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Abstract: 

In dense metropolitan environments like New York City, noise pollution is a persistent urban 

stressor with deeply uneven impacts. While official complaint systems serve as the primary 

channel for addressing noise issues, they often reflect social inequalities more than acoustic 

realities. This thesis investigates how urban noise, as both a physical exposure and a social 

construct, reveals disparities in who is heard, who complains, and who is ignored. Focusing on 

Manhattan, the study models the disjunction between measured noise levels and complaint data 

using a newly developed Composite Noise Rating System (CNRS). By integrating sensor data, 

311 records, land use information, and demographic variables, the analysis shows that non-

English-speaking and lower-income communities are significantly underrepresented in formal 

complaints despite comparable or higher noise exposure. In contrast, more affluent and 

demographically privileged neighborhoods exhibit higher complaint rates under lower exposure 

conditions. Strengthening community-based and inclusive complaint systems becomes essential 

in addressing these representational gaps. In response, the thesis introduces Noize, a 

participatory prototype that reframes noise governance as collective witnessing rather than 

isolated grievance. By connecting empirical analysis with design intervention, the research calls 

for more equitable and context-sensitive approaches to urban sound management. 
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Text: 

1. Introduction 

1.1 Background: The Ubiquity and Complexity of Urban Noise 

Noise is one of the most pervasive forms of pollution in New York City, deeply entangled 

with urban life, infrastructure, and profound inequality. In 2019 alone, New Yorkers filed 

nearly 2.4 million complaints to the city’s 311 non-emergency hotline, with noise 

consistently ranking as the single most reported issue (Kay 2020). An analysis of 2019 data 

from this system, conducted for the present study, reveals that noise complaints 

accounted for approximately 20% of all service requests (NYC Open Data 2024). This 

signifies a substantial level of daily disruption: the same analysis shows that weekends in 

2019 experienced, on average, over 530 noise complaints per day, while weekdays 

averaged around 310. 

Far from being a trivial annoyance, chronic urban noise has been widely identified as a 

critical public health concern. It is associated with a range of both auditory and non-

auditory effects, including sleep disturbance, cognitive impairment, cardiovascular 

disease, and increased stress levels (Basner et al. 2014; Goines and Hagler 2007). 

Nationally, the National Institute on Deafness and Other Communication Disorders 

(NIDCD) has reported that, based on a 2011-2012 CDC study, at least 10 million adults in 

the U.S. under age 70 show signs of hearing loss from exposure to loud noise (NIDCD n.d.). 

Within New York City specifically, nearly one in six adults report experiencing tinnitus 

(ringing in the ears) or hearing loss (NYC DOHMH n.d.). 

The magnitude and duration of noise-related complaints have exhibited a marked increase 

in recent years, with analyses showing a significant rise not only in frequency but also in the 

diversity of reported sources (NYC Data Science Academy 2020). Despite these increases 

eliciting widespread concern, the institutional response has often been characterized by 
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inconsistency and deemed inadequate, underscoring a persistent gap between residents' 

lived experiences and formal pathways for resolution (Gothamist 2023). 

Of particular concern is the inequitable distribution of urban noise and its consequences. 

Recent reporting by Epicenter NYC (2023) emphasizes that communities of color and low-

income neighborhoods in New York City often bear a disproportionate share of 

environmental noise. This burden is frequently compounded by their limited political voice 

and a history of institutional neglect. Similar patterns of disparate exposure have been 

observed in and around public schools, particularly those in historically underserved 

districts, where students are exposed to unhealthy noise levels that can disrupt learning 

and well-being (City Limits 2017). These inequities must be understood not only as an 

environmental nuisance but also as a manifestation of urban injustice, revealing disparities 

in whose voices are heard and whose are systematically silenced. Indeed, the challenge of 

urban noise extends beyond simple metrics of volume; noise is not just about loudness—it 

is profoundly shaped by cultural, temporal, and institutional contexts. 

1.2 Problem Statement: A Mismatch Between Noise Reporting and 

Experience 

Despite its pervasive scale and documented impact, noise in New York City is 

predominantly governed through systems that rely on individual complaints to trigger 

institutional action. The city’s 311 platform stands as the primary, seemingly accessible 

means for residents to report noise disturbances. However, a critical tension emerges: the 

existence of such a complaint system does not inherently guarantee that all community 

voices are equally heard, nor does the volume of complaints necessarily correlate with the 

true extent of noise exposure or experienced harm across different neighborhoods. 

Initial observations and existing reports suggest that this complaint-based structure, while 

ostensibly neutral, may perpetuate and even mask underlying inequities. For instance, it is 

often noted that some neighborhoods with high levels of measured environmental noise 

exhibit surprisingly low formal complaint rates, while other, perhaps more affluent or 
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civically engaged areas, may show high complaint volumes even with moderate noise 

levels (NYC Data Science Academy 2020; Epicenter NYC 2023). This apparent paradox—a 

clear mismatch between noise reporting and lived acoustic realities—points to systemic 

biases. As scholars like Hammer, Swinburn, and Neitzel (2014) have argued, complaint-

driven systems may inadvertently function less as objective measures of environmental 

disturbance and more as indicators of residents' social capital, language fluency, comfort 

with bureaucratic processes, or even their perceived likelihood of receiving an institutional 

response. 

This transforms urban noise from a simple sensory input into a complex political entity, 

where the very act of defining, reporting, and responding to noise is shaped by power 

dynamics and pre-existing social stratifications (Kay 2020). The core issue, therefore, 

extends beyond the physical characteristics of sound to the "structure of listening" 

embedded within urban governance. If complaint systems operate as the principal 

gatekeepers for institutional action, then the politics of who complains, whose complaints 

are deemed credible, and which disturbances elicit a timely response become central to 

understanding the city’s uneven and often inequitable noise governance landscape. 

Addressing this deep-seated problem necessitates a more profound inquiry into how noise 

complaint data are actually produced, whose experiences and harms are systematically 

filtered out or amplified by current mechanisms, and what alternative frameworks might 

better capture and respond to the complex interplay between sound, power, and urban 

justice. 

1.3 Research Aims and Approach: Understanding Noise Through a 

Multi-Dimensional Lens 

The preceding discussion highlights a significant disjuncture between formal noise 

reporting mechanisms and the multifaceted reality of urban acoustic experiences, pointing 

to systemic inequities in how noise is governed and whose voices are prioritized. To unravel 

the complexities underlying this mismatch and to move towards a more nuanced 
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understanding of urban noise governance, this thesis aims to investigate the interplay of 

acoustic, social, perceptual, and institutional factors that shape both noise exposure and 

complaint behaviors. 

Specifically, to understand what needs to be more clearly comprehended regarding the 

mismatch between institutional metrics (like complaint counts) and lived sonic 

experience, this study will analyze urban noise in Manhattan by focusing on several critical 

dimensions: 

The Multi-Dimensional Nature of Noise Perception: Exploring how noise is experienced 

beyond simple volume, incorporating its temporal rhythms, spatial context, cultural 

interpretations, and emotional resonances. This involves developing a framework that 

captures these varied facets. 

Socio-Demographic and Spatial Dynamics: Investigating how community 

characteristics—such as socioeconomic status, demographic composition (including 

linguistic diversity and racial/ethnic makeup), and land use patterns—mediate the 

relationship between objective noise exposure and the likelihood of formal complaint. The 

aim is to understand what makes certain communities more or less visible within existing 

complaint systems. 

Institutional Listening and Response: Examining the operational patterns of existing 

complaint systems (specifically NYC's 311) to understand how institutional structures and 

practices themselves might contribute to delays, selective attention, or the systemic 

silencing of certain noise-related grievances. This dimension seeks to understand the 

"politics of institutional listening." 

By adopting this multi-dimensional lens, the research endeavors to not only identify 

disparities but also to unpack the mechanisms that produce and perpetuate them. The 

ultimate goal is to provide a more holistic and equitable framework for assessing and 

responding to urban noise, moving beyond simplistic interpretations of complaint data 

towards a more context-sensitive and community-focused approach to noise governance. 
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This involves developing and applying a novel analytical tool, the Composite Noise Rating 

System (CNRS), which integrates these diverse dimensions. 

1.4 Research Questions and Hypotheses 

Building upon the established complexities of urban noise, the identified mismatch 

between formal reporting and lived experiences (Section 1.2), and the necessity for a multi-

dimensional analytical lens (Section 1.3), this study seeks to systematically investigate 

these dynamics. The central research question guiding this inquiry is: 

How does the measured and perceived urban noise environment, as characterized by 

sensor data and the Composite Noise Rating System (CNRS), compare with patterns 

of resident noise complaints in Manhattan, and how do social, linguistic, and spatial 

factors shape both these patterns and their mismatches, revealing inequalities in 

urban noise governance? 

To comprehensively address this overarching question, this study poses the following 

interrelated research questions: 

RQ1: What are the spatiotemporal patterns of urban noise exposure in Manhattan, as 

characterized by SONYC sensor data and the newly developed Composite Noise Rating 

System (CNRS)? 

RQ2: How do these measured noise exposure patterns align or diverge with the 

spatiotemporal patterns of resident-reported noise complaints, and where do significant 

mismatches occur? 

RQ3 (Temporal Rhythms & Mismatch): How do temporal factors (time of day, day of week, 

event-driven cycles) influence not only noise reporting behaviors but also the nature and 

magnitude of the mismatch between exposure and complaints? 

RQ4 (Socio-Demographic/Cultural Factors & Mismatch): To what extent do socioeconomic 

characteristics, demographic composition (including language barriers and cultural norms) 
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influence noise complaint behaviors and contribute to the observed mismatches between 

objective exposure and subjective reporting across diverse communities? 

RQ5 (Land Use & Mismatch): How does land use, particularly mixed-use intensity and 

proximity to commercial activities, shape patterns of both noise exposure and complaint 

behaviors, and influence the degree of their alignment or divergence? 

RQ6 (Institutional Response): How does the institutional structure and operational logic of 

the 311 complaint system itself shape patterns of delayed or selective response, 

particularly in areas identified with significant exposure-complaint mismatches? 

These research questions are explored in conjunction with the following working 

hypotheses and expectations, developed from existing literature (detailed in Chapter 2), 

preliminary observations, and the theoretical underpinnings of this study: 

H1 (Exposure Patterns): It is expected that noise exposure, as characterized by the CNRS, 

will exhibit significant and non-uniform spatiotemporal variations across Manhattan, with 

identifiable hotspots corresponding to areas of high commercial activity, transportation 

corridors, and specific land use configurations. 

H2 (Mismatch Patterns): It is anticipated that substantial spatial and temporal mismatches 

will be observed between areas of high CNRS-defined noise exposure and areas with high 

volumes of noise complaints, indicating that complaint data alone is not a direct proxy for 

acoustic burden. 

H3 (Temporal Rhythms): Misalignments between peak noise exposure (particularly during 

late nights and socially significant events) and periods of heightened community 

expectation for quiet will lead to disproportionate spikes in noise complaints and 

exacerbate exposure-complaint mismatches. 

H4 (Socioeconomic Privilege & Mismatch): Communities with higher average income and 

predominantly White populations will tend to file more noise complaints, potentially even 

under lower objective noise exposure conditions, compared to less socioeconomically 

privileged communities, thus influencing the observed mismatch patterns. 
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H5 (Vulnerability/Barriers & Mismatch): Communities with a higher proportion of 

immigrants or non-English-speaking residents will exhibit lower rates of formal noise 

complaints relative to their objective noise exposure levels, contributing significantly to 

exposure-complaint mismatches due to linguistic or cultural barriers to reporting. 

H6 Land Use Context & Mismatch): Mixed-use and commercial areas will exhibit complex 

complaint behaviors that are highly dependent on the specific timing and nature of noise 

exposure, leading to varied patterns of mismatch (e.g., tolerance during expected business 

hours versus heightened complaints during unexpected disruptions). 

H7 (Institutional Response): The 311 complaint system will demonstrate patterns of 

temporal response delay and selective engagement that are systematically correlated with 

community characteristics and the nature of the exposure-complaint mismatch, indicating 

institutional biases in responsiveness. 

Together, these research questions, alongside their guiding expectations and hypotheses, 

aim to systematically uncover the complex, multi-layered factors that contribute to the 

observed disparities between lived acoustic discomfort and its formal institutional 

recognition in New York City. 

1.5 Significance and Relevance of the Problem 

This study's significance and relevance can be understood across three interrelated 

dimensions, offering distinct contributions to scholarly discourse, methodological 

advancement, and policy or planning practices. 

For Scholars of Urban Sound, Environmental Justice, and Governance: This research 

moves beyond conventional approaches that treat noise primarily as a physical 

disturbance or complaint counts as direct indicators of harm. By systematically analyzing 

the disjuncture between measured noise exposure (via SONYC data and the developed 

Composite Noise Rating System - CNRS) and resident complaint behavior, this thesis 

offers a critical reconceptualization of urban noise as a socially constructed and politically 

mediated phenomenon. It contributes to broader theoretical discussions on spatial justice, 
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auditory governance, and the politics of institutional listening by empirically demonstrating 

how patterns of unequal voice representation and selective responsiveness are embedded 

in current noise management systems. The study specifically addresses a gap where the 

linkages between noise governance, social structures, and the mechanisms of systemic 

silence have been underexplored, particularly through an integrated analytical framework. 

For Researchers in Urban Analytics, Environmental Modeling, and Public Health: A key 

methodological contribution of this study is the introduction and application of the 

Composite Noise Rating System (CNRS). This integrative framework is innovative in its 

attempt to synthesize objective acoustic data (ONF), differentiated noise type impacts 

(NTW), and crucial contextual and perceptual factors (CPF)—including temporal 

fluctuations, land-use surroundings, and indicators of social sensitivity—into a more 

holistic and socially responsive measure of potential noise burden. Unlike studies that 

might focus on these dimensions in isolation, the CNRS provides a structured approach to 

integrate data on perception, objective measurement, and institutional records 

(complaints). It offers a replicable tool for evaluating exposure-complaint mismatches and 

assessing varying levels of "acoustic resilience" or vulnerability across different 

neighborhoods and time periods, with potential for application in other urban contexts 

grappling with similar data challenges. 

For Policymakers, Urban Planners, and Institutional Actors: The findings of this research 

underscore the profound limitations of relying solely on complaint frequency as a primary 

indicator of noise-related community distress or as a trigger for intervention. This study 

empirically reveals how factors such as language access, cultural norms, socioeconomic 

status, and the specific timing of noise exposure can lead to the systematic 

underrepresentation or misrepresentation of certain communities within official complaint 

records. By identifying and characterizing these exposure-complaint mismatches, the 

research calls urgent attention to governance gaps that may inadvertently reinforce existing 

urban inequities. It highlights the critical need for more inclusive, context-sensitive, 

temporally-aware, and data-informed systems for interpreting, prioritizing, and responding 
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to urban noise, ultimately advocating for a shift towards more equitable and proactive 

noise governance strategies. 

1.6 Organization of the Thesis 

This thesis is organized into nine chapters. Following this introduction, Chapter 2 provides 

a comprehensive review of existing literature on noise definition, perception, influencing 

factors, and governance, further contextualizing the research gaps addressed by this study. 

