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ABSTRACT

Globally, urbanization has intensi�ed climate change, increasing the urgency

of monitoring energy consumption and environmental impacts driven by human ac-

tivities, and of formulating evidence-based environmental policies, particularly at a

�ne-grained level in areas where data are scarce or nonexistent. This is critical be-

cause the emissions, primarily from energy use, are a major driver of climate change

(Intergovernmental Panel on Climate Change (IPCC), 2023). The heating and cool-

ing system is the largest source of energy use in urban infrastructure (IEA, 2022a),

prompting policy e�orts to decrease energy demand driven by human activities (IEA,

2022b). To support e�ective policymaking, it is essential to understand the impacts of

human behavior and the built environment on energy use and heat in cities.

Urban metabolism has been studied as a framework to identify internal 
ows

between energy, anthropogenic activities, and the physical and social environments in

cities (Wolman, 1965). Approaching the topic from a scienti�c observational perspec-

tive, the urban metabolism framework is viewed as a composite of three main pillars:

urban energy use, environmental impacts, and human factors (Dobler, Bianco, et al.,

2021). To reduce energy demand by policymaking, evidence such as consistent, accu-

rate, and timely energy data and statistics is a key element in the long-term planning

for investment in the energy sector for both federal and state governments.

Evaluating residential energy policies often lacks 
exibility and e�ectiveness

due to limited data availability and uncertainty at �ne spatial scales. For instance,

data on HVAC operations at the unit level and cooling infrastructure at the census

block level are often insu�cient to support evidence-based energy and environmental

policymaking.
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Observational methods using imagery, such as satellite images and proximal re-

mote sensing, can enhance evidence-based policymaking, particularly in the �elds of

energy and environmental policy. Rooftop observatory cameras have provided critical

data. For instance, Qamar et al. (2022) demonstrated how ground-based hyperspectral

imaging can capture temporal changes in vegetation health alongside air quality mea-

surements. With advancements in arti�cial intelligence (AI) techniques, these obser-

vational methods are increasingly used to generate �ne-grained evidence. This enables

the development of policies informed by ground-truth data on human behavior, which

are often inaccessible through conventional approaches such as surveys and interviews.

This study explored a novel and non-intrusive method of using observation from

images, such as infrared camera images and satellite images, to provide information

that can be used for evidence-based or data-driven policymaking in the energy and

environmental policy �eld. This dissertation provides three aspects of using proximal

remote sensing and machine learning techniques, focusing on the urban metabolism

framework: urban energy use, environmental impacts, and human behavior.

First, how can proximal remote thermal imaging be used to quantify energy

end-use behaviors in a way that could be used to assess the e�cacy of heating and

cooling policies designed to reduce the frequency of air conditioner use? Second, can

we develop an AI model that can be applied to satellite imagery of a small city, using

Wilmington, Delaware, as a case study, to detect heat-mitigating white roofs, with

the long-term goal of using these measurements to inform future mitigation strategies?

Lastly, what are the bene�ts and precautions associated with observational methods,

particularly in determining whether AI-based algorithms can identify and de-identify

behavioral information within aggregate data to evaluate individual privacy protection?

Combining these methods and frameworks, this study demonstrates the feasibil-

ity of using remote sensing for energy and environmental policymaking. For instance,

the �rst study contributes by providing methods to monitor heating and cooling us-

age at the unit level, supporting evidence for New York City's Local Law 97, which

requires building owners to self-report energy usage, and the Cooling Guideline, which
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discourages continuous air conditioning use. The second study supports the U.S. Envi-

ronmental Protection Agency (EPA)'s Cool Roof Program. The �nal study contributes

by reviewing existing laws and policies, evaluating the feasibility of data aggregation

to anonymize behavioral energy use, and assessing whether AI can de-anonymize such

data using remote sensing as a proxy for energy consumption.

The results of this study not only provide evidence for practical policy solu-

tions but also reveal scienti�c phenomena about urban energy metabolism through

observational methods. This study aims to provide policymaking based on scienti�c

phenomena. This research contributes to the study on the impact of human behaviors

and the built environment on energy use and heat in cities.
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Chapter 1

INTRODUCTION

1.1 Energy Use and Heat in Cities

With intensi�ed urbanization, energy consumption is expected to increase due

to population growth and rising demand. According to Creutzig et al. (2015), 37% of

urban direct energy use is in
uenced by socioeconomic conditions, geographic factors,

and urban form. One stream of research on urban energy use focuses on energy con-

sumption patterns (Amen, 2021). Dawood et al. (2017) demonstrated that combining

remotely sensed data from open sources can improve the accuracy of estimating energy

end use.

Energy use and urban heat are closely interrelated, particularly in cities where

dense infrastructure and high human activity drive both energy consumption and heat

accumulation. The operation of heating and cooling systems contributes signi�cantly to

energy use, releasing waste heat into the surrounding environment (Perez-Lombard et

al., 2011). Heat emitted from these systems has been shown to increase the average air

temperature at 2 meters above ground by more than 1°C (Salamanca et al., 2014). This

process intensi�es heat in urban areas, contributing to the Urban Heat Island (UHI)

e�ect. As ambient temperatures rise, energy use increases further due to heightened

cooling demand (Papakostas et al., 2010). This creates a reinforcing cycle of heat

exposure and energy stress on both the built and natural environments.

Thermal comfort is in
uenced by a combination of environmental factors and

occupant behavior related to heating and cooling. Indoor air temperature preferences

dynamically adapt to outdoor climate conditions (J. Lyu et al., 2025). Residents often

make manual or automated adjustments to heating, ventilation, and air conditioning

1



(HVAC) systems to maintain desired comfort levels (Qiang et al., 2023). As demon-

strated by J. Kim et al. (2018), machine learning has been increasingly used to predict

individuals' thermal preferences and residential heating and cooling behaviors. Under-

standing these behavioral patterns is critical for developing energy policies grounded

in scienti�c evidence.

Studies on the dynamic relationship between heat and energy consumption have

explored a range of approaches, from statistical analysis (Ma et al., 2014) to high-

resolution remote sensing (Chen & Hu, 2017). In particular, some studies analyzed the

relationship between thermal comfort and associated human behavior using thermo-

grams and quantitative methods (Ghahramani et al., 2016; D. Li et al., 2018).

