5 369.4 

350 191.0 4 80.6 5 31.2 5 14.2 5 52.4 5 369.4 

400 218.3 5 80.6 5 31.2 5 14.2 5 52.4 5 396.7 

 

Demand curtailment requests of 150 kW and 200 kW appear the same, as both 

these cases result in a total demand curtailment of 215.1kW. This is because HVAC 

thermostat setpoint interventions are incremented in steps of 1℉. A similar 
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observation is made for curtailment requests of 300 kW and 350 kW. Also, note that 

demand curtailment has been executed optimistically. The only exception to this 

being the case of 400 kW curtailment request, where the system reaches its limiting 

conditions and is therefore able to honor only 396.7 kW. Note that demand 

curtailment limit for each building is defined based on indoor temperature of the 

building being within limits specified in [13]. Percentage contribution of each 

commercial building for various levels of demand curtailment request is depicted in 

Fig. 26. 

 

Fig. 26. Percentage of contribution to selected electric grid peak demand curtailment requests 

(100 - 400 kW) 

As can be seen from Fig. 26, the strip mall with least overall thermal capacity, 

contributes the lowest whereas the high-rise office building with highest overall 

thermal capacity has the highest contribution towards demand curtailment. Note that 

in this case study, the high-rise office building and hospital building have an area of 

250,000 ft2 and a comparable HVAC to peak load ratio of 31% and 25% 

respectively.  As was shown in TABLE XXVIII, high rise office building ranks 1 and 

hospital building ranks 3 with respect to amenability in varying the initial thermostat 
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setpoint temperature (𝑇𝑜). This shows that the high-rise office building is relatively 

less temperature sensitive compared to the hospital building and hence is far more 

amenable towards an HVAC thermostat setpoint variation. Individual demand 

curtailment contribution (kW) of each commercial building, for various levels of 

grid peak demand curtailment request, is shown in Fig. 27. 

 

Fig. 27. Individual demand curtailment amount (kW) for each commercial building 

As can be seen from Fig. 27, the strip mall (in purple) reaches its demand 

curtailment limit first, followed by middle school (in green), hospital (in cyan), mid-

rise office (in red), and high-rise office (in blue). The strip mall having the least area 

in the building portfolio has the least amount of thermal inertia and hence reaches 

saturation first, whereas the high-rise building having the largest area has the highest 

amount of thermal inertia and hence a greater ability to contribute towards demand 

curtailment. Therefore, it is the last building to reach saturation. The corresponding 

maximum indoor temperature (𝑇𝑚𝑎𝑥, ℉) during control period across all buildings, 

for various levels of demand curtailment is presented in TABLE XXXV. 



 

109 
 

TABLE XXXV MAXIMUM INDOOR TEMPERATURE DURING THE CONTROL PERIOD 

[1-5 PM] 

DC High-rise 

Office 

Mid-rise 

Office 

Middle 

School 

Strip 

Mall 

Hospital 

100 73.80 78.30 77.45 75.85 73.41 

200 73.97 78.38 77.57 75.85 73.43 

300 74.75 78.47 77.57 75.85 74.71 

350 74.75 78.47 77.57 75.85 74.71 

400 75.53 78.47 77.57 75.85 74.71 

 

Note that maximum indoor temperature across buildings’ ranges between 73.41-

78.47℉, which is well within thermal comfort limit of 82℉, per ASHRAE standard 

55. Fig. 28 illustrates the profile of rise in maximum indoor temperature for each 

commercial building for different levels of demand curtailment request.  

 

Fig. 28. Maximum indoor temperature in each building (℉) for various levels of demand 

curtailment request 
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The results show satisfactory performance for demand curtailment within the limit 

of the system. For these case studies the HVAC thermostat setpoint interventions 

were capped at +5℉ increment, to ensure the required occupant thermal comfort 

level. Upon gradually raising the demand curtailment request, the temperature in the 

hottest area of each building was monitored. For example, the high-rise building 

showed the highest variation in indoor temperature from 73.8℉ to 75.53℉ by 

increment of 1.73℉. When the HVAC thermostat setpoint temperatures of all the 

buildings were raised by 5℉, the system (selected portfolio of commercial 

buildings) reached its limit at 396.7 kW. This implies that using the proposed expert-

based scheme, we can mitigate the peak demand in the electric grid successfully 

within the system’s limit. This was done to ascertain that all the buildings lie well 

within the thermal comfort range specified by the ASHRAE Standard 55.  