Chapter 3 establishes the conceptual framework, detailing the multi-dimensional 

definition of noise adopted herein and introducing the theoretical basis for the Composite 

Noise Rating System (CNRS). Chapter 4 outlines the methodology, including the research 

design, data sources and preprocessing, the weighting strategy for the CNRS, and the 

regression modeling approach. Chapter 5 presents the detailed construction and 

validation of the Composite Noise Rating System (CNRS), including its core components 

and the weighting and validation process. Chapter 6 then presents the empirical analysis 

and findings, detailing the spatiotemporal patterns of noise exposure and complaints in 

Manhattan, their mismatches, and the modeling of factors influencing complaint behavior. 

Subsequently, Chapter 7 discusses the broader implications of these findings, including 

research limitations, interpretations in the context of urban governance and social equity, 

and the institutional politics of noise. Chapter 8 offers policy implications and 

recommendations, including suggestions for rethinking institutional frameworks and 

designing more inclusive community systems, and introduces the "Noize" prototype. 

Finally, Chapter 9 concludes the thesis by summarizing the key contributions and 

suggesting avenues for future research.  
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2. Literature Review 

This chapter reviews previous literature on the conceptualization of noise, the key factors 

influencing noise sensitivity and complaint behaviors, and existing methodologies for 

assessing the impacts of noise. Rather than treating noise as a purely physical 

phenomenon, this review integrates insights from urban planning, acoustic ecology, sound 

culture, and critical geography to demonstrate how noise is shaped by social, cultural, 

spatial, and political contexts. 

2.1 Classical Definitions and Measurement of Noise 

Noise is commonly defined as an unwanted or disturbing sound, yet this definition belies 

the complex sociocultural and perceptual nature of noise. Schafer (1994), in his 

foundational work The Soundscape, emphasized the ecological aspects of sound, 

highlighting how modern industrialized environments overwhelm listeners with “lo-fi” 

soundscapes that mask individual acoustic details. His framing laid the groundwork for 

understanding sound as both environmental and experiential. 

However, sound historians and theorists have argued that noise is not merely a physical 

intrusion, but a culturally and historically contingent phenomenon. Emily Thompson 

(2002), in The Soundscape of Modernity, examines how early 20th-century acoustic 

technologies redefined noise as a technical and aesthetic problem. The push to control 

reverberation and eliminate residual sound was not simply a functional innovation—it 

reflected broader desires for order, legibility, and efficiency in modern urban life. In this 

sense, noise was not eliminated, but transformed according to new values. 

Similarly, Bijsterveld (2008) explores how noise complaints reveal underlying anxieties 

about technological change and social disruption. She argues that noise is often 

constructed as a problem when it challenges dominant expectations of civility and sonic 

control. Schwartz (2011) further extends this perspective by showing how noise has 

historically marked moments of rupture, transformation, and resistance from thunder to 
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revolutions, street protests to musical innovation. His work critiques the tendency of 

modern societies to erase or suppress the vitality of noise under the guise of progress. 

LaBelle (2010) offers a spatial reading of noise, emphasizing how sound produces and 

organizes space. According to LaBelle, noise is often judged not by its inherent quality, but 

by its perceived incongruity with spatial and social expectations. For example, the sound of 

street music may be celebrated in some contexts and condemned as disruptive in others. 

This relational framing positions noise as a reflection of contested boundaries and power 

dynamics. 

These scholars suggest that noise is not inherently bad, but becomes problematic through 

cultural framing, spatial encoding, and institutional regulation. A complementary 

perspective from cognitive psychology further challenges the assumption that all noise is 

harmful. Mehta et al. (2012) found that moderate ambient noise can enhance creative 

cognition, suggesting that noise can have generative effects depending on task, 

environment, and subjective response. 

Building on this literature, this thesis defines noise as a sound perceived as intrusive, 

unwelcome, or excessive due to its spatial context, cultural incongruity, emotional 

resonance, temporal sensitivity, duration, and intensity. This definition moves beyond 

volume thresholds and incorporates listener experience and spatial politics. 

2.2 Factors Influencing Noise Sensitivity and Complaints 

Beyond the physical intensity of sound, research has long emphasized the role of individual 

and contextual sensitivity in shaping perceived noise annoyance. Psychological stress 

responses, as explored by Evans, Hygge, and Bullinger (1995), demonstrate that prolonged 

noise exposure—regardless of its source—can elicit cognitive and emotional strain. 

Building upon this foundation, Zimmer and Ellermeier (1999) proposed a set of 

psychometric tools to evaluate individual noise sensitivity, offering quantifiable indicators 

that link personality traits with auditory perception. These sensitivity measures have 

influenced subsequent frameworks used in contemporary soundscape analysis. 
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Meanwhile, the shift toward understanding noise perception within broader social and 

spatial contexts has expanded the explanatory scope of annoyance studies. Aletta and 

Kang (2019) advanced a conceptual model that situates environmental experience within a 

dynamic cognitive-affective system, highlighting the interplay between stimulus properties, 

personal states, and environmental meaning-making. Tarlao et al. (2021) further 

operationalized such context-sensitive thinking through structural equation modeling 

(SEM), empirically showing how spatial, temporal, and psychological variables interact to 

influence soundscape evaluation in urban settings. 

These developments underscore the limitations of using physical decibel levels or 

complaint counts alone to evaluate noise harm. As Brown, Kang, and Gjestland (2011) 

argue, methodological standardization in soundscape assessment—particularly in 

subjective preference analysis—is essential for cross-contextual comparisons. Together, 

these works suggest that noise sensitivity must be understood not merely as an individual 

trait, but as a relational outcome shaped by setting, affect, and institutional framing. 

While individual noise sensitivity is often interpreted as a psychophysical trait, its 

behavioral manifestation—such as the decision to file a complaint—is embedded within a 

web of cultural, linguistic, and institutional factors. Research has shown that the capacity 

to express dissatisfaction through formal channels is not equally distributed across 

communities. Hirschman’s (1970) framework of “exit, voice, and loyalty” remains 

particularly relevant in this context: lodging a complaint is a form of “voice,” and the choice 

to do so depends not only on the severity of disturbance but also on individuals’ 

expectations of institutional responsiveness and their perceived rights to be heard. 

In multilingual and multicultural cities like New York, such dynamics are further 

complicated by language access barriers. Sandoval (2019) reports that the NYC 311 

system remains “tone-deaf” to the needs of non-native English speakers, with limited 

multilingual support and inconsistent language interface, effectively excluding many 

residents from the complaint system. This infrastructural limitation transforms linguistic 

difference into political silence. 
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Cultural variations in how sound is perceived and evaluated further exacerbate this 

expressive gap. Benítez-Barrera et al. (2023) show that individuals from different cultural-

linguistic backgrounds inhabit distinct “auditory ecologies,” shaping not only their 

thresholds of tolerance but also their willingness to label sounds as intrusive or 

problematic. These perceptual frameworks are informed by learned norms and situated 

within broader environmental and social conditions. 

Moreover, demographic studies by Fligor, Levey, and Levey (2014) have illustrated that even 

when noise exposure levels are constant, interpretation and reporting behaviors vary 

significantly across racial and cultural groups. Such findings challenge the assumption that 

complaints represent a neutral or direct proxy of harm, and instead suggest that complaint 

behavior reflects stratified access to communicative legitimacy. In the context of urban 

sound governance, this reinforces the urgency to critically examine not just who hears 

noise, but who is heard when they speak. 

2.3 Methods for Quantifying Noise Impacts 

The study of noise and its impacts on communities requires a carefully designed 

methodological framework that integrates both quantitative and qualitative approaches to 

address its multifaceted nature. Traditional methods often focus on standardized metrics; 

for instance, Fields et al. (2001) emphasize the importance of standardized methods in 

community noise surveys, advocating for the use of general-purpose noise reaction 

questions to capture subjective reactions. Their research provides a robust foundation for 

understanding noise annoyance, noise source identification, and temporal sensitivity, 

highlighting the need for consistency in survey design for comparability. Building on this, 

Weyant (2022) discusses the merits of qualitative, quantitative, and mixed-methods 

research designs in addressing complex research questions. A mixed-methods approach is 

particularly suitable for noise studies, as it can combine the objectivity of quantitative 

data—such as decibel levels and noise mapping—with the depth of qualitative insights, 

such as cultural interpretations and individual perceptions of noise. Weyant’s framework 
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underscores the importance of integrating diverse data sources to develop a 

comprehensive understanding.    

However, to truly capture the holistic impact of urban noise, especially in diverse and 

complex environments like New York City, methodologies must evolve beyond individual 

data streams towards more integrated assessment frameworks. The development of 

composite indicators (CIs) offers a robust precedent for such integration. As outlined by 

the OECD (2008) in their Handbook on Constructing Composite Indicators, CIs are 

valuable for summarizing complex, multi-dimensional issues into a more accessible 

format, crucial for policy analysis and public communication. This established 

methodology, which involves rigorous steps from theoretical framing to weighting and 

aggregation (Nardo et al. 2005; OECD 2008), provides a strong foundation for developing a 

system like the Composite Noise Rating System (CNRS) proposed in this thesis. Kheirbek et 

al. (2013), in their comprehensive spatial assessment of noise and air pollution in New York 

City, also demonstrated the value of modeling intra-urban variations and supported the use 

of composite indices for urban exposure modeling, offering an important local precedent. 

The soundscape approach further enriches this perspective by moving beyond traditional 

noise control's focus on sound pressure levels to emphasize the acoustic environment as 

perceived or experienced by people, in context (ISO 12913-1:2014). Influential research in 

this field (e.g., Kang et al. 2016; Axelsson, Nilsson, and Berglund 2010; Schulte-Fortkamp 

and Fiebig 2006) consistently demonstrates that human perception of sound is shaped not 

only by physical characteristics (Objective Noise Factors - ONF in the CNRS) but also 

significantly by the meaning of sounds, visual context, cultural background, and listener 

expectations. This robust body of work directly underpins the inclusion of Noise Type 

Weights (NTW) and Contextual & Perceptual Factors (CPF) within the CNRS, ensuring a 

human-centered assessment. 

In navigating the challenge of integrating these diverse factors into the CNRS, this study 

adopts a mixed-methods approach that combines objective noise measurements (from 

SONYC), complaint data (311), and socio-demographic indicators. The weighting of these 
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various components within the CNRS utilizes a multi-stage process involving literature 

review, expert judgment via the Analytic Hierarchy Process (AHP), and public survey 

calibration. AHP, developed by Saaty (1980, 2008), offers a structured method for deriving 

weights based on expert pairwise comparisons and is widely applied in environmental 

decision-making for its ability to handle complex, multi-criteria problems (Vaidya and 

Kumar 2006). 

Furthermore, the calibration of these weights with public survey data aligns with the 

increasing recognition of public participation and citizen science in environmental 

assessment. Studies on participatory noise mapping and soundscape evaluation (e.g., 

D'Hondt, Stevens, and Jacobs 2013; Radicchi 2017) highlight that citizen-derived data and 

local knowledge are invaluable for creating assessments that reflect lived realities. The 

SONYC dataset itself (Cartwright et al. 2020), a cornerstone of this thesis, is a product of 

citizen science. Integrating public perception into the CNRS weighting thus enhances its 

democratic legitimacy and contextual relevance. 

As Weyant (2022) contends, the employment of mixed methods is imperative when 

quantitative indicators alone are inadequate in fully accounting for the intricacies inherent 

in social, perceptual, or institutional complexity. The CNRS framework is designed to 

reflect this pragmatism, intending to translate multidimensional exposure and complaint 

data into a more holistic index of subjective impact.    

At the same time, it is crucial to recognize that noise data, especially complaint-based 

datasets like NYC’s 311, are not neutral artifacts. As Eubanks (2018) persuasively 

illustrates, public platforms that depend on algorithmic or user-generated inputs frequently 

exacerbate existing inequities by privileging voices that align with the system's linguistic, 

behavioral, or procedural expectations, while systematically siloing others. In this context, 

composite indicators such as CNRS do not merely summarize noise conditions; they also 

endeavor to counterbalance known biases in institutional listening.    

Finally, this study draws inspiration from previous exploratory analyses of NYC’s 311 noise 

complaints, such as a detailed data science project by NYC Data Science Academy (2020). 
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That work uncovered sharp increases in complaint volume and geographic disparities, 

highlighting the need for more context-sensitive indicators. The CNRS model, while built on 

similar raw inputs, departs by explicitly modeling the mismatch between objective 

exposure and complaint patterns—a distinction essential for interpreting silence not as 

absence, but as patterned omission. 

2.4 Governance, Responsiveness, and the Politics of Silence 

While much research on urban noise focuses on exposure patterns and individual 

sensitivities, institutional structures that govern how complaints are received and 

addressed remain critically underexamined. In metropolitan areas such as New York, 

systems such as 311 are designed to provide universal access to public service reporting. 

However, the operational mechanisms of these systems are influenced by bureaucratic 

discretion, resource constraints, and institutional norms that affect the handling of 

complaints. 

Lipsky’s (1980) theory of street-level bureaucracy provides a foundational framework to 

understand these dynamics. Street-level bureaucrats, defined as frontline public service 

workers who interact directly with citizens, often exercise significant discretion in 

implementing policy. This discretion, while enabling responsiveness in some contexts, also 

opens the door to selective enforcement, variable attention, and structural silences. As 

Lipsky notes, such actors become “the locus of individual decisions about and treatment 

of citizens,” and hence “primary targets of protest” when service fails (Lipsky 1980, 9). The 

formal neutrality of systems like 311 can mask informal practices, workarounds, and 

coping mechanisms that determine actual responsiveness on the ground. 

Furthermore, the absence of reporting does not constitute the sole manifestation of 

silence within complaint systems. As Nina Eliasoph (1998) contends in her ethnographic 

investigation of political apathy, silence can be a socially constructed outcome—a 

consequence of mistrust, marginalization, or anticipated futility. When applied to the 

context of soundscapes, this perspective suggests that the absence of complaints in some 

high-exposure communities may not necessarily indicate tolerance, but rather a learned 
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skepticism regarding the system's responsiveness. Consequently, complaints function as 

both an expression of harm and a reflection of civic faith. 

From a governance perspective, these institutional dynamics invite a reevaluation of data-

driven policy frameworks that rely on reported complaints as evidence of need. Without 

accounting for the social and linguistic conditions that shape complaint behavior, such 

systems risk reinforcing existing inequalities. As Checker (2011) and Anguelovski (2016) 

have observed in their research on environmental justice and green gentrification, access 

to "voice" is an urban resource that is distributed unevenly, reflecting broader struggles 

over recognition, representation, and spatial power. 

By situating noise complaints within this framework of selective responsiveness and 

institutional silence, this study goes beyond mere exposure analysis to explore the 

mechanisms by which harm becomes legible-or remains ignored-within the city.  
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3. Conceptual Framework and Definitions 

3.1 Definition of Noise for this Study 

Before defining noise, it is critical to acknowledge that noise has never been “just sound.” It 

is a cultural artifact, a historical presence, a form of resistance, and a sign of rupture. As 

Hillel Schwartz argues in Making Noise, noise is not the absence of structure but the 

residue of meaning-making—the trace of lives that do not align with sonic order. “The 

greater the anticipation of silence,” he writes, “the greater the ruckus of sound” (Schwartz 

2011). Noise is not simply disruptive; it is often the first audible sign of birth, dissent, 

mourning, or awakening. From thunderstorms in mythical times to wedding celebrations 

and funeral processions, noise participates in the rituals of life. It becomes legible not just 

as interference but as the sonic material of collective experience. 