Some studies have employed regression models incorporating temperature, hu-

midity, and sociodemographic factors to predict patterns of energy demand (Ayoub,

2019; Huebner et al., 2015). Others have used land surface temperature data to ex-

amine the spatial relationship between buildings and energy consumption (Faroughi et

al., 2020; Ramzan et al., 2022). More recently, machine learning techniques have been

applied to both on-site measurements (Nowack et al., 2021) and satellite imagery (Lau

& Lin, 2024) to capture complex, nonlinear interactions between thermal conditions

and energy use.

1.2 Remote Sensing of Energy Use and Heat in Cities

Remote sensing refers to the acquisition of data about an object or area from a

distance, without direct physical intervention (Campbell & Wynne, 2011). It primarily

utilizes satellite, unmanned aerial (Gargiulo et al., 2023), or ground-based proximal

sensors (Alexopoulos et al., 2023) to conduct remote sensing. In particular, image

processing techniques are applied to remote sensing imagery to analyze spatial patterns

and extract meaningful information (Sowmya et al., 2017).

Remote sensing has been increasingly employed to indirectly estimate energy

use by capturing indicators such as building types (Yaghoobian & Kleissl, 2012), solar

re
ectance (Despini et al., 2016), and roof re
ectivity (Jo et al., 2010). For instance,

2



thermal infrared imagery has been used to detect active HVAC operation by measuring

surface temperature patterns (Ramani et al., 2023). Similarly, remote sensing data on

buildings can be integrated with temperature information to infer energy consumption

patterns (Faroughi et al., 2020).

Remote sensing is used to measure not only energy use but also heat di�erences,

such as the UHI e�ect. UHI is a phenomenon in which air and surface temperature

are measured to be higher in urban areas compared to non-urbanized rural areas (Oke,

1973; Rizwan, Dennis, et al., 2008; Yoo, 2018). To examine this e�ect, temperatures in

both urban and rural areas are measured using satellite and remote sensing technologies

(Almeida et al., 2021).

The application of remote sensing techniques, such as satellites, aerial vehicles,

rooftop observatories, drones, and mounted cameras, varies based on spatial scale. Mar-

tin, Chong, et al. (2022) demonstrated that observing the UHI e�ect and conducting

urban analysis at the mesoscale or city scale can be accomplished using satellites and

aerial vehicles, while building-scale and microscale analyses, such as detecting building

defects, evaluating thermal performance, and assessing UHI mitigation strategies, are

more e�ectively conducted using drones and mounted cameras. Rooftop observatories

and ground-based remote sensing are typically used to analyze data at the neighbor-

hood and local scale (Dobler, Bianco, et al., 2021; Dobler et al., 2015; Martin et al.,

2024).

1.3 Energy End Use Policy

Historically, energy transitions have been driven by resource scarcity, high la-

bor costs, and technological innovations, alongside advancements in energy e�ciency,

smart grids, and international treaties (Solomon & Krishna, 2011). Improving energy

e�ciency is essential for reducing �nal energy consumption and is critical for the devel-

opment and evaluation of e�ective energy policies (Taylor et al., 2010). The residential

building sector is a key component of energy demand and energy e�ciency policy. For

example, Korsavi et al. (2025) identi�ed key determinants of U.S. residential energy

3



consumption at both national and state levels, o�ering important policy implications,

such as New York City's Local Law 97.

Understanding the factors that in
uence household energy consumption is es-

sential for developing policies that promote energy e�ciency in the residential sector.

Korsavi et al. (2025) emphasized that the drivers of residential energy use vary both

spatially and temporally. Similarly, Seyedrezaei et al. (2025) highlighted discrepancies

in actual energy usage estimates, underscoring the need to develop more re�ned mod-

els tailored to speci�c policies and programs. Therefore, it is important to monitor

changes in these drivers and their e�ects across di�erent spatial and temporal scales

to e�ectively inform energy end-use policies.

One of evaluating the e�cacy of energy end-use policies is carbon footprint

analysis of household energy use in the residential sector (Goldstein et al., 2020).

For instance, studies on household and individual energy e�ciency investments are

frequently conducted using online surveys, such as in Udalov et al. (2017). To provide

scienti�c evidence for residential energy consumption detection models for improving

energy e�ciency, thermal imagery and machine learning techniques have been employed

to analyze HVAC operations and model building energy consumption (Acquaah et al.,

2021).

1.4 Heat Mitigation Policy

In addition to policy relevant to the end use of energy, policy related to heat

mitigation in cities is a common factor, including cool surfaces or pavements (white,

blue, or green roofs), vegetation, and city size (Larsen, 2015). B.-J. He et al. (2023)

reviewed existing research on urban heat mitigation and adaptation (UHMA) and

identi�ed several knowledge gaps: (i) the focus on materials and (ii) unsound policy,

which are particularly relevant to this study.

Remote sensing technologies are commonly used to detect cool pavements and

roofs. Studies on the UHI e�ect in cities have primarily focused on the cooling e�ect

and its spatial extent (Ahmadi Venhari et al., 2017). UHI has typically been measured
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using satellite remote sensing (Rasul et al., 2017; Zhou et al., 2018) and thermal

remote sensing techniques (Sobrino et al., 2013; Weng, 2009). For example, Mushore

et al. (2022) measured cool roofs as a UHMA metric using Sentinel-2 and Landsat

data. Similarly, J. Park et al. (2024) employed a CNN-based remote sensing method

to identify cool rooftops in satellite imagery, which can support cool roof applications

for UHMA.

Policymakers have utilized remote sensing technologies to better understand

various aspects of the urban heat island (UHI) e�ect, including its spatial extent and

intensity, its correlation with demographic characteristics and the heat capacity of built

materials, the appropriate policy levels for mitigation, and its impacts on the local

microclimate. As one approach, remote sensing results are used to propose UHMA

strategies by identifying vulnerable areas lacking cool pavements, re
ective roofs, and

vegetation.

1.5 Measurement, Aggregation, and Privacy Policy

Human activities related to energy consumption impact the natural environ-

ment; thus, policies and regulations aim to minimize the negative e�ects that dete-

riorate environmental quality. However, data on human activities related to energy

consumption are often limited to electricity utilities or are entirely unavailable. Static

and dynamic human behavior can be measured through images, text, and audio using

arti�cial intelligence (AI) technologies.