5.7 Conclusion  

Based on expert opinion, importance of each sub-goal and attributes of each 

building, a priority order of demand curtailment between participating commercial 

buildings, is obtained. Results indicate that change in thermostat setpoint 

temperature and occupancy in the building played a major role in determining which 

building must be prioritized for demand curtailment. 

The execution of the algorithm always ensured that the requested demand 

curtailment was met. This was done to guarantee reliability in affecting grid peak 

demand mitigation. Case studies have been performed for different levels of demand 

curtailment and results show above-expected performance for demand curtailment 

within the limit of the system. The optimality is empirically proven. This AHP-based 

approach enabled us to design an extensive solution compared to our previous work 

in [120]. The solution incorporates several factors regarding buildings and considers 

the sensitivities of experts in a dynamic real-world scenario, hence making it widely 

applicable.   

Further case studies using information from different buildings must be conducted 

to reveal the underlying factors and generalize the priority ranking order of demand 

curtailment in participating commercial buildings under various climatic conditions. 

A summary of results obtained by performing HVAC thermostat setpoint 
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interventions in commercial buildings is presented in Chapter 6. Further details 

regarding the performance of the proposed AHP-based demand curtailment tool 

under different loading conditions are also given.  
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6. RESULTS AND DISCUSSION 

6.1 Introduction 

This chapter summarizes results of the research presented in this dissertation using 

the proposed expert-based demand curtailment scheme. It also presents specific 

results of developing the building energy models presented in Chapter 3. Further, 

the resulting peak demand reduction and energy savings obtained due to HVAC 

thermostat setpoint interventions are quantified. The key findings in this work are 

organized into three sections that correspond to specific chapter results:  

● Section 6.2.1 discusses overall results of using the proposed AHP-based 

demand curtailment scheme; 

● Section 6.2.2 discusses building energy modeling results; and 

● Section 6.2.3 quantifies the impacts of HVAC thermostat setpoint 

interventions on peak demand reduction and energy savings in commercial 

buildings. 

6.2 Key Results 

High fidelity building energy models have been developed in this dissertation.  

These models show accuracy of around 94% and hence serve as digital replicas of 

actual commercial buildings. Further, to improve scalability, minimum dataset 

models are constructed with relatively fewer input parameters and these revealed a 

promising accuracy of about 92%.  

After constructing these digital replicas, parametric analysis is done to analyze the 

impact of HVAC thermostat setpoint interventions in commercial buildings. A 1℉-

increment resulted in about a 3% peak demand reduction and 4.5% increase in 

energy savings across the participating commercial building portfolio. A similar 

observation made for a 5℉ increment in setpoint temperature showed around a 14% 

reduction in peak demand and 15% in energy savings. 

Based on these findings, an expert-based peak demand management tool was 

designed. The match between demand curtailment requested and demand 
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curtailment met during multiple case studies attests to the satisfactory performance 

of this tool across different scenarios. The illustrated case studies show that a 

maximum grid peak reduction of about 400 kW was obtained, solely through HVAC 

thermostat setpoint interventions in five participating commercial buildings.  

6.2.1 Expert-based Grid Peak Demand Curtailment Scheme: Results and Discussion 

This section presents an overview of results obtained by using the expert-based 

tool for curtailing grid peak demand on the hottest day of the year (1st, July 2019). 

Case studies for different levels of demand curtailment -- ranging from 100-400 kW 

-- are presented in Chapter 5. The results show satisfactory performance for demand 

curtailment within the limit of the system. For these case studies, the HVAC 

thermostat setpoint interventions were capped at a +5℉ increment, to ensure 

occupants’ thermal comfort. Upon gradually raising the demand curtailment request, 

the temperature in the hottest area of each building was monitored. For example, the 

high-rise building showed the highest variation in indoor temperature from 73.8℉ 

to 75.53℉ by an increment of 1.73℉. When the HVAC thermostat setpoint 

temperatures of all the buildings were raised by 5℉, the system (selected portfolio 

of commercial buildings) reached its limit at 396.7 kW. This implies that using the 

proposed expert-based scheme, we can mitigate peak demand in the electric grid 

successfully within the system’s limit. This was done to ascertain that all the 

buildings lie well within the thermal comfort range specified by the ASHRAE 

Standard 55.  

The execution of the algorithm always ensured that requested demand curtailment 

was met. This was done to guarantee reliability in affecting grid peak demand 

mitigation. Because of choosing integral HVAC thermostat setpoint increments, the 

resulting demand curtailment was notably high in some cases.  