Similarly, Bijsterveld (2008) reminds us that complaints about noise are not trivial reactions 

but reflections of larger technological, aesthetic, and social arrangements. As she 

documents in Mechanical Sound, the history of noise complaint is inseparable from the 

evolution of listening technologies and the emergence of sonic expectations shaped by 

class, power, and technical rationality. If certain noises are deemed problematic, it is often 

because they disrupt normalized acoustic hierarchies. In this light, noise complaints 

themselves become historical documents—traces of tension between a desire for order 

and the realities of diverse urban soundscapes. 

Sound, then, is never neutral. It is shaped by infrastructure, filtered through norms, and felt 

through bodies. As Brandon LaBelle argues in Acoustic Territories, sound does not merely 

fill space—it produces space (LaBelle 2010). It weaves individuals into acoustic fabrics of 

belonging, anxiety, confrontation, or intimacy. The sidewalk, for instance, operates as an 

acoustic membrane that mediates between street noise and architectural enclosure. 

Pedestrian signals and environmental rhythms choreograph how people move, listen, and 

even dream. But when sound breaches expectation—when it exceeds what a space was 
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meant to hold or express—it becomes noise. Noise is, as LaBelle writes, “a sound that has 

found its way into the wrong place.” 

Emily Thompson’s The Soundscape of Modernity further deepens this point by locating 

noise within modern society’s broader desire for control. She shows how early twentieth-

century technologies of sound measurement and spatial acoustics transformed public 

attitudes toward noise, redefining reverberation as flaw and silence as aspiration 

(Thompson 2002). In the modern imaginary, sound was no longer sacred resonance but an 

engineering problem—to be clarified, filtered, and rationalized. Thompson emphasizes that 

the cultural history of noise is also a history of power: whose sound is filtered out, whose is 

amplified, and what types of sonic experiences are made legitimate. 

This study adopts a view that rejects binary moral assumptions about sound. Neither noise 

nor silence is inherently good or bad. Mehta, Zhu, and Cheema (2012) argue that moderate 

ambient noise may enhance creative cognition, indicating that noise’s value cannot be 

judged apart from context. Similarly, silence can both enable reflection and serve as a tool 

of suppression, depending on who is silenced, where, and by whom. What matters, 

therefore, is how sound operates within relational, spatial, and cultural structures, and 

what forces define its legitimacy. 

Consequently, this study defines noise as: a sound perceived as intrusive, unwelcome, 

or excessive due to its spatial context, cultural incongruity, emotional resonance, 

temporal sensitivity, duration, and intensity. 

To operationalize this definition and to guide the subsequent development of an integrated 

assessment framework, these characteristics can be further distilled into five core 

interconnected dimensions that shape the human experience of urban sound, as 

illustrated in Figure 1: 

Spatial Dimension: This considers whether a sound aligns with the expected and 

appropriate use of a given space. A sound deemed acceptable in one location (e.g., a 

bustling commercial street) may be considered highly intrusive in another (e.g., a quiet 

residential area or a library). 
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Temporal Dimension: This addresses the critical influence of timing. A sound's impact can 

vary drastically depending on when it occurs, such as during the night versus daytime, or 

on weekdays versus weekends and holidays, affecting rest, work, and social activities. 

Cultural Dimension: This dimension acknowledges that the perception and tolerance of 

sound are significantly shaped by community norms, cultural practices, and learned 

expectations. What one cultural group considers a vibrant expression, another might 

perceive as a disturbance. 

Duration & Volume (Physical Attributes): This encompasses the conventionally 

understood physical characteristics of sound, including its intensity (loudness or volume) 

and its persistence over time (duration). These are foundational aspects of acoustic 

stimuli. 

Emotional Dimension: This recognizes that sounds can carry significant affective weight 

and can interfere with or enhance emotional states and ritual moments, influencing well-

being and the perceived quality of the acoustic environment. 

 
Figure 1Definition: What Do I Mean by Noise? 

 
This five-dimensional framework (Fig. 1) underscores that an effective understanding and 

assessment of urban noise must account for not only its physical properties but also its 

intricate entanglement with the spatial, temporal, social, and emotional fabric of city life. It 

is this holistic understanding of noise that informs the development of the Composite 

Noise Rating System (CNRS) detailed in the following section. 
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3.2 Composite Noise Rating System 

The multi-dimensional definition of noise presented in Section 3.1, which highlights its 
spatial, temporal, cultural, physical (duration/volume), and emotional dimensions, 
necessitates an assessment framework capable of integrating these diverse aspects. 
Traditional noise metrics, often focusing primarily on sound pressure levels (volume), fall 
short of capturing this complexity (ISO 12913-1:2014; Kang et al. 2016). To address this, 
and to create a tool for systematically evaluating the multifaceted nature of urban noise 
experiences for the empirical analysis in this thesis, the Composite Noise Rating System 
(CNRS) was developed. The construction of such a composite indicator aligns with 
established methodologies for synthesizing complex, multi-faceted information into a 
coherent evaluative tool (OECD 2008). 

The core dimensions of the CNRS—Objective Noise Factors (ONF), Noise Type Weights 
(NTW), Contextual & Perceptual Factors (CPF), and the Time Weighting Factor (Tw)—are 
designed to operationalize the key facets of noise as defined previously: 

Objective Noise Factors (ONF): This dimension directly addresses the "Duration & 
Volume" aspect of the noise definition, along with other critical physical and 
psychoacoustic attributes of sound. While loudness is a foundational element, research in 
psychoacoustics demonstrates that other measurable characteristics such as sharpness, 
roughness, and fluctuation strength significantly influence perceived annoyance and 
discomfort (Zwicker and Fastl 2007; Genuit and Fiebig 2006). The ONF thus aims to provide 
a comprehensive characterization of the physical sound event. 

Noise Type Weights (NTW): The perceived intrusiveness of a sound is heavily influenced 
by its source and an individual's interpretation of that sound, which connects to the 
"Cultural" and "Emotional" dimensions of the noise definition. Different types of noise (e.g., 
traffic, construction, music, human voices) elicit varying degrees of annoyance even at 
similar intensity levels, due to their informational content, connotations, and predictability 
(Miedema and Vos 1998; Guski 1999). The NTW dimension accounts for this source-
specific impact. 

Contextual & Perceptual Factors (CPF): This dimension is crucial for capturing the 
"Spatial," "Cultural," and "Emotional" dimensions of the noise definition, as well as 
influencing aspects of "Temporal" sensitivity beyond the general Time Weighting Factor. 
The appropriateness of a sound is deeply contingent upon its spatial context (e.g., land 
use, expected activities) and its alignment with cultural norms and community 
expectations (LaBelle 2010; Thompson 2002). Furthermore, factors such as language 
barriers can mediate the expression of noise-related distress, and the emotional 
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resonance of a sound in a particular setting affects its perception. The CPF dimension 
integrates these socio-spatial and individual-level perceptual modifiers. 

Time Weighting Factor (Tw): Directly operationalizing the "Temporal" dimension of the 
noise definition, the Tw acknowledges that the impact of noise varies significantly 
depending on when it occurs (e.g., day versus night, weekday versus weekend/holiday) 
(Basner and McGuire 2018). This factor adjusts the overall noise rating to reflect these well-
documented variations in human sensitivity and tolerance. 

By structuring the CNRS around these core dimensions, which are direct 
operationalizations of the multifaceted definition of noise adopted in this study, the system 
aims to provide a more nuanced and contextually grounded assessment of urban noise. 
The specific variables selected for each dimension, their measurement, the detailed 
weighting methodology (including literature review, AHP, and public survey calibration), and 
the final mathematical formulation of the CNRS will be elaborated in Chapter 5.  
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4. Methodology 

4.1 Research Design and Analytical Framework 

This study adopts a mixed-methods, multi-scalar approach to examine contextual 

sensitivities in urban noise complaints. The research design is structured in two primary 

stages. The first stage analyzes city-wide spatial and temporal patterns in noise 

complaints, integrating physical exposure data and complaint distributions to identify 

mismatch typologies. The second stage models contextual influences on complaint 

behavior using a set of socioeconomic, temporal, and land-use variables. 

To account for the multifaceted nature of noise perception and reporting, the study 

introduces a Composite Noise Rating System (CNRS) as a reference metric for exposure 

risk. The CNRS serves as both a comparative baseline against complaint data and a 

conceptual bridge linking objective measurements with context-specific sensitivity. 

Quantitative analysis is conducted using regression modeling, including Ordinary Least 

Squares (OLS) and regularized regressions (Ridge and Lasso), to identify the key factors 

shaping complaint likelihood. Rather than aiming to predict complaint volume, these 

models are designed to reveal patterns of disparity, underreporting, and systemic bias 

across different community and temporal contexts. 

All data are aggregated to the census tract level, and analysis is temporally segmented to 

capture time-of-day and day-of-week variations. This design enables both structural 

interpretation and targeted policy insights regarding when, where, and for whom noise 

becomes intolerable. 

4.2 Data Sources and Preprocessing 

The table below summarizes the main data sources utilized in this study and their 

respective analytical roles. All datasets were harmonized to cover the year 2019 to 

maintain temporal consistency. These sources collectively enable the analysis of 

contextual, acoustic, and behavioral patterns across Manhattan area. 
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Table 1 Overview of Data Sources and Their Analytical Functions 

Component Source Data Used 

Census Tract-
Level Variables 

DCS/ACS Census Data Income levels, education, employment, renter 
proportion, race/ethnicity, language diversity 

Land Use (MapPLUTO) Residential, commercial, industrial, and mixed-use 
zoning 

Noise & 
Complaint Data 

SONYC Noise Data Noise source types (traffic, construction, etc.), 
intensity levels, timestamps 

311 Complaint Data Complaint locations, timestamps, descriptions, 
noise types 

Temporal 
Categorization 

311 Complaint Data Time of day, day type (weekday/weekend/holiday), 
event period classification 

Event Calendars Cultural holidays, local celebrations 
Composite Noise 
Score Integrated from above Combined objective (noise level, exposure time) and 

subjective (vulnerability, sensitivity) indicators 
   

The primary data sources underpinning this research are detailed below. Particular 

emphasis was placed on ensuring temporal alignment across all datasets to enable robust 

comparisons between measured noise exposure, reported complaint behavior, and 

relevant contextual factors. 

SONYC Noise Data: The core acoustic data for this study was sourced from the Sounds of 

New York City Urban Sound Tagging dataset, specifically version 2 (SONYC-UST-V2). This 

dataset originates from NYU's SONYC project, a large-scale research initiative utilizing a 

city-wide acoustic sensor network and machine listening techniques to monitor, analyze, 

and ultimately address urban noise pollution challenges in New York City (Sounds of New 

York City, n.d.). The SONYC-UST-V2 dataset contains audio recordings processed into 

segments, which were annotated through a combination of citizen science (via Zooniverse) 

and expert verification. Annotations identify the presence of 23 fine-grained sound classes 

relevant to urban noise, developed in consultation with the NYC DEP, and the dataset also 

includes coarse spatiotemporal context information (Cartwright et al., 2020). For this 

thesis, the SONYC data is crucial for providing detailed information on noise source types, 

acoustic intensity levels (used to derive psychoacoustic metrics), and precise timestamps, 

forming the data basis for the Objective Noise Factors (ONF) and Noise Type Weights 

(NTW) within the Composite Noise Rating System (CNRS). 
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311 Complaint Data: Data reflecting resident-reported noise disturbances were obtained 

from New York City's publicly accessible 311 service request database (NYC Open Data). 

This dataset provides granular information for each noise complaint, including its 

geographic location, timestamp, text description, and official categorization (noise type). 

Within this study, the 311 complaint data serves as the primary measure of reported noise 

issues, enabling the analysis of spatial and temporal complaint patterns. Furthermore, the 

normalized complaint rate, calculated per census tract, functions as the key dependent 

variable in the regression models aimed at understanding the factors influencing complaint 

behavior. The timestamps from this dataset also contribute to the temporal categorization 

used throughout the analysis. 

Contextual Data (Demographics, Socioeconomics, Land Use): To incorporate the 

community context surrounding noise exposure and reporting, relevant data were 

aggregated at the census tract level. Key socioeconomic and demographic variables, such 

as median income, educational attainment, employment status, renter proportion, racial 

and ethnic composition, and linguistic diversity (approximated by Non-English Speaker 

Percentage), were primarily sourced from the U.S. Census Bureau's American Community 

Survey (ACS) 5-Year Estimates. Information regarding land use composition (proportions of 

residential, commercial, industrial, and mixed-use areas) was derived from the 

MapPLUTO™ dataset provided by the NYC Department of City Planning. These contextual 

variables are essential for exploring potential disparities and serve as independent 

variables in the regression analyses. 

Temporal Harmonization to 2019: A critical decision in preparing these diverse datasets 

was the selection of a unified time frame. The year 2019 was chosen as the primary period 

for analysis across all data sources. This decision was principally driven by the availability 

of relatively stable and comprehensive SONYC sensor network data for that year, 

establishing a robust pre-pandemic baseline for measured acoustic conditions. Aligning 

the 311 complaint data and relevant contextual data (using the ACS 5-year estimates 

centered around 2019) to this same year ensures temporal consistency, which is 
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fundamental to the study's core objective of comparing measured noise exposure with 

contemporaneous complaint patterns and community characteristics. 

4.3 CNRS Weighting Methodolog 

The efficacy of the Composite Noise Rating System (CNRS) is substantially dependent on 

the scientific rigor and contextual appropriateness of the weights assigned to its various 

components, namely Objective Noise Factors (ONF), Noise Type Weights (NTW), and 

Contextual & Perceptual Factors (CPF), along with their respective sub-factors. To ensure a 

robust and sensitive weighting scheme, this study employed a multi-staged, hybrid 

methodology. This approach triangulated insights from three distinct sources to inform the 

weighting process: 

1. Literature Review: Initial baseline weights for the ONF, NTW, and CPF dimensions, 

as well as their sub-components, were derived from an extensive review of existing 

academic literature, relevant industry standards, and psychoacoustic research. 

2. Expert Judgment via Analytic Hierarchy Process (AHP): The AHP was utilized to 

refine these initial weights and incorporate specialized expert knowledge. Subject 

matter experts were invited to conduct pairwise comparisons to assess the relative 

importance of factors within each CNRS dimension. The aggregation of these expert 

judgments predominantly utilized the geometric mean method, a standard and 

effective practice in AHP for synthesizing multiple expert inputs while maintaining 

consistency. 

3. Public Survey Calibration: Finally, data gathered from a public perception survey, 

involving residents living within or near the study area, were used to calibrate and 

further refine the weights derived from the literature review and expert judgments. 

This step aimed to ensure that the final CNRS model accurately reflects localized 

sensitivities and lived urban experiences. 

Regarding the selection of the expert consultation method, the Delphi technique was 

initially considered for eliciting consensus on the factor weights. However, the anonymous 

nature of expert engagement in this research presented practical challenges for reliably 
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tracking participation across the necessary iterative rounds of a Delphi process. This 

limitation made it difficult to ensure consistent panel composition and the systematic 

progression required for effective consensus-building. Consequently, AHP was adopted as 

a robust alternative. AHP facilitates the structured elicitation of expert preferences through 

a single round of systematic pairwise comparisons, which can then be rigorously 

aggregated and validated for consistency. The subsequent calibration of these AHP-derived 

weights with public survey data further enhanced the contextual specificity and 

applicability of the final weighting scheme. 