As an example of dynamic measurements of humans, energy use behavioral

data is measured through time-dependent observation for evaluating building perfor-

mance and informing energy conservation strategies. The energy use data are measured

through actions such as window opening, HVAC operation, and lighting control, and

these usage patterns are time-sensitive that can be quantitatively captured through

on-site observation (Peng et al., 2012).

Static data, such as ZIP code, number of residents, age, race, and binary gen-

der classi�cation, are examples of personally identi�able information (PII) that are
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anonymized and protected from identi�cation through basic aggregation techniques.

For instance, geospatial locations and other PII are aggregated to reduce the risk of

re-identi�cation in static datasets (Ohm, 2009).

However, Sweeney (2000) demonstrates that the aggregation of static data is

limited; simple aggregation does not protect smaller populations and increases the

risk of personal identi�cation. These privacy concerns are growing as both static and

dynamic data are increasingly collected through the emergence of remote sensing and

smart meters in the home. This study focuses on behavioral information, which is

critical for energy end-use estimates across a variety of methodologies: smart meters,

direct observation of occupant behavior, remote sensing, etc. Thus, the study explores

how human behavioral data can be protected by aggregation and how to anonymize

the data e�ectively.

1.6 Cities as Complex Interconnected Systems and Urban Metabolism

The phenomenon between human, the built, and natural environments impacted

by energy and heat is relevant to the concept of Urban Metabolism. The study, while

having broad applicability to a variety of key policies related to energy use, heat, and

environmental justice, can also be viewed through the lens of the urban metabolism, a

framework for urban systems that centralizes the complex interconnectedness of their

subsystems.

The concept of urban metabolism was �rst suggested by Wolman (1965), which

introduced urban metabolism as \a socio-natural metaphor to study city-scale material

and energy 
ows" and conceptualized it as \in
ow and out
ow rates of urban resources

to identify system-wide impacts of consumption and production within the urban en-

vironment." The concept of urban metabolism is now used as \a tool to understand

large 
ows in goods, services, materials and energy in concentrated locations"(Broto

et al., 2012), as well as \a leading methodology for quantifying energy consumption and

use patterns in urban environments"(Pincetl et al., 2012). While urban metabolism

is using an approach at the city-scale on material and energy 
ows of production and
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consumption, the concept of energy metabolism emerged after urban metabolism was

de�ned. Kuznecova et al. (2014) de�ned energy metabolism as a new concept, focusing

more on the resilient urban environment, including environmental, social, economic,

technological, and risk aspects. As a mixed concept of urban metabolism and ur-

ban energy metabolism, the concept of urban energy metabolism was �rst de�ned by

Kennedy et al. (2007), which stated the de�nition of urban energy metabolism as a

\sum total of the technical and socio-economic process that occur in cities, resulting

in growth, production of energy and elimination of waste."

The components of urban metabolism are de�ned in various ways. Ch�avez

et al. (2018) de�nes urban metabolism elements as housing, buildings, infrastructure,

and green parks. Housing, buildings, and infrastructure can be assessed by factors such

as ventilation systems, surface waterproo�ng, and the thermal properties of building

materials. Green parks can be estimated based on urban geometry, built-up area

density, and land use patterns (Shahmohamadi et al., 2011). Additionally, housing,

buildings, and infrastructure can be evaluated using building thermal envelopes to

identify evidence of the UHI e�ect (Di Giuseppe et al., 2017; Kandya & Mohan, 2018).

The study examines heat and energy in cities, which can be viewed as facets of

the urban metabolism framework, as shown in Figure 1.1a. First, a 
ow from energy

use to anthropogenic activities and the natural environment produces managed and

unmanaged waste, and emissions. Second, a 
ow from anthropogenic activities to

unmanaged waste and emissions causes impacts on the physical environment. Lastly,

underlying factors such as privacy policy, governance, culture, and behavior are closely

intertwined with the built and natural environments.

While this study does not assess the urban metabolism framework as its primary

focus, it contributes to evidence-based policymaking by examining scienti�c phenomena

related to the impact of human behavior and the built environment on energy use and

heat in cities. The studies can be viewed as facets of the urban metabolism framework,

as shown in Figure 1.1b.

The �rst pillar focuses on unmanaged emissions and the physical environment,
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(a) Modi�ed Conceptual Diagram of Urban Energy Metabolism

(b) Dissertation Structure within Urban Metabolism Framework

Figure 1.1: Conceptual Framework and Research Design. (a) Urban energy
metabolism diagram adapted from Ch�avez et al. (2018). (b) Dissertation structure mapped
onto the metabolism framework, consisting of three pillars.
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situated within the built and natural environment component of urban energy metabolism

theory. For example, heat mitigation interventions, such as green spaces and white roof

initiatives, represent human responses to the natural environment through structural

changes to the built and natural surroundings. Information about cooling infrastruc-

ture can help facilitate the decision-making process for urban heat mitigation.

The second pillar addresses anthropogenic activities and urban stock, aligning

with human behavior and the built environment. For example, energy use and be-

havior is the interaction of humans with their built environment, in
uenced by the

natural environment. The dynamics of heating and cooling infrastructure usage can

be analyzed as the impact of human behavior.

The third pillar centers on privacy, as protections for observing human behav-

ior in buildings remain underexplored from a regulatory perspective. While aggrega-

tion, anonymization, and privacy policies are only tangentially related to the urban

metabolism framework, aspects of interactions within the urban metabolism will in-

evitably involve behavioral data. This is necessary to incorporate human factors into

decision-making and policymaking, supported by evidence through anonymization and

data privacy measures.