This could be molded towards an optimal solution, enough to satisfy the requested 

demand curtailment by doing a fractional increment in HVAC thermostat setpoint 

temperature or doing a conservative HVAC thermostat setpoint increment together 

with a lighting control strategy. This now implies that by using the proposed expert-

based scheme, we can mitigate the peak demand in the electric grid successfully.  
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Case studies have been performed for different levels of demand curtailment, and 

results show above-expected performance for demand curtailment within the limit 

of the system.  

6.2.2 Building Energy Modeling: Results and Discussion 

The models developed in eQUEST showed promising accuracy across different 

commercial building types and hence can serve as digital twins for the actual 

buildings. The results of HVAC thermostat setpoint interventions made on the digital 

twins can provide ballpark numbers for peak demand reduction and energy savings 

%, closely reflecting actual observations made in the respective buildings. A linear 

relationship is observed between peak demand reduction and HVAC-to-building 

peak load %; a similar observation is made in case of energy savings %.  

Observations: 

● The high accuracy shows that several important factors affecting building 

energy consumption and the interaction between them has been well 

accounted for. 

● The sensitivity analysis reveals that models are robust with respect to 

thermostat setpoint temperature assumption. 

● Modeling methodology is location-independent and can be extended to 

different types of buildings at different locations and climatic conditions.  

While these serve as examples for ways in which the proposed methodology and 

simulator can be used, they also enable us to obtain deeper insights into the operation 

of transactive grid with active participation of commercial buildings. This helps in 

optimizing commercial building energy performance when participating in a 

transactive energy market. Further, the minimal input dataset models are reasonably 

accurate and enable mass-scaling of building energy model development process. 

Critical research areas leading to significant improvements in the field are also 

pointed out. 
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6.2.3 Impact of HVAC Thermostat Setpoint Intervention on Peak Demand 

Reduction and Energy Savings in Commercial Buildings: Results and Discussion 

From Chapter 4, we infer that HVAC thermostat setpoint interventions have an 

impact on both peak demand reduction and energy savings. Analysis of experimental 

results provide two key insights: a.) medium hot days (when the average outdoor 

temperature is between 70 ℉ and 80 ℉) yield maximum peak demand reduction and 

energy savings b.) larger commercial buildings with high HVAC-to-building peak 

load ratio can produce higher peak demand reduction and energy savings. This can 

be attributed to the high thermal load available for curtailment. 

The promising results obtained as a part of this research pave way towards the 

development of a transactive energy grid with effective DR schemes that create 

favorable outcomes for all stakeholders involved. Chapter 7 concludes this 

dissertation and discusses the future work that needs to be done in this field of 

research. 
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7. CONCLUSION AND FUTURE WORK 

This dissertation proposed an AHP-based scheme to mitigate the grid peak 

demand while inducing energy savings in participating commercial buildings. 

Numerical results testify to the effectiveness of the proposed scheme. One of the 

cornerstone contributions of this dissertation is also the development of high-fidelity 

building energy models which can be used to do a thorough impact analysis of 

different interventions. This chapter outlines the key conclusions from developing 

this AHP-based demand curtailment scheme to address grid peak reduction. Further, 

peak demand reduction potential and corresponding energy savings are also 

quantified. This is achieved by performing an impact analysis of HVAC thermostat 

setpoint interventions by using high fidelity building energy models. 

7.1 Conclusion 

As a part of this research, an expert opinion-based tool for demand curtailment 

via HVAC thermostat setpoint control has been constructed. The developed tool 

optimally allocates demand curtailment among participating commercial buildings 

and translates it into appropriate HVAC thermostat setpoint interventions. Case 

studies are performed by varying the load curtailment (100-400 kW) on the hottest 

day of the year, 1st July 2019, when the outdoor dry-bulb temperature reached a 

peak of 96℉. Results show good performance for different levels of demand 

curtailment. This demonstrates that the tool works under extreme conditions, thus 

validating its applicability in milder conditions. The developed tool is agile and 

robust and can be further extended to include other DSM strategies like control of 

lighting, battery, and electric vehicle charging. 