4.4 Regression Modeling Approach 

To explore how noise complaints relate to contextual sensitivities, this study employed a 

sequence of regression models that incorporate socioeconomic, spatial, and temporal 

variables. The core dependent variable is the normalized complaint rate at the community 

level. Independent variables were selected based on conceptual relevance and data 

availability, grouped into three main categories: socioeconomic indicators (e.g., income, 

employment, education, race/ethnicity), land use proportions, and temporal response 

sensitivities derived from categorized 311 timestamps and SONYC data. 

An initial Ordinary Least Squares (OLS) model was used to assess general associations and 

identify statistically significant predictors. To address potential multicollinearity among 

contextual variables—especially across demographic and temporal dimensions—

regularized regression techniques were introduced. Ridge regression was applied to 

evaluate the relative strength and direction of linear effects across all predictors, while 

Lasso regression was used to perform feature selection and highlight the most influential 

variables. 

To further explore temporally-sensitive patterns, interaction terms between noise response 

intensity and specific time categories (e.g., daytime peak × weekend) were included. All 

models adopted a relaxed significance threshold (p < 0.1) in light of exploratory goals and 

limited sample size. 
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5. Composite Noise Rating System 

5.1 A Literature-Grounded Rationale for an Integrated Formula 

As introduced in Chapter 3, the Composite Noise Rating System (CNRS) was developed to 

capture noise exposure not merely as a physical phenomenon, but as a context-sensitive, 

temporally structured experience. This section details the technical implementation of 

CNRS, including variable operationalization, weighting strategy, and final score synthesis. 

The CNRS construction involves four main components: (1) objective acoustic indicators 

derived from SONYC sensor data, (2) noise-type weighting based on annoyance sensitivity, 

(3) contextual and perceptual factors informed by demographic and land-use 

characteristics, and (4) temporal modifiers reflecting human routines and vulnerability 

patterns. Each component was standardized and integrated through a weighted composite 

score that enables comparative evaluation across census tracts. 

The CNRS formula is expressed as follows: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑇𝑇𝑤𝑤 ∗ [𝜆𝜆1�(𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹,𝑂𝑂𝑂𝑂𝑂𝑂) + 𝜆𝜆2�(𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 𝑊𝑊𝑊𝑊𝑊𝑊𝑊𝑊ℎ𝑡𝑡𝑡𝑡,𝑁𝑁𝑁𝑁𝑁𝑁)

+ 𝜆𝜆3�(𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 & 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹𝐹,𝐶𝐶𝐶𝐶𝐶𝐶)] 

Where: 

• Tw(Time Weighting Factor) accounts for the temporal influence on noise 

perception. 

• λ1,λ2,λ3 are weight factors determining the relative contributions of each 

component. 

• ONF, NTW, CPF represent the three major components: 

o Objective Noise Factors (ONF): Physically measurable attributes of noise. 

o Noise Type Weights (NTW): Contribution of different noise types based on 

annoyance levels. 
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o Contextual & Perceptual Factors (CPF): Subjective influences such as land 

use, appropriateness, emotional response, and language barriers. 

The adoption of this integrated formula, particularly its weighted linear combination 

structure and the inclusion of a Time Weighting Factor (Tw), is informed by established 

principles in environmental assessment, soundscape research, and the established 

methodologies for constructing composite indicators. This introductory section (5.1) 

provides a literature-grounded rationale for this overall formulaic architecture and specific 

considerations for the Tw, before subsequent sections (5.1.1, 5.1.2, and 5.1.3) delve into 

the detailed literature supporting the selection of variables within each core component 

(ONF, NTW, and CPF respectively). 

5.1.1 Rationale for a Weighted Sum Composite Structure 

The aggregation of diverse factors into a single composite score through a weighted linear 

combination (or weighted sum) is a widely adopted and transparent methodology in the 

development of environmental quality indices and other multi-criteria assessment tools 

(OECD 2008; Saisana and Tarantola 2002). This approach is favored for several reasons 

pertinent to the objectives of the CNRS. Firstly, it allows for the systematic and 

understandable integration of distinct yet crucial dimensions of noise impact, namely, 

objective acoustic characteristics (ONF), the subjective influence of different noise source 

types (NTW), and the critical role of contextual and perceptual modifiers (CPF) into a 

unified evaluative framework. The use of explicit weights (λ1, λ2, λ3), derived through a 

rigorous multi-stage process detailed in Section 5.2 (incorporating literature review, AHP, 

and public survey data), ensures that the relative importance attributed to each dimension 

is clearly defined and empirically grounded. 

Secondly, the additive nature of this model generally offers good interpretability and 

decomposability. This means the contribution of each primary dimension to the final CNRS 

score can be relatively easily discerned, which is valuable for both understanding the 

primary drivers of the assessed noise burden and for guiding potential targeted mitigation 

strategies (see e.g., Belton and Stewart 2002, for discussions on additive models in MCDA). 
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While more complex non-linear or multiplicative aggregation methods exist, a linear model 

is often preferred for its parsimony (simplicity) and practical applicability, especially when 

the precise mathematical nature of interactions between highly diverse dimensions is not 

fully known a priori, or when a primary goal is to create a comprehensible and 

communicable assessment tool (Voogd 1983; Nardo et al. 2005). This structure implies a 

degree of compensability among the dimensions, suggesting that, for instance, a more 

favorable perceptual context might partially mitigate the negative impact of a certain 

objective noise level, a concept often implicit in holistic environmental assessments. 

5.1.2 Justification for Incorporating ONF, NTW, and CPF 

Dimensions 

The conceptual necessity of including these three specific dimensions (ONF, NTW, CPF) in 
any comprehensive noise assessment framework was established in Chapter 3.2, drawing 
from foundational work in psychoacoustics, soundscape research, and environmental 
psychology. Briefly reiterating their importance in the context of this formula: 

Objective Noise Factors (ONF): Literature consistently shows that while overall energy 
(Leq) is a fundamental descriptor, human auditory perception and resultant annoyance are 
better correlated with a broader suite of acoustic parameters, including those related to 
spectral and temporal characteristics (e.g., sharpness, roughness, fluctuation strength) 
(Zwicker and Fastl 2007; Genuit and Fiebig 2006). The ONF component aims to capture 
these critical objective attributes. 

Noise Type Weights (NTW): The source or type of a noise profoundly alters its perceived 
intrusiveness and annoyance potential, often independent of its absolute intensity 
(Miedema and Vos 1998; Guski 1999). The NTW component addresses this by 
differentiating the impact of various common urban noise sources. 

Contextual & Perceptual Factors (CPF): The experience of any given sound event is 
deeply mediated by the surrounding context and individual or community-level perceptual 
factors (Fields 1993; ISO 12913-1:2014; Kang et al. 2016). The CPF component integrates 
these crucial socio-spatial and perceptual modifiers. 

Thus, a formula that additively combines these weighted dimensions represents a logical 
and theoretically supported approach to synthesizing these distinct yet interacting facets 
of the overall noise impact. 
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5.1.3 Rationale for the Time Weighting Factor (Tw) and Specific 

Values 

The differential impact of noise depending on the time of day, particularly the heightened 

sensitivity and potential for disruption during nighttime periods, is a cornerstone of 

environmental noise assessment and regulation worldwide. Nighttime noise is widely 

recognized for its significant potential to cause sleep disturbance and other adverse health 

effects (WHO 2009; Basner and McGuire 2018). Consequently, many established noise 

metrics and international guidelines explicitly incorporate a nighttime penalty to reflect this 

increased vulnerability. 

For example, the Day-Night Average Sound Level (Ldn), extensively used in the United 

States for community noise assessment, applies a 10 dB weighting (penalty) to sound 

levels occurring during defined nighttime hours (typically 10 p.m. to 7 a.m.) before 

averaging over a 24-hour period (U.S. EPA 1974). Similarly, the European Lden (Day-

Evening-Night Level) metric includes a +5 dB penalty for evening periods and a +10 dB 

penalty for nighttime periods (European Parliament and Council 2002). 

While these standard metrics apply decibel penalties directly to the measured sound 

energy levels prior to averaging, the CNRS, as a linearly aggregated composite index, 

employs a multiplicative Time Weighting Factor (Tw) applied to the combined score of the 

three core dimensions. For this study, Tw is set to 1.0 for daytime periods and 1.5 for 

nighttime periods. The selection of Tw =1.0 for daytime establishes it as the baseline 

reference. The Tw =1.5 for nighttime signifies a 50% increase in the calculated adverse 

impact or contribution to the overall noise burden during these physiologically and socially 

sensitive hours. This factor, while not a direct mathematical conversion of a specific 

decibel penalty (which operates on a logarithmic scale), is a reasoned approach within an 

additive model to quantitatively represent the well-documented principle of greater 

nighttime annoyance and the imperative for enhanced protection during periods typically 

allocated for rest and recovery. It serves a conceptually analogous purpose to the decibel 

penalties in Ldn and Lden by ensuring that noise events occurring at night are given 

substantially greater significance in the overall CNRS assessment. The specific value of 1.5 
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was chosen to be impactful in reflecting this heightened sensitivity, yet avoid excessively 

skewing the index, considering that the other components (ONF, NTW, CPF) already 

capture various facets of annoyance and context. 

5.2 Dimensions of the Composite Noise Rating System 

5.2.1 Objective Noise Factors (ONF) 

The ONF component captures physically measurable attributes of sound based on ISO 

12913 standards and psychoacoustic research: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑂𝑂𝑂𝑂𝑂𝑂 = 𝛼𝛼1𝐿𝐿𝑒𝑒𝑒𝑒 + 𝛼𝛼2𝑆𝑆𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛼𝛼3𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟ℎ + 𝛼𝛼4𝑆𝑆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 + 𝛼𝛼5𝐹𝐹𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 

Table 2 Overview of the variables for Objective Noise Factors (ONF) 

Variable Description Source 
𝐿𝐿𝑒𝑒𝑒𝑒  Equivalent Continuous Noise Level (dB) ISO 12913 
𝑆𝑆𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎 Sharpness (Ear-Piercing Quality) Psychoacoustic Studies 
𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟ℎ Roughness (Irregular Modulation) Psychoacoustic Research 
𝑆𝑆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 Fluctuation Strength (Temporal Variation) Noise Perception Studies 
𝐹𝐹𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 Peak Frequency (Hz) Soundscape Analysis 

These factors determine noise annoyance and perceived intrusiveness based on their 

acoustic properties. 

5.2.2 Noise Type Weights (NTW) 

Each noise type contributes differently to annoyance, depending on its frequency, intensity, 

and social perception. The Noise Type Weighting (NTW) accounts for these differences: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝑁𝑁𝑁𝑁𝑁𝑁 = �𝑊𝑊𝑖𝑖𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑖𝑖

𝑛𝑛

𝑖𝑖=1

 

Table 3 Overview of the variables for Noise Type Weights (NTW) 

Noise Type Theoretical Basis 
Engine Noise Traffic Noise Annoyance Studies 
Machinery Impact Industrial Noise Research 
Non-Machinery Impact Construction Soundscape Research 
Powered Saw Psychoacoustic Studies 
Alert Signal Noise Complaint Reports 
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Music Context-Based Soundscape Studies 
Human Voice Social Noise Studies 
Dog Barking Noise Complaint Reports 

 

5.2.3 Contextual & Perceptual Factors (CPF) 

Noise perception is influenced by a range of contextual and perceptual factors beyond 

objective acoustic measurements. The Contextual & Perceptual Factors (CPF) component 

of the Composite Noise Rating System (CNRS) accounts for land use, appropriateness of 

noise within a given setting, emotional response, language barriers, and cultural 

background, ensuring a more holistic assessment of noise impact. 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝛽𝛽1𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽2𝐶𝐶𝑎𝑎𝑎𝑎𝑎𝑎 + 𝛽𝛽3𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒 + 𝛽𝛽4𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 + 𝛽𝛽5𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 

Where: 

𝑪𝑪𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍 (Land Use Type): Determines the baseline noise tolerance of an area (e.g., industrial 

zones tolerate higher noise levels than residential areas). 

𝑪𝑪𝒂𝒂𝒂𝒂𝒂𝒂 = 𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳𝑳(𝑪𝑪𝒕𝒕𝒕𝒕𝒕𝒕𝒕𝒕,𝑪𝑪𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍) (Appropriateness of Noise): Derived from a lookup table 

that assigns a noise appropriateness score based on the interaction between noise type 

and land use category. 

𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆 (Emotional Response): Reflects the psychological and physiological effects of noise, 

including stress, anxiety, and mood disturbances. 

𝑪𝑪𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍 (Language Barrier): Accounts for disparities in noise complaint reporting, as 

language proficiency can impact the likelihood of filing complaints. 

 𝑪𝑪𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄 (Cultural Background): Captures variations in noise sensitivity across different 

cultural groups, using demographic data weighted by cultural noise perception, refined 

through survey calibration. 
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5.3 Weighting and Validation Process 

To ensure accuracy, the CNRS framework employs a three-stage weighting process. First, 

extract initial weights from the literature and integrate all the literature to establish initial 

weights based on prior studies. Secondly, a comparison was made between the AHP 

expert scores obtained through structured expert feedback and the weights extracted in 

the first step. The weighted average method was then employed to refine the results, 

thereby ensuring their consistency. Finally, the final weights were corrected by linear 

weighting using public survey data. 

5.3.1 Extracting Initial Weights from Literature 

Layer 1: Determining ONF, NTW, and CPF Weights 

The first layer of weighting establishes the relative importance of Objective Noise Factors 

(ONF), Noise Type Weights (NTW), and Contextual & Perceptual Factors (CPF). This 

process is based on an extensive literature review, synthesizing insights from soundscape 

studies, psychoacoustic research, urban noise perception evaluations, and international 

standards (such as ISO 12913). 

This study systematically reviews the extant literature, summarizes five key studies that are 

supportive of ONF, NTW, and CPF weights, and quantifies the relative importance of the 

three through specific arguments in support of weight allocation. 

Table 4 Comparative Literature Review on Noise Perception Dimensions: Support for ONF, NTW, and CPF 

Literature Support for ONF Support for NTW Support for CPF 

ISO 12913-
1:2014 
(Acoustic 
Soundscape 
Framework) 

Defines ONF as a structured 
measurement system, 
emphasizing physical 
characteristics of noise 
(e.g., Leq, fluctuation 
strength, and sharpness) in 
noise perception. 

Recognizes noise type 
differences, but 
focuses more on 
broader perception 
rather than individual 
source impact. 

Strongly emphasizes 
contextual influences 
such as land use, 
emotional response, 
and sociocultural 
differences in noise 
perception. 

Zimmer & 
Ellermeier 
(1999) 

Highlights the role of 
psychoacoustic attributes 
(e.g., fluctuation strength, 
roughness, and sharpness) 

Does not categorize 
noise types but 
acknowledges 
differences in 

Suggests that 
perception of noise 
changes based on 
environmental 
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(Psychoacoustic 
Studies) 

in perceived annoyance, 
supporting ONF weighting. 

perception based on 
psychoacoustic 
factors. 

context, indicating 
moderate CPF 
influence. 

Brown, Kang & 
Gjestland (2011) 
(Soundscape 
Research) 

Incorporates ONF by 
examining sound levels 
and psychoacoustic 
measures in soundscape 
perception. 

Differentiates noise 
sources based on 
annoyance levels, 
showing that some 
types (e.g., traffic noise) 
are more disturbing than 
others. 