1.7 Dissertation Structure

1.7.1 Human Behavior and Energy Use in the Built Environment

Within the framework of urban metabolism, anthropogenic activities generate

widespread energy use and heat throughout the city (Ch�avez et al., 2018; Pincetl et

al., 2012). Studies on end-use energy behavior generally follow three main approaches:

monitoring residential energy consumption, simulating energy consumption behavior,

and applying interventions focusing on improving occupant energy e�ciency (Rafsan-

jani et al., 2015). An empirical approach to measuring occupants' heating and cooling

behavior from a physical perspective can e�ectively predict individuals' thermal pref-

erences (Carr�eon & Worrell, 2018) and improve energy use in buildings (J. Kim et al.,

2018).
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However, previous studies on the impact of human behavior on energy use have

been limited, often relying on second-hand data such as surveys and controlled experi-

ments (Y. He et al., 2020; Rafsanjani et al., 2015). Studies examining human behavior

and energy use at the micro level, through rooftop observatories, 
yovers, and drones,

remain scarce. This gap exists because most research on energy use and 
ows in urban

systems has been highly aggregated at the city level (Carr�eon & Worrell, 2018). Also,

individual human behaviors studies are mostly relying on surveys (Rafsanjani et al.,

2015) and behavioral experiments (Y. He et al., 2020).

By using observational methodologies, it becomes possible to analyze how energy

is used through human behavior in the built environment. For providing a scienti�cally

evidence-based assessment of energy end-use behavior patterns, this study explores a

novel methodological approach: a rooftop observational method for analyzing human

energy-use behaviors in buildings, measured through HVAC operation, as described in

Chapter 2.

1.7.2 The Built Environment and Urban Heat

In the context of urban energy metabolism, the urban heat island (UHI) e�ect

results from unmanaged waste heat generated by human activities and urban infras-

tructure. The UHI increases both urban temperatures and UHI intensity, which in turn

leads to higher energy consumption (Shahmohamadi et al., 2011; L. Yang et al., 2016).

The UHI is driven by both physical factors, such as dense pavement and buildings, and

socio-economic factors, including population growth, urbanization, and human activity

(Sobrino et al., 2013; L. Yang et al., 2016; Yoo, 2018).

The UHI e�ect can be mitigated through strategic modi�cations to urban physi-

cal characteristics, such as lowering urban canyon heights and increasing solar re
ectiv-

ity by enhancing tree shading, cooling building surfaces and materials, and expanding

ground vegetation (Aleksandrowicz et al., 2017; Di Giuseppe et al., 2017; Kandya &

Mohan, 2018).
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To propose evidence-based UHI mitigation and adaptation strategies, previous

studies commonly rely on tracking surface temperature gradients from imagery using

remote sensing techniques (Gagnon et al., 2014; Weng, 2009). Focusing on the cooling

potential of building surfaces, particularly rooftops, this study develops a AI{based

model for detecting white roofs from satellite images, as described in Chapter 3.

1.7.3 Human Behavior, Privacy, and Policies

Within the broader scope of research on technology and privacy, privacy protec-

tion and ethical considerations arise when measuring human behavior using quantita-

tive methods. A primary concern in this context is how behavioral patterns associated

with human activity can be protected from re-identi�cation through simple aggrega-

tion, as described by Sweeney (2000).

Behavioral data may encode identi�able characteristics and can be categorized

into static and dynamic features based on time-dependent observations (Petridis et al.,

2009). The presence of a speci�c individual can potentially be inferred from a dataset

under varying levels of data aggregation. To assess data anonymization, this study

seeks to determine the extent to which aggregated data may still contain identifying

information, depending on the level of aggregation applied.

To address these privacy concerns, this study also explores current U.S. privacy

laws and policies related to data protection and aggregation, and tests whether simple

aggregation techniques can either preserve or compromise anonymity when analyzed

using AI methods. The goal is to o�er policy implications that highlight the need to

incorporate privacy protections, as described in Chapter 4.

1.7.4 Evidence-Based Policy Implication

Chapter 2 examines the research question: How can proximal remote thermal

imaging be used to quantify energy end-use behaviors in a way that could be used to

assess the e�cacy of heating and cooling policies designed to reduce the frequency of

air conditioner use? This study explores how proximal remote thermal imaging can be
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applied to empirically evaluate the e�ectiveness of such policies. The results of this

analysis provide additional evidence to support local energy e�ciency and monitoring

e�orts, such as New York City's Local Law 97 and Cooling Guidelines.

Chapter 3 poses the research question: Can we build an AI model that can

be applied to satellite imagery of a small city, using Wilmington, Delaware, as a case

study, to detect heat-mitigating white roofs, with the future goal of using these mea-

surements to inform mitigation strategies? This study investigates how white roofs

can be identi�ed using satellite imagery to support the mitigation of the UHI e�ect at

the street or neighborhood level. The results of this analysis contribute to urban heat

mitigation strategies at the state or local government level, such as those promoted by

the U.S. Environmental Protection Agency (EPA)'s Heat Island Mitigation Strategies.

Chapter 4 addresses the research question: What are the bene�ts and pre-

cautions associated with observational methods, particularly in determining whether

AI-based algorithms can identify and de-identify behavioral information within aggre-

gate data to evaluate individual privacy protection? This study investigates whether

AI-based algorithms can extract and anonymize behavioral information from aggregate

data to assess privacy risks. The results of the analysis provide evidence to support

the protection of behavioral privacy in response to the growing use of smart meters

and remote sensing technologies.

By utilizing remote sensing and machine learning techniques, these three studies

demonstrate how analytical results can inform evidence-based policymaking, particu-

larly in the �elds of energy and environmental policy. Speci�cally, the methodologies

and �ndings of this study o�er valuable insights into overcoming challenges related to

data accessibility. The AI methods developed in this study can help estimate energy

and environmental indicators from imagery, especially in regions with limited electricity

access or unavailable data, thereby supporting informed policy development. Overall,

this study underscores the potential of AI technologies as e�ective tools for generating

actionable evidence to guide policy design and implementation.
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Chapter 2

A NOVEL METHOD TO ASSESS THE DEPENDENCE OF END USE
BEHAVIOR OF HEATING/COOLING SYSTEMS ON

ENVIRONMENTAL CONDITIONS

Abstract

Byproducts of energy use are among the leading drivers of emissions that can

lead to climate change, particularly in cities that have high population density and

high energy end-use. Heating and cooling represent the largest source of energy use

in urban infrastructure (IEA, 2022a), and thus signi�cant policy e�orts have been

implemented to reduce energy demand (IEA, 2022b). For example, under the Climate

Leadership and Community Protection Act (Climate Act) in 2019, the State of New

York City (NYC) set a goal of reducing greenhouse gas (GHG) emissions by 85% of

the 1990 level by 2050, generating 70% of electricity from renewable energy by 2030,

and implementing 100% zero-emission electricity by 2040. As buildings account for

about two-thirds of GHG emissions in the city, the state government has set a goal of

reducing those in large buildings by 40% by 2030 and 80% by 2050 under Local Law

97. Estimates of the e�cacy of these policies are often di�cult as they rely on either

self-reporting. For example, the Local Law 97 energy use analysis incorporates metrics

of consumption that are self-reported by the owners of the buildings covered by the

law or on detailed utility data, which is not available broadly and di�cult to collect

in areas where utility infrastructures are unavailable (Salimifard et al., 2022). Thus,

monitoring of residential energy use often lacks 
exibility and e�ectiveness due to data

availability and uncertainty (Linn�eusson et al., 2020; Yazar & Arslan, 2018) as well as

temporal granularity. That said, buildings' heating, ventilation, and air conditioning
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(HVAC) can be used to measure energy consumption from the demand side (Rotger-

Griful et al., 2016) to evaluate energy end use and potential policy-induced reductions.