This research provides an improved understanding of buildings’ thermal 

flexibility for varying levels of demand curtailment requests. Additionally, it 

delivers insights to maximize buildings’ economic benefits while being sensitive to 

occupant thermal comfort. A priority order of demand curtailment is obtained by 

considering experts’ opinions, the weightage of each sub-goal, and the attributes of 

participating commercial buildings. Results indicate that change in thermostat 

setpoint temperature and occupancy in the buildings played a major role in 

determining which building must be prioritized for demand curtailment. The 
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knowledge gained through this research will be helpful in developing new and 

improved controls for reducing buildings’ and distribution networks’ peak demand. 

With these benefits, the designed strategy is successful and has large potential for 

applications across different electric distribution systems.  

Accurate building energy models act as a cornerstone for understanding the 

realistic operation of the proposed AHP-based framework. As presented in Chapter 

3, a procedure for developing high-fidelity building energy models is outlined. In 

this method, the assumptions made are subject to various building energy codes and 

standards; for example, the assumptions in the thermal insulation category comply 

with IBC 2015 and ASHRAE standard 90.1 – 2016. The HVAC system is configured 

as per ASHRAE Standard 62.1 – 2016 for ventilation [11] and ASHRAE Standard 

55 for thermal environmental conditions [13]. Through careful modeling, the error 

% range was minimized to 6.7%. The parametric analysis done for the initial HVAC 

thermostat setpoint showed an error variation ranging from 4.7-6.8%, which testifies 

to the robustness of the building energy modeling method. Furthermore, the reduced 

order models showed a promising result with error ranging between 7.6-8.8%, 

demonstrating high scalability in constructing accurate building energy models. 

 These high-fidelity building energy models are now used to analyze the impact 

of HVAC thermostat setpoint interventions in various commercial buildings. On hot 

days (when outdoor dry-bulb temperature is greater than 80℉), the HVAC system 

is continuously running and so reducing the thermostat setpoint results in relatively 

lesser change, whereas on medium-hot days (when the outdoor dry-bulb temperature 

is between 70℉ and 80℉), raising the setpoint might result in the HVAC system 

turning off, causing significant peak demand reduction and energy savings. From 

Chapter 4 (TABLE IV), peak demand reduction potential during DR period 

(𝛥𝑃𝑅𝐷𝑅%) ranges between 1.0-4.3% for the 1℉ increment in HVAC thermostat 

setpoint temperature and between 8.1-20.1% for the 5℉ increment across the 

selected building portfolio. Similarly, for a 1℉ increment in HVAC thermostat 

setpoint temperature, energy savings range between 1.7-10.1% and 7.6-20.5% for a 

5℉ increment. It must also be noted that the buildings with the highest HVAC-to-

peak load ratio offer the highest peak demand reduction and corresponding energy 

savings.  
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7.2 Future Work 

While the AHP tool’s usefulness for performing HVAC thermostat setpoint 

interventions has been established, its utility can be further extended to study other 

areas. Encouraging commercial buildings to transact with the electric grid involves 

several binding elements and multiple stakeholders. Due to the multivariate nature 

of this problem, there are several opportunities for expanding this dissertation work. 

These opportunities have been addressed in two parts - first, testing the performance 

and robustness of the AHP tool by varying different parameters and scenarios and, 

second, considering broader areas of investigations such as the impact of HVAC 

thermostat setpoint interventions on demand charge in buildings. Some specific 

questions to be answered in these regards include the following: 

Future avenues to evaluate the proposed AHP tool: 

● How does the proposed scheme work under different climatic conditions? 

● How does the AHP method perform when the participating buildings have 

different initial HVAC thermostat temperature setpoints? 

● What happens if the priorities between different attributes at each level 

change?  

● What is the outcome of incorporating precooling strategy into the proposed 

framework - how would it take care of demand restrikes? 

● How does the proposed AHP tool perform in different electricity markets?  

Future avenues for overall investigation: 

● How much energy savings are obtained by using the proposed tool along 

with a precooling strategy in different electricity markets? 

● How much more demand can be curtailed by varying the lighting load in 

the building? 

● How does the proposed tool perform upon incorporation of rooftop solar 

PV and EVs into the system? 
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● What features need to be incorporated into the proposed tool to manage 

demand charge in commercial buildings across different seasons? 

● What is the overall impact of using reduced order building energy models 

vs high fidelity building energy models, while implementing the proposed 

scheme?   

● How to use machine learning techniques for model calibration, in order to 

automate development of high-fidelity building energy models?  

 

Answering these questions will create a dynamic environment for commercial 

buildings to interact with the electric grid in a robust and reliable fashion, paving the 

way for a smarter grid.  
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