Recognizes 
sociocultural and 
environmental context 
as key factors in 
shaping noise tolerance 
and complaint behavior. 

Tarlao et al. 
(2021) 
(Contextual 
Noise 
Perception 
Study) 

Limited ONF focus, as the 
study primarily examines 
perceptual and contextual 
influences rather than 
physical measurements. 

Considers urban noise 
type differences, 
particularly how 
different sources (e.g., 
traffic vs. social noise) 
impact annoyance. 

Strong emphasis on 
contextual perception, 
showing that social 
interaction, 
demographics, and land 
use significantly shape 
noise tolerance. 

FAA Noise 
Metrics 
Handbook 
(Regulatory 
Standards) 

Provides standardized ONF 
metrics, emphasizing the 
regulatory use of noise 
levels (Leq) and other 
acoustic parameters. 

Categorizes noise 
sources (e.g., aircraft 
noise, road traffic, 
industrial noise) based 
on measured and 
perceived impact. 

Limited discussion on 
CPF, as regulatory 
frameworks prioritize 
physical noise 
measurements over 
social context. 

 

Further weights are assigned and quantified based on the contents of the table. 

Table 5 Estimated Weight Contributions of Key Literature Across ONF, NTW, and CPF Dimensions 

Literature ONF Weight 
Contribution (%) 

NTW Weight 
Contribution (%) 

CPF Weight 
Contribution (%) 

ISO 12913-1:2014 40% 10% 50% 
Zimmer & Ellermeier 
(1999) 

50% 10% 40% 

Brown, Kang & 
Gjestland (2011) 

30% 40% 30% 

Tarlao et al. (2021) 10% 30% 60% 
FAA Noise Metrics 
Handbook 

50% 40% 10% 

 

To compute the final ONF, NTW, and CPF weights, we average the weight contributions 

from each study: 

𝑂𝑂𝑂𝑂𝑂𝑂𝑙𝑙𝑙𝑙𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =
40% + 50% + 30% + 10% + 50%

5
= 36% 
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𝑁𝑁𝑁𝑁𝑁𝑁𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =
10% + 10% + 40% + 30% + 40%

5
= 26% 

𝐶𝐶𝐶𝐶𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 =
50% + 40% + 30% + 60% + 10%

5
= 38% 

To ensure the total sum equals 100%, this study normalizes the values proportionally. 

Based on an extensive literature review and structured weight analysis, we establish the 

final category weights for CNRS: 

Table 6 Overview of the average weights based on Literature 

Component Weight (%) Justification 
ONF (Objective Noise Factors) 30% Quantifies noise objectively, but perception varies 
NTW (Noise Type Weights) 30% Noise source influences complaint behavior 
CPF (Contextual & Perceptual 
Factors) 

40% Context and human perception dominate noise 
tolerance 

 

Layer 2: Determining ONF Sub-Component Weights 

The ONF category captures the physically measurable attributes of noise, which influence 

its perceived annoyance level. The following variables were selected based on ISO 12913, 

psychoacoustic studies, and soundscape research. 

Table 7 Definitions of ONF Variables and Supporting Literature 

ONF Variable Description Supporting Literature 

Equivalent Noise 
Level (𝐿𝐿𝑒𝑒𝑒𝑒) 

Represents the overall noise energy level over 
time, a fundamental metric in environmental 
noise assessment. 

ISO 12913-1:2014, FAA Noise 
Metrics Handbook, Brown et al. 
(2011) 

Sharpness 
(𝑆𝑆𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎) 

Measures high-frequency content; sharper 
noises (e.g., alarms, metal scraping) tend to 
be more disturbing. 

Zimmer & Ellermeier (1999), 
Psychoacoustic Research 

Roughness 
(𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟ℎ) 

Captures irregular modulations in sound, 
linked to perceptual discomfort. 

Brown et al. (2011), 
Psychoacoustic Studies 

Fluctuation 
Strength (𝑆𝑆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) 

Measures temporal variation in sound 
intensity, affecting perceived annoyance. 

ISO 12913-1:2014, Zimmer & 
Ellermeier (1999) 

Peak Frequency 
(𝐹𝐹𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) 

Identifies the dominant frequency of noise; 
certain frequencies are perceived as more 
intrusive. 

Soundscape Analysis Studies, 
FAA Noise Metrics Handbook 

The relative contributions of these ONF variables were determined by analyzing literature 

sources that emphasize their importance. 
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Table 8 ONF Variables Weight Distribution Across Literature Sources 

Literature 𝑳𝑳𝒆𝒆𝒆𝒆 (%) 𝑺𝑺𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔𝒔 (%) 𝑺𝑺𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓𝒓 (%) 𝑺𝑺𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇𝒇 (%) 𝑭𝑭𝒑𝒑𝒑𝒑𝒑𝒑𝒑𝒑  (%) 
ISO 12913-1:2014 40% 15% 15% 20% 10% 
Zimmer & Ellermeier (1999) 30% 25% 15% 20% 10% 
Brown et al. (2011) 35% 15% 20% 15% 15% 
FAA Noise Metrics Handbook 45% 10% 15% 20% 10% 

Normalize these values to make sure their sum equals 100% by averaging the weight 

contributions from different studies. 

Table 9 Final Literature-based Weights and Rationale for ONF Variables in the Composite Noise Rating System 

Final ONF Variable Weights Weight (%) Justification 

Equivalent Noise Level (𝐿𝐿𝑒𝑒𝑒𝑒) 38% Dominant measure in regulatory and psychoacoustic 
studies. 

Sharpness (𝑆𝑆𝑠𝑠ℎ𝑎𝑎𝑎𝑎𝑎𝑎) 16% Highly associated with human sensitivity to piercing 
sounds. 

Roughness (𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟ℎ) 16% Captures modulated noise impact, increasing 
perceptual discomfort. 

Fluctuation Strength (𝑆𝑆𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓) 19% Strongly linked to annoyance from varying sound 
intensities. 

Peak Frequency (𝐹𝐹𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) 11% Secondary but relevant in distinguishing intrusive 
sounds. 

 

Layer 3: Determining Noise Type Weights (NTW) 

The NTW category accounts for variations in perceived annoyance based on different noise 

sources. The following noise types were selected based on ISO 12913, urban noise 

perception studies, and soundscape research. 

Table 10 Classification of Urban Noise Types and Supporting Literature 

Noise Type Description Supporting Literature 
Engine Noise Includes vehicle, airplane, and industrial 

engines, often cited as a major source of 
urban noise complaints. 

ISO 12913-1:2014, FAA Noise 
Metrics Handbook, Brown et al. 
(2011) 

Machinery Impact 
Noise 

Includes construction and industrial 
machinery; often high in intensity and tonal 
components. 

Construction Soundscape 
Research, Zimmer & Ellermeier 
(1999) 

Non-Machinery 
Impact Noise 

Includes sounds like hammering or heavy 
object drops, leading to sudden 
disturbances. 

Psychoacoustic Studies, Brown 
et al. (2011) 

Powered Saw & 
Drilling Noise 

Common in urban areas due to construction 
work; highly tonal and often considered 
piercing. 

Zimmer & Ellermeier (1999), ISO 
12913-1:2014 
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Alert Signals & 
Sirens 

Emergency sirens, car alarms, and horns; 
designed to be intrusive and gain attention. 

Noise Complaint Reports, 
Psychoacoustic Studies 

Music & 
Entertainment 
Noise 

Includes street performances, bars, and 
amplified music; perceived annoyance 
varies based on context. 

Context-Based Soundscape 
Studies, Tarlao et al. (2021) 

Human Voices Speech sounds from crowds, conversations, 
and shouting; can be perceived differently 
based on setting. 

Social Noise Studies, Zimmer & 
Ellermeier (1999) 

Dog Barking Repetitive or loud dog barking is a common 
source of residential noise complaints. 

Noise Complaint Reports, ISO 
12913-1:2014 

The relative contributions of these NTW variables were determined by analyzing literature 

sources that emphasize their importance. 

Table 11 Comparative Weighting of Urban Noise Types Across Literature Sources 

Noise Type ISO 12913-
1:2014 

Zimmer & 
Ellermeier (1999) 

Brown et al. 
(2011) 

FAA Noise Metrics 
Handbook 

Tarlao et al. 
(2021) 

Engine Noise 15% 10% 20% 25% 10% 
Machinery 
Impact 

20% 15% 25% 20% 15% 

Non-
Machinery 
Impact 

10% 10% 15% 10% 10% 

Powered Saw 
& Drilling 

10% 20% 10% 10% 5% 

Alert Signals 
& Sirens 

25% 20% 20% 20% 10% 

Music & 
Entertainment 

5% 10% 5% 5% 30% 

Human Voices 5% 10% 5% 5% 15% 
Dog Barking 10% 5% 5% 5% 5% 

Normalize these values to make sure their sum equals 100% by averaging the weight 

contributions from different studies. 

Table 12 Final Literature-based Weights and Justifications for NTW Variables in the CNRS Model 

Final NTW Variable 
Weights 

Weight (%) Justification 

Engine Noise 16% Frequently cited in noise complaints and urban policy. 
Machinery Impact 19% Strong annoyance factor, especially in construction zones. 
Non-Machinery Impact 11% Sudden noise events can be disruptive, but less 

continuous. 
Powered Saw & Drilling 11% High-frequency impact, common in urban noise surveys. 
Alert Signals & Sirens 19% Designed to be highly intrusive, strong regulatory backing. 
Music & Entertainment 11% Context-dependent; significant for noise complaints in 

social areas. 
Human Voices 8% Varies by context, but can cause disturbances in 

residential zones. 
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Dog Barking 6% Common residential noise complaint, but relatively low 
impact. 

 

Layer 4: Determining Contextual & Perceptual Factors Weights 

The CPF category captures how psychological, social, and environmental contexts 

influence noise perception. The following variables were selected based on ISO 12913, 

urban noise sensitivity research, and soundscape studies. 

Table 13 Definitions of CPF Variables and Supporting Literature 

CPF Variable Description Supporting Literature 
Land Use Type 
(𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) 

Baseline noise tolerance varies by land use 
(e.g., industrial zones tolerate higher noise 
levels than residential areas). 

ISO 12913-1:2014, Brown et 
al. (2011) 

Appropriateness of 
Noise (𝐶𝐶𝑎𝑎𝑎𝑎𝑎𝑎) 

Noise may be tolerated depending on its 
perceived function (e.g., festival noise vs. 
construction noise). 

ISO 12913-1:2014, Tarlao et 
al. (2021) 

Emotional 
Response (𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒) 

Noise exposure affects stress, anxiety, and 
mood disturbances. 

Zimmer & Ellermeier (1999), 
Psychoacoustic Research 

Language Barrier 
(𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) 

Language proficiency influences likelihood of 
filing noise complaints. 

Noise Complaint Studies, 
Tarlao et al. (2021) 

Cultural 
Background (𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) 

Cultural norms affect noise sensitivity and 
reporting behaviors. 

Soundscape Perception 
Research, ISO 12913-1:2014 

The relative contributions of these CPF variables were determined by analyzing literature 

sources that emphasize their importance. 

Table 14 Comparative CPF Variable Weights Across Literature Sources 

Literature Land Use 
(𝑪𝑪𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍) (%) 

Appropriateness 
(𝑪𝑪𝒂𝒂𝒂𝒂𝒂𝒂) (%) 

Emotional 
Response 
(𝑪𝑪𝒆𝒆𝒆𝒆𝒆𝒆) (%) 

Language 
Barrier 
(𝑪𝑪𝒍𝒍𝒍𝒍𝒍𝒍𝒍𝒍) (%) 

Cultural 
Background 
(𝑪𝑪𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄) (%) 

ISO 12913-
1:2014 

30% 30% 15% 10% 15% 

Zimmer & 
Ellermeier (1999) 

20% 20% 30% 10% 20% 

Brown et al. 
(2011) 

25% 25% 20% 10% 20% 

Tarlao et al. 
(2021) 

15% 30% 20% 20% 15% 

Noise Complaint 
Studies 

10% 15% 20% 30% 25% 

Normalize these values to make sure their sum equals 100% by averaging the weight 

contributions from different studies. 
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Table 15 Final Literature-based Weights and Justifications for CPF Variables in the CNRS Model 

Final CPF Variable Weights Weight (%) Justification 
Land Use Type (𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) 20% Land use defines baseline noise tolerance (e.g., 

industrial vs. residential). 
Appropriateness of Noise 
(𝐶𝐶𝑎𝑎𝑎𝑎𝑎𝑎) 

24% Noise tolerance depends on perceived purpose (e.g., 
construction vs. festivals). 

Emotional Response (𝐶𝐶𝑒𝑒𝑒𝑒𝑒𝑒) 21% Psychological and stress impacts influence noise 
perception. 

Language Barrier (𝐶𝐶𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) 16% Affects noise complaint rates, especially in diverse 
communities. 

Cultural Background (𝐶𝐶𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐) 19% Cultural norms affect noise sensitivity and reporting. 
 

5.3.2 Weight Validation and Refinement through AHP and Public 

Survey Calibration 

Layer 1: Expert-Based Weight Estimation through Analytic Hierarchy Process (AHP) 

To ensure the reliability of the initially literature-derived weights and validate them through 

expert knowledge, the Analytic Hierarchy Process (AHP) was employed to capture 

structured comparisons between sub-criteria within each major component: Objective 

Noise Factors (ONF), Noise Type Weights (NTW), and Contextual & Perceptual Factors 

(CPF). 

AHP transforms expert judgments into structured pairwise comparisons between factors. 

Experts were invited to assess the relative importance within each pair of variables within 

ONF, NTW, and CPF using the Saaty fundamental 1–9 scale, where: 1 indicates equal 

importance; 3, 5, 7, 9 represent increasing degrees of importance of one factor over 

another, and reciprocals (1/3, 1/5, etc.) represent decreasing importance. Intermediate 

values (2, 4, 6, 8) were allowed to express compromise between adjacent judgments. 

Each expert’s responses were used to construct a pairwise comparison matrix, where the 

element 𝑎𝑎𝑖𝑖𝑖𝑖  represents the importance of factor i relative to factor j. Reciprocal symmetry 

(𝑎𝑎𝑗𝑗𝑗𝑗 =  1/𝑎𝑎𝑖𝑖𝑖𝑖) and diagonal consistency (𝑎𝑎𝑖𝑖𝑖𝑖 = 1) were preserved across all matrices. For 

instance, if an expert rated factor A as 5 times more important than factor B, the matrix 

would assign 𝑎𝑎𝐴𝐴𝐴𝐴 = 5 and 𝑎𝑎𝐵𝐵𝐵𝐵 = 1/5. 
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For each dimension (ONF, NTW, CPF), individual matrices from multiple experts were 

aggregated into a group matrix using the geometric mean method, which is widely 

recognized in AHP for synthesizing multiple judgments: 

𝐴𝐴𝑖𝑖𝑖𝑖
(𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔𝑔) =  ��𝑎𝑎𝑖𝑖𝑖𝑖

(𝑘𝑘)
𝑛𝑛

𝑘𝑘=1

�
1/𝑛𝑛

 

Where 𝑎𝑎𝑖𝑖𝑖𝑖
(𝑘𝑘) is the (i,j) element from the k-th expert’s matrix. 

The final priority vector (i.e., normalized weight vector) was computed from the aggregated 

matrix in two steps. Normalize the matrix column-wise and take the row-wise average of 

the normalized matrix to obtain the priority vector. This approach ensures a consistent and 

scale-invariant extraction of relative importance. 