Therefore, this study is about non-intrusive method of energy use monitoring that

uses proximal infrared remote sensing of building envelopes to �nd patterns of heating

and cooling use. The results show that the method can discern on-and-o� patterns

of externally facing cooling units (ACs) in a dense urban scene at distances up to

approximately 1.24 miles. Patterns of heating and cooling use are robust to e�ectively

evaluate policy mechanisms for reducing electricity demand. This study has tested two

cases of residential buildings in NYC, one in downtown Brooklyn and a public housing

project in North Brooklyn, representing diverse local socio-economic characteristics

of the resident population. This study used� 112,320 infrared images at 10-second

intervals of the buildings' facades taken from June 7 to July 15, 2018, from 21:00

pm to 05:00 am at a distance of up to 1 km. This study has applied computer vision

techniques to a sequence of infrared images to identify exterior-venting HVAC units and

generate their infrared time series, which correlates directly with their temperature. A

one-dimensional edge detection algorithm is used to determine the on/o� transitions

of each air conditioning unit. The analysis reveals both aggregated and disaggregated

patterns of end-user behavior that are direct proxies for total heating and cooling

use. Finally, the results demonstrate that behavioral patterns of energy end use are

correlated with temperature and humidity.

2.1 Introduction

Globally, as cities with high population density and high end-use of energy in-

tensi�ed climate change, energy consumption is a leading driver of emissions (Intergov-

ernmental Panel on Climate Change (IPCC), 2023). All building operations account

for approximately 30% of global energy sector emissions (IEA, 2022b). More than 110

countries have established milestones to improve the building envelope, such as build-

ing materials and design, which separate interior and exterior thermal environments

and contribute to the improvement of energy e�ciency (IEA, 2022a). The focus on
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managing the electricity sector emerged following the 2000-2001 California electricity

crisis, which resulted in large-scale blackouts due to electricity supply shortages during

peak demand periods (Joskow, 2001).

In particular, proximal remote sensing can be used for monitoring residential

energy use (Linn�eusson et al., 2020; B. Wang et al., 2022; Yazar & Arslan, 2018).

Thermographic imaging has been used to analyze the thermal radiation of building

envelopes, based on thermographic technology that detects the thermal radiation emit-

ted by objects by capturing the temperature distribution across a surface or a scene

(Bayomi et al., 2021; Dobler, Bianco, et al., 2021; Gonz�alez-Aguilera et al., 2013;

Mahmoodzadeh et al., 2023; Natephra et al., 2017).

Quantitative methodologies were used to measure the temporal granularity of

the hour to analyze the thermal envelope of the building facade (Ramani et al., 2023).

Previous research on individual or household energy use is typically conducted using

online surveys, as seen in Udalov et al. (2017). Thus, an observational approach has

been studied using image processing at the building and city scales to explore the

behavior of energy end use in heating and cooling systems, expanding the possibility of

using images to analyze energy use (Arjunan et al., 2021; Dobler, Bianco, et al., 2021).

With the advancement of arti�cial intelligence (AI) and thermal imaging tech-

nologies in urban settings, proximal remote sensing methods, such as mounted cameras

and drones, can help address data de�ciencies in the assessment of urban energy de-

mand. Previous studies have used multiple collection methods, including satellites

(Huld et al., 2018; X. Li et al., 2018; Sismanidis et al., 2019; Sta�ell et al., 2022; Y.

Wang et al., 2023; Yao, 2021), aerial vehicles (Chang et al., 2023; Cho et al., 2023;

Ficapal & Mutis, 2019; Gaitani et al., 2017), rooftop observatories (Martin, Ramani,

& Miller, 2022), drones (Autelitano et al., 2023; Baktykerey & Zhanaliyev, 2020; Rad-

hakrishnan et al., 2017; Rakha et al., 2022), and mounted cameras (Lee et al., 2021).

Although satellites and aerial vehicles are commonly used to study the e�ects of

urban heat island (UHI) at the macro-level and city scale (Shi et al., 2021; Zhou et al.,

2018), rooftop observatories, drones, mounted cameras, and mobile devices are used
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to analyze building defects and thermal performance at the micro-scale and building

scale (Ariwoola, 2016; Shariq & Hughes, 2020; Sumer & Turker, 2013; B. Yang et al.,

2023). Using proximal remote sensing technologies, such as rooftop observatories, the

granularity of the images increases compared to satellite images (Dobler et al., 2015),

allowing expanded data collection in previously uncovered areas and at the microscale

level.

The extracted data can contribute to the analysis on the demand side by evalu-

ating the end use of energy and potential policy-induced reductions through established

indicators generated from proximal remote sensing cameras (Arjunan et al., 2020; Bil-

jecki & Chow, 2022). Heating, ventilation, and air conditioning (HVACs) is used as a

measurement of heating and cooling systems to analyze the end use of energy in the

building sector to generate the energy-end use data (Arjunan et al., 2021; Rotger-Griful

et al., 2016).

This study aims to explore the interconnection between energy use, human be-

havior, and thermal comfort. It investigates the research question: How can proximal

remote thermal imaging be used to quantify energy end-use behaviors in a way that in-

forms the e�ectiveness of heating and cooling policies designed to reduce the frequency

of air conditioner use?

The study proposes a novel and advanced approach that utilizes infrared-based

thermography, combined with deep learning and computer vision techniques, to detect

heating and cooling usage in the building sector. It analyzes human behavior pat-

terns related to energy end-use, as detected from infrared images, and examines their

correlation with temperature.

This study is organized as follows: Section 2.2 outlines the data collection pro-

cess for proximal remote sensing and the methods used to analyze energy use patterns

using machine learning techniques. Section 2.3 presents the results of the machine

learning-based model. Sections 2.4 and 2.5 describe the discussion and conclusion.
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2.2 Materials and Methods

2.2.1 Materials

This study captured thermal images using an infrared camera that detects in-

frared radiation emitted from HVAC units. Infrared imaging captures heat on the

exterior venting of HVAC units, enabling us to infer operational patterns of the HVAC

units over time. In this study, the infrared camera was installed in New York Univer-

sity's Center for Urban Science Progress (CUSP) Urban Observatory (Dobler, Bianco,

et al., 2021). Infrared images of building facades were collected from June 7 to July 18,

2018, capturing structures at distances between 500 m and 2 km in Brooklyn, NYC,

and stored in the cloud system.

After checking unavailable image datasets due to weather conditions and camera

autofocus, this study sampled available data over 38 days, from June 7 to July 15,

during nighttime hours (21:00 to 05:00), considering that residents are staying in their

residential buildings. All images were timestamped with capture intervals ranging from

5 to 15 seconds. At the standard 10-second capture interval, the image accumulation

yielded 6 images per minute, resulting in 360 images per hour and 8,640 images per

day. Ultimately, the 112,320 images are used for analysis. Each image was read as a

single intensity converted from a thermal image.

The data collection process followed these steps: First, the rooftop-mounted

IR camera captures infrared radiation, which is a proxy for heat, emitted by building

facades. Second, camera software processes radiation data into a thermal image. Third,

sequential images were captured every 10 seconds. The captured infrared images reveal

HVAC operations through variations in pixel brightness on building facades. Fourth, by

using image processing and computer vision techniques, the patterns of energy end use

of the HVAC units are identi�ed from the 112,320 thermal images. The images were

stored in a cloud-based repository. The image dataset encompasses various distinct

building types. The building complex at the image's bottom left, located approximately

500m from the camera in downtown Brooklyn, was constructed in 2007 and features

modern multi-purpose HVAC units for each residential and commercial space. An
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example of an infrared image of building facades is shown in Figure 2.1, and an example

of extracting HVAC turn-on and o� time series is shown in Figure 2.2.

(a)

Figure 2.1: Example of Thermal Images of Building Facades. An example of the
thermal images of building facades captured by an infrared camera in the South of Brooklyn,
New York City.

For further analysis, hourly meteorological data were manually collected from

the Weather Underground website for the study period (Weather Underground, 2018).

The dataset spans from June 1 to July 31, 2018, with the analysis focused on a subset of

data from June 7 to July 15, 2018. All observations were obtained from the LaGuardia

Airport weather station located in New York City to ensure consistency in geographic

location and data reporting standards. The dataset includes eleven atmospheric vari-

ables recorded on an hourly basis: temperature, dew point, relative humidity, wind

direction, wind speed, wind gust speed, atmospheric pressure, precipitation, and gen-

eral weather conditions. Each observation is timestamped with both date and time to

enable �ne-grained temporal analysis.
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(a) Zoom ins of the infrared
image from the previous �gure:
AC unit in an ON state.

(b) Zoom in of the infrared im-
age from the previous �gure:
AC unit in an OFF state.

(c) Extracted time series of infrared intensity.

Figure 2.2: Infrared Image Showing HVAC Turned On/O� and Extracted Time
Series of Infrared Intensity. (a) Infrared image showing the AC in the ON state. (b)
Infrared image showing the AC in the OFF state. (c) Time series example of the energy
end-use pattern of a single air conditioner unit, based on images captured every 10 seconds
by a rooftop observatory camera from 9:00 PM on June 7, 2018, to 5:00 AM on June 8, 2018.
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2.2.2 Methods

This study utilized IR images and applied AI-based models, such as deep learn-

ing and computer vision algorithms, in the following steps. First, this study applied

image processing and computer vision techniques to identify exterior-venting HVAC

units and generate their infrared time series, which present the infrared brightness,

which scales with the temperature of the HVAC unit. Second, we determine the on

and o� transitions of each HVAC unit using image processing and statistical methods

to identify patterns of energy end use. Third, the turn-on and o� states of the HVAC

are detected by the AI model. Lastly, we tested the correlation between the fraction

of turn-on and o� of HVAC units and temperature.

2.2.2.1 HVAC Location in IR Image

This study aims to determine the pixel location of the HVAC source in the

IR image, so that we can identify the HVAC usage pattern. To characterize baseline

thermal variability across the building surface, we computed the maximum temporal

gradient in brightness for each pixel in the infrared image sequence.

First, we loaded a series of thermal images into the cloud system. Each image

was normalized by the average pixel intensity within a reference region located near the

center of the building, ensuring that spatial comparisons across time were not a�ected

by overall brightness shifts. A one-dimensional Gaussian �lter was then applied along

the temporal axis to smooth short-term 
uctuations while preserving underlying trends.

Second, then we calculated the temporal di�erence using a �xed o�set of 10

frames, equivalent to a 10-second interval, and prominence 0.05, to capture meaningful

changes in surface temperature over time. The absolute di�erence values were com-

puted at each pixel, and the maximum value across all time steps was extracted. This

resulting map of maximum temporal gradients served as a baseline representation of

where and how rapidly thermal changes occurred across the rooftop from June 7 to

June 17. We visualized to highlight spatial patterns in HVAC-related activity and

thermal response across the building fa�cade.
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Based on the analysis of peaks from the Gaussian di�erence of normalized pixels,

this study identi�ed 58 HVAC sources in the modern building, which was selected to

test the capability of proximal remote thermal imaging for empirical assessment of

energy end-use. Figure 2.3 shows the peak of the Gaussian Di�erence for each pixel in

our IR images.

2.2.2.2 HVAC Usage Identi�cation in IR Image Sequences

To generate infrared time series of exterior-venting HVAC unit usage behavioral

patterns, this study �rst constructed a data preprocessing pipeline that converts in-

frared images into time series. The HVAC behavioral patterns can be extracted as a

time series, derived from a sequence of images.