To evaluate the internal consistency of the expert responses, the Consistency Ratio (CR) 

was computed for each aggregated matrix. The procedure includes: Calculating the 

principal eigenvalue 𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚, using the aggregated matrix and the priority vector; Computing 

the Consistency Index (CI); and Comparing CI to the Random Index (RI) based on matrix 

size n to yield the CR.  

Where 𝐶𝐶𝐶𝐶 =  𝜆𝜆𝑚𝑚𝑚𝑚𝑚𝑚 − 𝑛𝑛
𝑛𝑛 − 1

 , 𝐶𝐶𝐶𝐶 =  𝐶𝐶𝐶𝐶
𝑅𝑅𝑅𝑅

 

All the matrices of AHP were examined for the CR value, and the results were lower than 

the recognized 0.10 threshold, indicating that the logical consistency of the expert 

judgment is high and meets the consistency requirements. 

Layer 2: Public Survey Calibration and Weight Extraction 

To complement and calibrate expert-driven judgments, a public perception survey was 

conducted with 49 valid responses collected from residents living within or near the study 

areas. The purpose of this component was twofold: 1) To assess the alignment between 

expert priorities and local perceptions, and 2) to identify dimensions where community 

insight may provide contextually grounded revisions to model assumptions. 
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The public survey consisted of two primary formats: 

1. Likert-scale questions (1-5): 

Respondents were asked to rate how annoying or acceptable specific sounds were, 

such as “construction noise on weekday mornings” or “music from street performers”. 

These scores were interpreted as the relative annoyance or tolerance level for different 

noise types or contextual scenarios. 

2. Ranking questions: 

Participants were asked to rank factors (e.g., “location and land use”, “cultural 

background”, “personal sensitivity”) by their influence on noise perception. These 

rankings were converted into quantitative comparisons using reciprocal-based scaling 

(e.g., rank 1 = 1.0, rank 2 = ½, etc.) and subsequently used to construct pairwise 

matrices among the relevant variables. 

For each respondent, pairwise matrices were constructed based on their Likert or ranking 

scores using the standard AHP transformation 𝑎𝑎𝑖𝑖𝑖𝑖  =  𝑠𝑠𝑗𝑗
𝑠𝑠𝑖𝑖

 , where 𝑠𝑠𝑖𝑖  and 𝑠𝑠𝑗𝑗  are the raw or 

transformed scores. These matrices were then aggregated across respondents using the 

geometric mean method to form the final group-level public comparison matrices for ONF, 

NTW, and CPF. 

Layer 3: Final weights analysis and determination 

Following the derivation of weights from literature review, expert judgment (via AHP), and 

public survey calibration, a cross-source comparative analysis was conducted to 

synthesize the final weights for each dimension of the CNRS model: Objective Noise 

Factors (ONF), Noise Type Weights (NTW), and Contextual and Perceptual Factors (CPF). 

Expert–Public Divergence and Contextual Sensitivity 

The comparison between expert-derived and public-derived weights revealed systematic 

differences across categories that reflect the strengths and limitations of each knowledge 

source. In the Contextual and Perceptual Factors (CPF) dimension, public responses 
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tended to assign relatively low importance to latent sociocultural variables such as 

language barriers and cultural background. This may be due to the inherent subjective 

invisibility of these factors in everyday experience. Individuals are often unaware of how 

language access or cultural framing affects their complaint behaviors or tolerance 

thresholds. (Fig. 2) 

By contrast, experts, who often engage with diverse populations or research urban 

inequalities, are more likely to recognize the structural role of sociocultural context in 

shaping community noise sensitivity. Expert AHP weights consistently elevated the 

significance of factors like language, appropriateness of noise, and emotional reactivity, 

reflecting a more holistic understanding of noise perception rooted in urban and social 

planning knowledge. (Fig. 3) 

 
Figure 2 Overall Weight Comparison among Literature, Experts, and Public Survey 
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Figure 3 CPF Weight Comparison among Literature, Experts, and Public Survey 

The Noise Type Weights (NTW) category showed more alignment between public and 

expert responses, with public respondents emphasizing specific noise sources—such as 

human conversation, dog barking, and street activity—that directly correspond to their 

daily lived environments. These preferences may reflect geographically and behaviorally 

grounded experiences, offering a valuable layer of localized insight often underrepresented 

in expert or literature models. Public inputs were thus considered highly credible in this 

dimension. (Fig. 4) 

 
Figure 4 NTW  Weight Comparison among Literature, Experts, and Public Survey 
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The Objective Noise Factors (ONF) weights showed a more mixed pattern. Experts tended 

to emphasize spectral and temporal features such as sharpness and roughness, while the 

public placed slightly more emphasis on loudness and direct perceptibility. As ONF is 

inherently rooted in acoustic theory and psychoacoustic constructs, literature-derived 

priorities were given greater weight in this domain, with expert inputs offering refinements 

and public perception serving as a useful calibration reference. (Fig, 5) 

 
Figure 5 ONF Weight Comparison among Literature, Experts, and Public Survey 

 

Fusion Strategy and Final Weight Synthesis 

After validating and refining the weights of ONF, NTW, and CPF through AHP and public 

survey data, the final CNRS (Community Noise Resilience Score) model integrates these 

weights using a structured, multi-level formulation. This process balances physical 

acoustic properties, type-based social perception, and context-sensitive human factors, 

ultimately producing a composite noise resilience score. 

The final weights used in CNRS are a result of a weighted fusion of three knowledge 

sources: literature, expert judgment (AHP), and public perception. As discussed in the 

previous section, different sources contribute differently across ONF, NTW, and CPF based 

on their relevance and reliability. The integration strategy applied is: 
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Table 16 Overview of the average weights on integration strategy 

CNRS 
Dimension Literature Expert (AHP) Public 

Survey Justification 

Overall 
Structure 0.4 0.4 0.2 Structural logic built on theory and expert 

framing 

ONF 0.5 0.3 0.2 Acoustic features grounded in literature, fine-
tuned by experts 

NTW 0.2 0.3 0.5 Noise-type perception is highly experiential 
and context-driven 

CPF 0.4 0.4 0.2 Structural influences underappreciated by 
public but recognized by experts 

The resulting final weights are: 

Overall Component Weights: 

𝜆𝜆1  =  0.3, 𝜆𝜆2  =  0.3 , 𝜆𝜆3  =  0.4 

ONF Variable Weights (𝛼𝛼𝑖𝑖): 

𝛼𝛼1 = 0.262, 𝛼𝛼2 = 0.237, 𝛼𝛼3 = 0.188, 𝛼𝛼4 = 0.177, 𝛼𝛼5 = 0.137 

NTW Variable Weights (𝑊𝑊𝑖𝑖): 

Engine = 0.114, Machinery = 0.117, Non-Machinery = 0.108, Powered Saw = 0.102, 

Alert = 0.133, Music = 0.146, Human = 0.141, Dog = 0.141 

CPF Variable Weights (𝛽𝛽𝑖𝑖): 

𝛽𝛽1 = 0.179, 𝛽𝛽2 = 0.243, 𝛽𝛽3 = 0.228, 𝛽𝛽4 = 0.166, 𝛽𝛽5 = 0.185 

Final CNRS Formulas: 

Using the above weights, the CNRS is expressed as a composite model: 

𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 =  𝑇𝑇𝑤𝑤 ·  [𝜆𝜆1�𝛼𝛼𝑖𝑖 · 𝑆𝑆𝑖𝑖

5

𝑖𝑖=1

 +  𝜆𝜆2�𝑊𝑊𝑗𝑗 · 𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑗𝑗

8

𝑗𝑗=1

 +  𝜆𝜆3�𝛽𝛽𝑘𝑘 · 𝐶𝐶𝑘𝑘

5

𝑘𝑘=1

] 

Where: 

𝑇𝑇𝑤𝑤  =  1.0 (daytime), 1.5 (nighttime) – Time weighting adjustment. 

𝑆𝑆𝑖𝑖  – Objective Noise Factor scores. 
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𝐶𝐶𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑗𝑗  – Complaint-related impact from different noise types. 

𝐶𝐶𝑘𝑘  – Contextual & Perceptual Factor values. 
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6. Analysis and Findings 

6.1 Characterizing Urban Noise Dynamics in Manhattan: Exposure and 

Complaints 

Understanding the complex interplay between urban noise as a physical phenomenon and 

its expression as a social grievance requires a foundational examination of both aspects. 

Before delving into the critical analysis of mismatches between measured noise exposure 

and reported complaints (Section 6.2), this section first aims to independently characterize 

the distinct spatiotemporal dynamics of these two key phenomena in Manhattan. 

The following subsections will therefore present a dual perspective on the borough's 

acoustic landscape. First, Section 6.1.1 will detail the spatiotemporal patterns of 

measured noise exposure. This analysis utilizes the Composite Noise Rating System 

(CNRS) developed in this thesis, which integrates objective acoustic properties and 

contextual modifiers, to provide a nuanced picture of potential noise burdens across 

different times and locations. Second, Section 6.1.2 will shift focus to resident-reported 

noise issues, examining the spatiotemporal patterns evident in 311 noise complaint data. 

This will illuminate how, when, and where communities formally express their acoustic 

discomfort. 

By first establishing a clear understanding of the individual topographies of both modeled 

noise exposure and registered complaints, this section provides the necessary groundwork 

for a subsequent, more focused investigation into their points of convergence, divergence, 

and the systemic inequities that these patterns may reveal. 

6.1.1 Spatiotemporal Patterns of Measured Noise Exposure (CNRS-based) 

To systematically investigate and compare the multifaceted nature of urban noise exposure 

and resident-reported complaints in Manhattan, this study first establishes a standardized 

temporal framework. The highly granular hourly data available for both measured noise and 

complaints, while rich, requires thoughtful aggregation to reveal meaningful patterns and 
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enable robust comparisons. Preliminary exploration of hourly complaint distributions 

(which will be detailed in Section 6.1.2, e.g., Figure 2 and Figure 4) reveals distinct peaks 

and troughs corresponding to daily and weekly human activity cycles, including periods of 

heightened sensitivity and complaint intensity. These initial observations, combined with 

established understandings of urban rhythms and common temporal delineations in noise 

research, inform the selection of five representative time segments. These segments are 

designed to capture a broad range of typical acoustic experiences and community 

response periods, covering quiet intervals, activity peaks, and periods frequently 

associated with high complaint volumes. Applying these fixed segments consistently 

across all day types (weekday, weekend, and detailed holiday subtypes) ensures a 

common basis for subsequent spatiotemporal analyses of both exposure and complaints, 

as well as for their eventual comparison. 

The five selected analytical time segments are: 

Quiet time (04:00–07:00): Chosen to represent the city's period of minimal ambient human 

and traffic activity, this segment is anticipated to capture baseline exposure levels and 

typically the lowest complaint rates. 

Daytime Peak (08:00–11:00): This window covers morning rush hours and the onset of the 

active commercial period. It is selected to examine noise characteristics during a period of 

increasing activity, which often aligns with a rise in both certain types of objective noise 

and a corresponding, though sometimes modest, increase in complaints, particularly in 

non-residential or mixed-use zones. 

Afternoon (13:00–16:00): Included to capture mid-day transitions and pre-evening activity, 

this segment is useful for observing differential noise dynamics and potential complaint 

sensitivities that may vary between weekdays, weekends, and holidays, especially in areas 

with significant commercial, recreational, or tourist activity. 

Evening (19:00–22:00): This period is frequently identified as a high-density complaint 

segment. It is associated with a mix of residential noise (as people are home) and 
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commercial noise from dining, entertainment, and nightlife, making it a critical window for 

understanding perceived disturbances. 

Late Night (23:00–02:00): Often the most complaint-intensive period, particularly on 

weekends and certain holidays, this segment reflects accumulated disturbances from 

nightlife, late household activities, and other sources that impinge upon critical rest 

periods, thus warranting specific focus. 

Having established this analytical temporal framework, the following subsections will now 

delve into characterizing the spatiotemporal dynamics of measured noise exposure and 

reported complaints. Section 6.1.1 will detail the patterns of noise exposure as assessed 

by the Composite Noise Rating System (CNRS), and Section 6.1.2 will examine the patterns 

of resident-reported noise issues based on 311 complaint data. 

To establish a robust baseline of the acoustic environment, against which resident 

complaint behaviors can be subsequently compared, this section details the 

spatiotemporal patterns of noise exposure across Manhattan as characterized by the 

Composite Noise Rating System (CNRS). It is important to preface this analysis with a note 

on spatial scope: the SONYC acoustic sensor network, providing the foundational data for 

CNRS exposure calculations, is primarily concentrated in specific areas of Manhattan, 

including Midtown, areas surrounding Central Park, and parts of Lower. Consequently, all 

CNRS-based exposure analyses presented in this thesis, along with subsequent 

comparisons between exposure and complaints, are focused within these sensor-covered 

census tracts. In contrast, the independent analysis of complaint behaviors (Section 6.1.2) 

encompasses the entire Manhattan borough, offering a broader view of reported 

disturbances. 

The CNRS, with its construction detailed in Chapter 5, integrates objective acoustic 

properties (ONF) and noise type sensitivities (NTW), further refined by contextual factors 

(CPF) and time-of-day weightings (Tw) for the final scores. For the initial temporal analysis 

of exposure presented here, the focus is on the combined ONF and NTW components, as 

CPF is spatially constant and does not vary temporally within individual census tracts. 
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Temporal Dynamics of CNRS-Assessed Exposure 

Raw acoustic sensor data, with its hourly granularity throughout the year, often presents a 

volatile and complex picture. This makes direct interpretation challenging without 

appropriate aggregation and contextualization. To explore underlying micro-dynamics and 

ascertain if localized sound environments exhibit discernible temporal regularities, an 

examination of individual census tracts was undertaken. Figure 6 visualizes the daily 

exposure patterns across twelve months for Tract 36061006300. This particular tract was 

selected through a random sampling process in Python to serve as an illustrative example 

of these fine-grained dynamics; observations from several other randomly selected tracts 

revealed broadly similar patterns of temporal fluctuation. The visualization for Tract 

36061006300 indicates both localized consistencies, such as tendencies for exposure to 

peak around midday to early evening (approximately 11:00–18:00), especially during 

warmer months, alongside considerable inter-day volatility. This pattern, aptly described 

as "localized regularity with global volatility", highlights the inherent difficulty in defining a 

single, dominant exposure trajectory from raw data at such a micro-level and underscores 

the necessity for robust aggregation strategies to reveal broader, more stable trends. 
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Figure 6 Daily exposure patterns cross all twelve months 

 

Moving towards a more generalized understanding, Figure 7 presents a consolidated view 

of CNRS scores (sum of ONF and NTW components) across different day types and times. 

These boxplots reveal substantial variations. For instance, as seen in Figure 7, weekday and 

weekend daytime periods generally exhibit higher median exposure scores and wider 

interquartile ranges compared to holiday daytime periods, suggesting more consistent and 

elevated activity. Nighttime exposures, while typically lower in median values, often show 

greater dispersion and a number of outliers, particularly during weekday and weekend 

nighttime (visible as distinct points above the main box and whiskers in Figure 7). These 

outliers, though statistically infrequent, are critical to note. They may represent episodic 

yet intense disturbances, such as late-night construction, loud gatherings, or emergency 

vehicle sirens, which, despite not defining the average condition, could disproportionately 
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impact resident perception and well-being, potentially triggering annoyance or sleep 

disruption more significantly than sustained, moderate noise. 