First, we averaged the pixel values within a small, centered window, which is

the half-width of the aperture. The window set as 3 by 3 pixels would yield an aperture

of images. To ensure comparability over time, the histogram of a reference image is

applied to the images. However, this process can have ambient temperature or image

brightness that are not directly related to HVAC operation.

Second, to remove noise, we applied a linear normalization based on the build-

ing's facade. We get the building facade ranges from images and initialize a mask of

pixels, exclude locations if we have the HVAC units within a 10 by 10 width of a box,

get the total number of pixels to determine scaling factors from correlations, and get

a time series of HVAC sources that are subtracted from the mean value of building

facade. In this way, we reduce the in
uence of noise and ensure the accuracy of the

extracted time series.

Third, the time series was then interpolated onto the desired sampling inter-

val, which is a uniform 10-second interval. This process standardized the temporal

resolution of the timeseries, ensuring consistent 10-second interval sampling across all

periods from 9:00 pm to 5:00 am for 39 days.

Finally, we aggregated the time series into a single dataset covering the full

observation period. This involved compiling 10-second interval uni�ed arrays of time
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(a) Maximum peak intensity across time (entire image).

(b) Cropped building area highlighting HVAC activity.

Figure 2.3: Peak Detection from Gaussian-Di�erenced Thermal Images. The
�gures show the peak of the Gaussian Di�erence for each pixel in our IR images captured
between June 7 and 17 at 10-second intervals. (a) shows the full �eld of view, while (b) zooms
in on the building area where HVAC activity is concentrated.
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series values and timestamps (see Figure 2.4).

This process allowed us to collect the IR pixel intensity of the time series, which

re
ects the operational cycles of individual HVAC units. The resulting dataset provides

a continuous record of HVAC behavior across 58 HVAC Sources and 39 days (see Figure

2.5).

2.2.2.3 Determining AC Unit On/O� Transitions

To detect the operational transitions of HVAC systems from thermal image

sequences, we applied a di�erence of Gaussians (DoG), which is an edge detection

method that emphasizes rapid changes in pixel intensity over time. First, we smooth

the time series using a Gaussian �lter with a standard deviation of 2, which reduces

high-frequency noise while preserving HVAC usage. We then compute the temporal

gradient using a �xed di�erencing window of 6 time steps (60-second interval), cap-

turing mid-scale transitions that re
ect HVAC usage patterns typically occurring over

approximately one-minute intervals. The di�erenced signal highlights abrupt inten-

sity shifts, and prominent peaks in the positive and negative directions are extracted

to identify turn-on and turn-o� events, respectively. For capturing the turn-on/o�

sensitivity, we set the minimum peak prominence to 0.0004 to �lter noise and isolate

signi�cant HVAC usage patterns. This process was applied across all 58 HVAC source

locations and 39 days of observation, generating HVAC operation timeseries. The

on/o� events revealed when the HVAC was turned on and o� (see Figure 2.6).

2.2.2.4 2D-CNN model to identify turn on/o� states

To detect the state of turn-on and o�, this study utilized an AI model that

used image patches of HVAC turn-on and turn-o� as inputs. We randomly generated

1000 image patches of 58 HVAC sources, including turn-on and turn-o� moments. The

image paths were sampled from a list of images and HVAC source pixel coordinates.

From each image patch, we extracted a 10Ö10 pixel patch centered on the HVAC

source location. A �xed random seed was used to ensure reproducibility of both image
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(a) Baseline and processed infrared thermal images of the building, used to identify HVAC unit
locations.

(b) Time series of Gaussian di�erence of normalized IR intensity from selected HVAC sources.

Figure 2.4: Infrared Image Processing and Time Series Analysis of HVAC Ac-
tivity. (Top) Baseline and peak infrared thermal images of the building are used to identify
pixel locations corresponding to HVAC units. (Bottom) Time series of the Gaussian di�er-
ence of normalized infrared intensity for selected HVAC sources across two di�erent days.
These examples demonstrate how repeated image capture at high temporal resolution (ev-
ery 10 seconds) enables the analysis of HVAC operation patterns across time and household
units.
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Figure 2.5: Results of timeseries: All HVAC Units. Peak detection from Gaussian-
Di�erence results to extract all 58 HVAC units.
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Figure 2.6: An Example of Identifying On/O� Transitions in HVAC Usage. It
is shown using the energy end-use pattern of an HVAC unit. Green dots indicate when the
unit was turned on, and red dots represent when it was turned o�. This allows for counting
the total number of on and o� states.
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and source selection. We used image patches as input into neural network models. To

inspect the data quality and spatial variation, we visualized every 100 patches in a

grid layout and checked manually. Each patch was assigned a binary label: 1) If the

center of the image patches was in the turn-on state, then we labeled it as \1"; 2) If

the HVAC unit is in the turn-o� state, then it is labeled as \0". In this way, 1000

image patches were labeled manually. These labels are used as a single target vector.

To classify the operational state of HVAC from infrared image patches, we de-

veloped a two-dimensional Convolutional Neural Network (2D-CNN) model to identify

HVAC usage patterns. The 2D-CNN model architecture comprised three convolutional

layers, each employing ReLU activation and followed by max-pooling operations to re-

duce spatial dimensionality while preserving salient features. The �rst convolutional

layer used 32 �lters with a 3Ö 3 kernel, while the subsequent two layers used 64 �lters

each. Padding was retained throughout to preserve input dimensions. Max-pooling

layers utilized a 2Ö 2 window with a stride of one, enabling localized downsampling.

The output feature maps were 
attened and passed through a series of three fully

connected dense layers. Each dense layer used ReLU activation and incorporated L2

regularization to prevent over�tting. A �nal dense output layer with softmax activa-

tion produced class probabilities for binary classi�cation. Figure 2.7 shows the 2D-CNN

architectures developed in this study.

For preparing the dataset for model training to support rigorous performance

evaluation and help prevent over�tting, we divided the dataset into a training subset of

80% and a testing subset of 20%. This strati�cation supported rigorous performance

evaluation and helped prevent over�tting. The model was trained using the Adam

optimization algorithm. To mitigate over�tting, early stopping was implemented with

a patience parameter of 10 epochs and a minimum improvement threshold of 0.0005

in validation loss. Although the model was allowed to train for up to 2,000 epochs,

training typically converged much earlier. A batch size of 20 was used throughout

training. As an output, the model is predicting whether the AC is on or o� at a given

time.
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Model performance was evaluated using standard classi�cation metrics, includ-

ing accuracy, precision, and recall. The model achieved strong predictive performance,

successfully distinguishing between HVAC on and o� states with high accuracy and

balanced precision-recall tradeo�s. The model demonstrated a high overall classi�ca-

tion accuracy of 96.5% across 200 test samples. The confusion matrix indicates that the

model correctly classi�ed 152 of 159 turn-o� instances and 40 of 41 turn-on instances.

The corresponding precision and recall scores for the turn-o� class were 0.9810 and

0.9748, respectively, yielding an F1-score of 0.9779. For the turn-on class, the model

achieved a precision of 0.9048, a recall of 0.9268, and an F1-score of 0.9157. These

results show that while the model performs well in identifying the turn-o� state due to

class imbalance samples, its ability to detect turn-on states remains robust with high

recall. The macro-averaged precision, recall, and F1-score were 0.9429, 0.9508, and

0.9468, respectively, suggesting strong and balanced performance across both classes.

The weighted averages further support this, re
ecting the dominance of the majority

class while maintaining high performance overall.

These results con�rm the e�ectiveness of the proposed 2D-CNN in extract-

ing spatial energy-use signatures from low-resolution thermal imagery. This modeling

framework provides a scalable, non-intrusive method for detecting operational HVAC

patterns.

2.2.2.5 Temperature correlation

To examine the relationship between the average fraction of HVAC turn-on

states and ambient temperature, a simple linear regression model was applied. The

characteristic was temperature, and the target was the average fraction of time that

HVAC systems operated in the on state during each time step. Model �t was evaluated

using the coe�cient of determination (R2). An R2 value closer to 1 indicates a stronger

explanatory relationship. The mean squared error (MSE) was also calculated to assess

the model's prediction accuracy.

29



2.3 Results

2.3.1 The On/O� Transition Detector Model Results

To quantify the operational dynamics of HVAC units over time, we applied

the on/o� transition detector model to IR time-series data. We checked the on/o�

detection model results on the normalized IR intensity of a single HVAC source and

the Gaussian di�erence of the normalized IR intensity. Detected on and o� transitions

are marked as green and red points, respectively, aligned with sharp changes in the

time series.

As an example of one of the outstanding sources among 58 HVAC sources,

Source 52 shows infrequent operation on Day 1, while Day 7 exhibits a regular cycling

pattern indicative of sustained HVAC usage (see Figure 2.8). Otherwise, Figure 2.9

regarding the Source 55 demonstrates consistent operational patterns on both days,

characterized by multiple clearly detected on/o� transitions early in the time series.

By comparing 58 sources over 39 days, we con�rm that the proposed on/o� detection

model identi�es operational transitions by locating signi�cant peaks in the temporal

derivative of IR intensity.

However, it is di�cult to determine whether the on/o� events represent frequent

cycling or continuous operation based on the turn-on/o� transition detector model

developed in this study. Therefore, an AI model based on image analysis is proposed

for further investigation to improve on/o� detection.

2.3.2 The 2D-CNN State Detector Model Results

Since the on/o� detection model does not identify whether it is frequently on or

continuously on, this study applied the CNN model based on thermal images of 1000

labeled 11 by 11 pixel image patches.

The performance of the proposed model in classifying HVAC operational states

was evaluated using a confusion matrix and standard classi�cation metrics. The model

achieved an overall accuracy of 96%. Speci�cally, for the turn-o� states, the precision,

recall, and F1-score were 0.99, 0.96, and 0.97, respectively, based on 159 samples. For
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Figure 2.8: On/O� Detection (Source 52) Detected the on/o� status of an HVAC unit
over time for Source 52. The plots show that the on/o� detection model identi�ed peaks of
change in the time series. HVAC usage behavior varies between Day 1 (June 7) and Day 7
(June 13).
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Figure 2.9: On/O� Detection (Source 55). Detected the on/o� status of an HVAC
unit over time for Source 55. The plots show that the on/o� detection model identi�ed peaks
of change in the time series. HVAC usage behavior varies between Day 1 (June 7) and Day
7 (June 13).
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the turn-on states, the model attained a precision of 0.85, a recall of 0.98, and an

F1-score of 0.91 across 41 samples.

The confusion matrix shows that most misclassi�cations occurred where turn-

on states were predicted as turn-o�, with seven instances of false negatives and one

false positive. The macro-average F1-score presented 0.94, showing robust performance

across both classes. These results suggest that the model is highly e�ective in distin-

guishing between turn-on and turn-o� states, although precision for the turn-on class

could be further improved.

As a result of applying the 2D-CNN models based on 1000 hand-labeled target

arrays classi�ed as 0 and 1, this study presented the on state or the o� state of 58

HVAC pixels for 39 days. An example of the turn-on and o� statuses is shown in

Figure 2.10, and applications on the whole time series are shown in Figure 2.11 below.

The results show that the 2D-CNN model successfully detected continuous turn-on

states, compared to the on/o� detection model. This is because the 2D-CNN detects

turn-on states based on image pixel intensity, while the on/o� detection model relies

on peaks in the time series data. The �ndings are robust when the images are compiled

into a video, as the images consistently present a high pixel intensity.

2.3.3 HVAC Use and Exterior Air Temperature

To explore the relationship between outdoor temperature and HVAC system

operation captured by an infrared camera, a linear regression analysis was conducted

using hourly temperature as the predictor and the fraction of HVAC units in the turn-

on state as the outcome variable. As shown in Figure 2.12, a positive trend is revealed.

As temperatures increase, the fraction of average total turn-on states also increases.

Each data point is colored by relative humidity (%), showing that while temperature

is correlated, humidity is not.

As shown in the Table. 2.1, the regression model provided a statistically signif-

icant positive relationship between temperature and HVAC operation. The estimated

33



Figure 2.10: 2D-CNN On/O� Status Detection across Di�erent HVAC Units.
Each sub�gure shows the detected on/o� status of an HVAC unit over time. Green shading
indicates when the unit is on. The x-axis represents time (timestamps), and the y-axis
represents normalized infrared intensity.
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