 

 
Figure 7 CNRS Exposure Distribution by Daytype-Time 

 
Further dissecting holiday periods (Figure 7), it becomes evident that "long holidays" (e.g., 

Thanksgiving, Christmas) tend to have the lowest and least variable exposure, possibly 

reflecting reduced city-wide activity or different population distributions. In contrast, 

"midweek holidays" and "observed holidays" can exhibit higher exposure levels, especially 

during nighttime, with their own sets of outliers suggesting specific, event-driven acoustic 
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activity. These nuanced temporal patterns, including the presence of significant outliers, 

suggest that both regular behavioral rhythms and specific, sometimes intense, episodic 

events shape the residents' acoustic environments. The relatively small numerical values 

of these raw CNRS component scores reflect their standardized nature, emphasizing 

relative cumulative environmental noise rather than absolute decibel levels. 

Spatial Distribution of CNRS-Assessed Exposure 

The spatial dimension of CNRS-assessed exposure (within the sensor-covered areas) 

further illuminates how potential noise burdens are distributed across Manhattan, varying 

significantly with both day type and time segment. 

Figure 8 visualizes the kernel density estimation (KDE) of the 75th percentile of hourly 

CNRS scores (ONF+NTW) from SONYC sensors. The choice of the 75th percentile aims to 

represent typically high exposure levels while mitigating the influence of extreme, singular 

outliers, thus capturing sustained conditions more likely to contribute to annoyance. 

Across most day types (weekday, weekend) and time segments (Quiet time, Daytime Peak, 

Afternoon, Evening, Late Night), a persistent pattern emerges: high sensor-level exposure 

consistently clusters in lower and midtown Manhattan, particularly within commercial and 

mixed-use districts renowned for high levels of human and vehicular activity, such as 

SoHo, Flatiron, and Midtown South. This spatial stability, especially during weekday and 

weekend daytime and evening periods, points to structurally embedded sources of 

acoustic disturbance in these economic and social hubs. 
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Figure 8 Sensor-Based CNRS KDE by Time and Calendar 

Type 

 
Figure 9 Spatiotemporal Mapping of Final CNRS Scores 
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However, nuances appear when considering specific day type and time segment 

combinations. For example, "Quiet time / Holiday" shows "No Data" or very sparse KDE 

patterns, suggesting significantly reduced activity or sensor data availability during these 

periods. In contrast, "Late Night / Weekend" often maintains a strong concentration of 

exposure in the central corridors mentioned above, likely reflecting nightlife and late-hour 

commercial operations. These maps(Figure 8) collectively suggest that while the core 

areas of high exposure remain somewhat consistent, the intensity and slight spatial reach 

can fluctuate depending on the city's operational rhythms. It indicates that for large parts of 

the sensor-covered area, particularly outside these central hotspots, the potential for 

acoustic respite might be greater during holidays or specific off-peak times. However, for 

those living or working within the hotspots, significant noise exposure appears to be a more 

constant feature, regardless of the day of the week, especially during active hours. 

The final tract-level CNRS scores, which integrate all components including CPF and the 

time-weighting factor (Tw), are illustrated in Figure 9. These maps, offering a more holistic, 

context-adjusted view of potential noise burden, generally confirm and refine the sensor-

level findings. High final CNRS scores predominantly concentrate in lower Manhattan and 

select tracts in Midtown across various day types and time segments. This consistency 

suggests that even after accounting for contextual factors, these areas represent zones of 

significant potential noise impact. 

Notably, the influence of the Time Weighting Factor (Tw) becomes apparent when 

comparing, for instance, a "Weekday / Daytime Peak" map with a "Weekday / Late Night" 

map for the same area in Figure 9. While the objective acoustic sources might be different, 

the higher Tw for nighttime amplifies the assessed risk in the later period, reflecting the 

increased human sensitivity. The maps reveal that even if sensor activity somewhat lessens 

at night in some commercial areas, the impact score can remain high due to this weighting. 

It suggests that policies focusing solely on reducing absolute decibel levels might be 

insufficient if they don't account for when noise occurs. The CNRS attempts to address this 

by design. The persistent appearance of certain census tracts with high scores across 
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multiple time-period maps in Figure 9 underscores areas facing what can be termed a 

systemic acoustic burden, where residents may experience a relentless barrage of 

disruptive sound, a condition that demands closer scrutiny when later compared with 

complaint patterns. 

Implications and Transition from Measured Exposure Patterns 

In summary, the CNRS-based assessment, while confined to sensor-covered areas of 

Manhattan, paints a picture of an acoustic environment marked by both broad, predictable 

spatiotemporal concentrations of noise in commercial and high-activity zones, and 

significant micro-level temporal volatility. It highlights that high potential noise exposure is 

a structural feature of key Manhattan districts, with temporal sensitivities further 

accentuating these burdens, particularly during nighttime. 

This detailed characterization of measured and modeled noise exposure, however, 

represents only one dimension of the urban acoustic narrative. It provides a crucial, data-

driven baseline of potential environmental stressors, but it does not inherently reveal how 

these varied and dynamic conditions are experienced, perceived, or responded to by the 

diverse communities inhabiting these soundscapes. Does a consistently high CNRS score 

in an area invariably lead to a high volume of community complaints? Are all 

neighborhoods exposed to similar CNRS-defined risk levels equally likely to voice their 

discontent through formal channels? Conversely, do areas with more moderate CNRS 

scores sometimes exhibit a disproportionate outcry? These critical questions bridge the 

gap between physical measurement and social expression. They underscore the necessity 

of now turning our attention to the patterns of resident complaints, which will be explored 

in the following section. Understanding how these two distinct yet interconnected 

phenomena, measured exposure and reported complaints, align, or more importantly, 

misalign, is fundamental to uncovering the deeper social, cultural, and institutional 

dynamics that shape urban noise governance and its inherent inequities. 
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6.1.2 Spatiotemporal Patterns of Resident Noise Complaints (311-based) 

Having characterized the landscape of measured and modeled noise exposure in the 

previous section, this analysis now turns to the other critical facet of Manhattan's acoustic 

environment: the patterns of noise as reported by its residents through the 311 complaint 

system. These complaints, while not direct measures of physical sound levels, represent a 

crucial form of civic expression, reflecting how communities perceive, articulate, and 

respond to acoustic disturbances. Unlike the CNRS-based exposure analysis which was 

limited to sensor-covered areas, the examination of 311 complaint data encompasses the 

entirety of Manhattan, offering a broader geographical perspective on voiced discontent. 

Understanding the temporal rhythms and spatial concentrations of these complaints is 

essential for identifying areas and times of heightened perceived distress, and for 

subsequently analyzing how these align, or misalign, with measured exposure. 

Temporal Rhythms of Voiced Discontent: When Do Manhattanites Complain? 

The timing of noise complaints offers significant insight into the collective routines, social 

expectations, and behavioral responses shaped by urban life. An examination of 311 data 

across different day types, hours, and seasons reveals distinct and often predictable 

patterns of when residents feel compelled to report noise. 

A striking initial observation is the difference in complaint intensity across general day 

types (Fig. 10.). When normalized by the number of days in each category, weekends 

clearly emerge as the most complaint-intensive period, with an average of over 530 

complaints per day in Manhattan. This figure significantly exceeds the weekday average of 

approximately 310 complaints, suggesting either a heightened level of noise-generating 

activities during non-working days, a reduced tolerance for disturbances when residents 

expect leisure or rest, or a combination of both. Interestingly, holiday periods, when 

aggregated as a single category, do not uniformly mirror this weekend-like trend, producing 

only modestly higher complaint levels than typical weekdays. This observation prompted a 

more granular investigation into holiday subtypes (long holidays, midweek holidays, and 

observed holidays, also detailed with Fig. 10). This deeper dive revealed important 
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nuances: long holidays (e.g., Thanksgiving, Christmas) surprisingly showed the lowest daily 

average complaint volumes, possibly indicating residents leaving the city or a general 

reluctance to engage with formal complaint systems during these extended festive periods. 

Conversely, midweek holidays exhibited elevated complaint levels, particularly at night, 

resembling weekend patterns and likely reflecting informal gatherings or citywide 

celebrations. Observed holidays (typically Mondays) behaved more like weekends, 

reinforcing the idea that it is often the "day-off" status, rather than the specific cultural 

nature of a holiday, that drives noise-related complaint behavior. These distinctions are 

important; grouping all holidays might obscure these meaningful behavioral differences, 

leading to a misinterpretation of urban acoustic life and residents' responses to it. 

 

 
Figure 10 Average Daily Noise Complaints by Day Type 
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The hourly distribution of noise complaints further underscores the close relationship 

between human activity patterns and perceived disturbances (Fig. 11 and Fig. 12). 

Complaints are not evenly spread throughout the day but rather concentrate heavily in two 

distinct periods: late night (approximately midnight to 2 AM) and evening (around 8 PM to 

11 PM), with a noticeable lull in the early morning hours (4 AM to 6 AM). This strong bimodal 

pattern suggests that noise sensitivity is closely linked to periods normally associated with 

rest and unwinding. The dominance of residential noise and street/sidewalk noise as 

primary contributors during the late-night peak paints a picture of urban life where the 

desire for sleep clashes with neighbor activities, house parties, or the spillover from 

nightlife. The secondary evening peak, also driven by residential, commercial, and street 

noise, highlights the challenge of balancing vibrant urban social life with the need for 

domestic tranquility. 

 
Figure 11 2019 Hourly Noise Complaints in Manhattan 
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Figure 12 2019 Top 5 Noise Complaints Type by Hour 

When these hourly patterns are further disaggregated by day types (Fig. 13), the narrative 

becomes even richer. Weekend nights, as might be expected, exhibit the highest complaint 

levels across all hours, particularly between 10 PM and 2 AM. Weekday complaints, while 

also peaking in the late evening, tend to be more compressed, dropping off earlier, perhaps 

reflecting stricter work or school schedules. Holiday curves, as foreshadowed, vary 

significantly by subtype, with midweek holidays often mirroring the intense late-night 

complaint activity of weekends. It powerfully demonstrates that noise complaints are far 

from random occurrences. Instead, they are deeply embedded in the collective rhythms of 

urban life, reflecting shared social expectations about when quiet is most valued and when 

disturbances are least tolerated. A comprehensive understanding of these nuanced 

temporal signatures is therefore essential for designing time-sensitive noise mitigation 

policies that genuinely resonate with how communities experience their city. 
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Figure 13 Average Hourly Noise Complaints by Day Type 

 
Finally, on a broader temporal scale, monthly and seasonal variations in complaint 

volumes are also evident (Fig. 14). Complaint volumes tend to peak in late spring and early 

summer (May and June), likely due to warmer weather encouraging more outdoor activities, 

extended nightlife, and open windows increasing residents' exposure to external sounds. A 

secondary surge often occurs in early autumn (September and October), possibly 

associated with the return of student populations and a general increase in urban activities 
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post-summer. Conversely, the lowest complaint levels are typically recorded in the coldest 

winter months (January and February). These seasonal ebbs and flows further highlight the 

interplay between environmental conditions, human behavior, and the expression of 

acoustic discomfort. 

 
Figure 14 2019 Monthly Noise Complaints in Manhattan 

 
Spatial Concentrations of Voiced Discontent: Where Do Complaints Cluster in 

Manhattan? 

Beyond when complaints are made, where they concentrate spatially offers crucial insights 

into the geography of perceived urban discomfort and potential reporting biases. The 

spatiotemporal distribution of 311 noise complaints, particularly when focusing on census 

tracts with the highest report rates, can reveal these patterns. 

Figure 15 and Figure 16 present kernel density estimations (KDE) of standardized complaint 

rates, with highlighted areas indicating the top ten tracts by complaint frequency for 

different time-environment groupings. Visually, Manhattan’s complaint distribution often 

reveals a concentrated and cyclically reinforced geography of urban discomfort. As 

described in the original thesis, the prominent red corridor stretching through Midtown and 

the Lower East Side can be seen, metaphorically, as a "trace of persistent internal strain—

like a physiological pain that recurs at regular intervals", with smaller hotspots diffusing 

beyond this core. 
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Figure 15 311 Complaint KDE with Top Tracts by Calendar 

Type 

 
Figure 16 311 Complaint KDE with Top Tracts by Calendar 

Type 
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Several notable spatial patterns emerge from this temporally segmented analysis. High-

complaint areas consistently cluster in Lower Manhattan, particularly in neighborhoods 

like Tribeca, Chinatown, and the Lower East Side. These clusters remain prominent across 

both weekday and weekend late-night hours, as well as during holiday evening and late-

night periods, indicating a sustained community sensitivity to nighttime disturbances in 

these densely populated, mixed-use areas. Even moderate exposure here might trigger 

strong behavioral responses. 

Interestingly, during "Quiet time" (4:00–7:00) on weekends and holidays, an additional 

complaint cluster often emerges in parts of the Upper East Side and Midtown East. This 

pattern does not always align with areas identified as having the highest measured 

exposure in the sensor-based analyses. This divergence hints at a population segment in 

these areas that might be more inclined to report disturbances, perhaps due to different 

expectations for quiet, greater familiarity with complaint systems, or differing demographic 

characteristics. In such cases, relatively lower objective exposure levels may still result in 

disproportionately high complaint rates. 

Furthermore, weekend afternoon and evening periods sometimes display a more dispersed 

spatial pattern of complaints, with census tracts in Washington Heights, Harlem, and 

Inwood appearing among the top ranks. Many of these neighborhoods lie outside the 

primary SONYC sensor coverage zones, suggesting that while measured CNRS exposure 

values (discussed in 6.1.1) are more spatially concentrated due to sensor placement, 

reported complaints during these periods can be more broadly distributed across the 

borough. This again points to the complex interplay of actual exposure, community 

characteristics, and reporting thresholds. 

So, what are the broader implications of these spatial complaint patterns? They strongly 

suggest that the "map of reported pain" does not simply mirror the "map of physical 

sound." Instead, it reflects a complex tapestry woven from environmental exposure, 

cultural expectations, community norms, and varying capacities or inclinations to engage 

with formal reporting systems. Certain communities demonstrate systematically higher 
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tendencies to file complaints, regardless of whether they are objectively among the most 

exposed areas according to sensor data. This divergence is critical. It underscores the 

urgent need to interpret noise complaint data not as a direct or unbiased measure of harm, 

but through a context-aware and equity-sensitive lens. Relying solely on complaint 

hotspots for policy intervention could mean overlooking significantly burdened 

communities that, for various reasons explored later in this thesis, remain "silent" in the 

official record. 

This detailed characterization of reported complaint patterns now sets the stage for a 

direct comparison with the measured noise exposure patterns outlined in Section 6.1.1, 

allowing for a focused analysis of their critical points of convergence and, more revealingly, 

their divergence. 

6.2 The Exposure-Complaint Nexus: Identifying Mismatches and 

Unveiling Disparities 

Having separately characterized the spatiotemporal landscapes of measured noise 

exposure (via CNRS) and reported noise complaints (via 311 data) in Section 6.1, this 

section now turns to a critical examination of their interplay. The congruence, or more often 

the divergence, between these two facets of urban noise offers profound insights into how 

acoustic environments are not only physically experienced but also socially mediated and 

institutionally processed. Simply put, areas with high measured noise are not always the 

areas with the most complaints, and vice versa. Understanding these mismatches is 

central to this thesis, as they can reveal underlying patterns of inequity, differential 

community responsiveness, varying thresholds of tolerance, and potential biases or 

limitations within existing governance systems. This section, therefore, focuses on 

systematically identifying and analyzing these exposure-complaint disparities to unveil a 

more nuanced understanding of urban noise governance challenges in Manhattan. It 

begins by outlining the methodological framework adopted for this comparative analysis. 
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6.2.1 Methodological Framework for Comparing Exposure and Complaints 

To systematically evaluate the alignment and divergence between objectively measured 

noise exposure (derived from CNRS) and resident-reported disturbances (311 complaints), 

a consistent methodological framework is essential. This framework primarily involves the 

careful definition of comparable analytical units, both temporally and spatially, and the 

establishment of criteria for identifying and categorizing potential mismatches. 

As established at the beginning of Section 6.1, this study utilizes five representative time 

segments to capture a broad range of acoustic experiences and community response 

periods: Quiet time (04:00–07:00), Daytime Peak (08:00–11:00), Afternoon (13:00–16:00), 

Evening (19:00–22:00), and Late Night (23:00–02:00). These fixed segments are applied 

consistently across all day types (weekday, weekend, and detailed holiday subtypes) for 

both the CNRS exposure data and the 311 complaint data, ensuring a standardized basis 

for temporal comparison. The rationale for selecting these specific segments, grounded in 

preliminary data exploration and established understandings of urban activity rhythms, 

was detailed earlier (in the introduction to Section 6.1). 

For the CNRS exposure scores (specifically the sum of ONF and NTW components for 

temporal consistency, and the final CNRS score for overall spatial comparison), data within 

these time segments were aggregated. As noted in Section 6.1.1, when preparing data for 

visualization and initial comparison (e.g., for KDE maps like Figure 8), the 75th percentile of 

hourly CNRS scores over the entire year for each sensor location within a given time 

segment was often calculated to represent a typical upper-bound exposure level, 

prioritizing persistently high exposure while mitigating the influence of extreme, singular 

outliers. For direct comparison with complaint rates at the census tract level, these sensor-

level exposure values were then appropriately aggregated or interpolated to the tract level, 

and the final CNRS scores (incorporating CPF and Tw) were also calculated for each tract 

and time segment. 
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Similarly, 311 noise complaint data were aggregated for the same five time segments and 

normalized (e.g., as a complaint rate per capita or per suitable denominator) to allow for 

meaningful comparison across census tracts of varying population sizes. 

The core of the mismatch analysis involves comparing these standardized, temporally 

aligned measures of CNRS-assessed exposure and normalized complaint rates at the 

census tract level (within the SONYC sensor coverage areas). This comparison allows for 

the identification of different "exposure-complaint typologies," such as: 

High Exposure - High Complaint (Congruent Alarm): Areas where high measured noise 

aligns with high levels of reported distress. 

High Exposure - Low Complaint (Silent Burden): Areas with high measured noise but 

relatively few formal complaints, potentially indicating underreporting, different tolerance 

thresholds, or barriers to complaining. 

Low/Moderate Exposure - High Complaint (Amplified Voice/Heightened Sensitivity): Areas 

where measured noise is not exceptionally high, yet complaint rates are disproportionately 

elevated, suggesting greater sensitivity, lower tolerance, or perhaps a greater propensity 

and capacity to utilize complaint systems. 

Low/Moderate Exposure - Low Complaint (Congruent Quiet/Tolerance): Areas where lower 

noise levels correspond with fewer complaints. 

The specific thresholds for defining "high" versus "low/moderate" for both exposure and 

complaints are determined through a combination of statistical distribution analysis (e.g., 

using quartiles or other data-driven breaks) and contextual understanding of the data, as 

will be detailed in the subsequent analytical section (6.2.2). This methodological 

framework ensures that the identification of mismatches is systematic and grounded in a 

comparable treatment of both data streams. 

6.2.2 Spatiotemporal Analysis of Exposure-Complaint Mismatches 

Having established the methodological framework for comparison in Section 6.2.1, this 

section delves into the core analysis of spatiotemporal mismatches between measured 
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noise exposure (CNRS-based) and resident-reported complaints (311 data) within the 

SONYC sensor coverage areas in Manhattan. The objective is to move beyond simply 

mapping two separate phenomena and instead to understand where, when, and potentially 

why these two critical indicators of urban acoustic life diverge. These divergences, or 

mismatches, are not mere statistical anomalies; they can signify deeper issues of unheard 

burdens, inequitable representation, or varying community capacities and sensitivities, all 

of which have profound implications for fair and effective noise governance. 

The visual comparison primarily involves juxtaposing the CNRS exposure maps (e.g., Figure 

8, showing Sensor 75th Percentile KDE, and Figure 9, showing final CNRS scores across 

various time periods) with the 311 complaint KDE maps (e.g., Figure 15 and Figure 16, 

showing complaint rates for corresponding day types and time segments). While the 

complaint data analysis can extend across all of Manhattan (as seen in Section 6.1.2), this 

direct comparison and mismatch identification is necessarily limited to the census tracts 

where SONYC sensor data is available (conceptually, the "black-boxed" areas seen in 

figures like Fig.9). 

Identifying Key Patterns of Congruence and Divergence: 

A careful examination across different day types and time segments reveals several 

recurring patterns: 

Congruent Hotspots (High Exposure, High Complaints): 

During certain periods, particularly weekend evenings and late nights, a notable overlap 

emerges in parts of Lower Manhattan (e.g., areas encompassing parts of SoHo, Tribeca, or 

the Lower East Side, depending on the specific map details from Fig. 9 and Fig. 15/16 for 

these time slots). Here, high final CNRS scores (Figure 9) often coincide with high 

complaint densities (Figure 15/16). 

In these instances, the formal complaint system appears to be relatively aligned with the 

measured potential noise burden. These are areas where the acoustic environment is 
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challenging, and residents are actively voicing their discontent. This congruence, however, 

is not the dominant pattern across all times and spaces. 

The "Silent Burden" Mismatch (High Exposure, Low Complaints): 

A striking pattern observed during several daytime periods (e.g., "Daytime Peak / Weekday" 

or "Afternoon / Weekday" in Figure 8 and Figure 9) is that some of the same commercial and 

mixed-use districts in Midtown and Lower Manhattan exhibit consistently high CNRS 

exposure levels, yet they do not always feature as top-ranking areas for complaints during 

these specific times (comparing with corresponding maps in Figure 15). 

What could be happening here? This "silent burden" is particularly concerning. Are people 

in these areas during work hours (perhaps non-residents or commuters) less inclined or 

able to complain? Have long-term residents in these historically noisy zones developed a 

higher tolerance, or perhaps a sense of resignation, leading to underreporting? Or are there 

specific demographic or socioeconomic factors at play that create barriers to complaining, 

even when the measured noise environment is objectively poor? These are critical 

questions because if governance relies solely on complaints, these acoustically burdened 

but "silent" areas risk being overlooked, their needs unaddressed. 

The "Amplified Voice" or "Heightened Sensitivity" Mismatch (Low/Moderate Exposure, High 

Complaints): 

Conversely, during certain other periods, such as "Quiet time / Weekend" or some holiday 

segments, complaint hotspots can emerge in areas where the CNRS-assessed exposure is 

only moderate or not among the highest. For instance, as noted in Section 6.1.2, parts of 

the Upper East Side or other residential areas outside the densest commercial cores might 

show up with high complaint rates (Figure 15/16) even if their corresponding CNRS scores 

in Figure 9 are not at the peak. 

What might this signify? This pattern suggests that in these areas and times, residents 

might have a lower tolerance for noise, higher expectations for quiet (especially during 

traditional rest periods), or perhaps a greater familiarity with and access to the 311 system. 
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It's not necessarily that the noise is objectively "worse" than everywhere else, but that the 

perceived disruption is significant enough to trigger a formal complaint. This "amplified 

voice" highlights that community response is not a simple linear function of exposure 

levels alone. 

Temporal Specificity of Mismatches: 

The nature and location of these mismatches are often highly dependent on the specific 

day type and time segment. For example, an area that appears as a "silent burden" during a 

weekday afternoon might become a "congruent hotspot" during a weekend late night. This 

temporal dynamism is crucial. It’s not just where the mismatches are, but when they 

manifest, that offers clues about underlying behaviors and sensitivities. For example, the 

general sparseness of sensor data and sometimes lower CNRS scores during "Quiet time / 

Holiday" (as seen in Fig. 8) might contrast with specific complaint flare-ups (Fig. 16), 

pointing to very localized or event-driven issues not captured by the broader sensor 

network during those off-peak times. 

The Deeper Implications of These Mismatches 

The identification of these varying exposure-complaint typologies across Manhattan's 

sensor-covered areas is more than an academic exercise in pattern detection. It strikes at 

the heart of urban noise governance and equity. 

Challenging Complaint Data as "Ground Truth": The consistent appearance of "Silent 

Burden" zones demonstrates the profound limitations of relying solely on complaint data to 

identify areas most in need of noise mitigation. If a community is heavily exposed but 

underreports, its needs remain invisible to a complaint-driven system, potentially leading 

to a misallocation of resources and a perpetuation of environmental injustice. These are 

areas where people might be suffering in silence, their acoustic pain unheard by the city. 

Highlighting Differential Vulnerability and Resilience: The "Amplified Voice" phenomenon, 

on the other hand, suggests that some communities possess, or exercise, a greater 

capacity to make their grievances known. This doesn't necessarily mean their noise issues 
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are more severe than those in "silent" areas, but rather that their threshold for action is 

different, or their access to and trust in formal channels is higher. This raises questions 

about what factors – socioeconomic status, cultural norms, civic infrastructure, past 

experiences with authorities – contribute to these varying levels of "acoustic agency." 

Informing Context-Sensitive Policy: Recognizing these mismatch typologies allows for a 

move beyond one-size-fits-all noise policies. Strategies for "Silent Burden" zones might 

need to focus on proactive monitoring, community outreach in multiple languages, and 

addressing barriers to reporting. In contrast, "Amplified Voice" areas might benefit from a 

deeper understanding of specific sensitivities or a focus on mediation and managing 

expectations, alongside traditional enforcement. 

Underscoring the Value of Integrated Assessment (like CNRS): This comparative analysis 

powerfully illustrates why a tool like the CNRS, which attempts to model a more holistic 

and context-sensitive picture of noise exposure, is so vital. By providing an alternative or 

complementary lens to complaint data, it can help identify areas of potential concern that 

would otherwise be missed, offering a more equitable basis for urban soundscape 

management. 

In essence, these spatiotemporal mismatches are not just data points; they are signals of 

complex social processes and structural factors at play in the urban environment. They 

prompt a deeper investigation into why these patterns exist, which is precisely what the 

subsequent modeling of complaint determinants (Section 6.3) aims to explore. Uncovering 

these "whys" is crucial for any city striving to listen to all its residents more effectively and 

to create a more just and livable acoustic environment for everyone. 

6.3 Modeling Determinants of Complaint Behavior 

6.3.1 OLS Regression: Socioeconomic, Temporal, and Spatial Influences 

To investigate the factors driving community noise complaints, an OLS regression model 

was constructed using complaint rate as the dependent variable. Independent variables 

were selected to reflect three contextual dimensions: socioeconomic composition (e.g., 

income, housing, and ethnicity), land use characteristics, and community noise response 
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patterns during different time segments. The OLS model achieved an R-squared of 0.589 

and an adjusted R-squared of 0.520, suggesting that over half of the variance in complaint 

rates can be explained by the selected variables. (Appendix 13. – 14.) 

Given the limited sample size (n = 305 census tracts), a relaxed significance threshold (p < 

0.1) was adopted to identify potentially meaningful associations in this exploratory phase. 

Results suggest that complaint behavior is not merely a function of physical exposure but 

also shaped by who the residents are, where they live, and when the noise occurs. 

Key socioeconomic factors demonstrate strong explanatory power. Communities with 

higher employment rates, more renters, and a greater proportion of residents holding a 

bachelor’s degree or higher show significantly elevated complaint rates. These patterns 

suggest that social groups with more civic engagement or environmental expectations are 

more likely to utilize reporting systems. Conversely, areas with higher median income 

exhibit lower complaint rates, potentially indicating that lower-income communities face 

higher barriers to participation, such as reduced institutional trust or lower perceived 

efficacy of formal complaint systems. 

Ethnic composition also plays a critical role. Tracts with larger Black populations are 

associated with increased complaint activity, even after controlling for other covariates. 

This may reflect heightened sensitivity due to greater exposure disparities or environmental 

stressors. Meanwhile, communities with higher shares of Asian residents report 

significantly fewer complaints, pointing to possible cultural norms of tolerance, or 

systemic issues such as language barriers. This is further reinforced by the finding that 

neighborhoods with more non-English speakers tend to report less frequently, despite 

likely experiencing similar levels of noise intrusion. 

Land use characteristics reveal distinct reporting tendencies. Purely residential zones 

exhibit higher complaint rates, consistent with stronger expectations for quiet and private 

space. In contrast, complaints are lower in commercially or industrially dominated areas, 

where ambient noise may be normalized and the resident population more transient. 
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Finally, time-specific noise responses emerge as important behavioral triggers. Complaint 

rates increase when noise exposure coincides with sensitive periods—especially weekday 

late nights, afternoons, and holiday quiet hours. This suggests that beyond exposure 

magnitude, the temporal alignment of noise with daily routines and social rhythms 

significantly influences how residents perceive and respond to disturbances. 

In sum, the OLS model highlights the interplay between social background, built 

environment, and time structure in shaping noise complaint behavior. However, the 

presence of variable collinearity, particularly among temporal interaction terms, 

necessitated further analysis using regularized regression to confirm the robustness of 

these findings. 

6.3.2 Regularized Regression & Interaction Effects 

To further examine variable stability and identify the most influential predictors, Ridge and 

Lasso regression models were applied (Appendix 3.). These regularized approaches not 

only mitigate multicollinearity but also prioritize parsimony, allowing for clearer 

interpretation of context-sensitive behavior patterns. 

Lasso regression (Fig. 18.), by retaining only three non-zero coefficients, highlights one 

consistent behavioral pattern: noise exposure during weekend daytime peak hours is 

particularly likely to provoke formal complaints. The selected features include the 

magnitude of noise response during these hours, the general timing label, and their 

interaction. This combination reveals a critical social window when expectations for peace 

are heightened and residents are more present in their homes, which consistently triggers 

heightened sensitivity.  

This interpretation is visually reinforced by the trend plots (Fig. 17). During weekend 

daytime peak hours, the relationship between noise exposure and complaint rate becomes 

visibly stronger and more linear compared to other periods, where slopes are flatter or 

more dispersed. The timing of exposure, in this case, appears to matter as much as its 

intensity. 
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Figure 17 Faceted Trend Plot of Complaint Rate vs. Noise Response 

Ridge regression (Fig. 19.), while retaining all variables, offers broader context. It confirms 

the central role of weekend daytime exposure, while also emphasizing the impact of other 

variables such as educational attainment, housing instability, and racial/ethnic 

composition. For instance, communities with higher shares of Hispanic residents tend to 

file more complaints, while Asian-majority neighborhoods show reduced reporting—

patterns consistent with cultural differences in sensitivity, tolerance, or trust in institutional 

mechanisms. Ridge coefficients also reinforce the positive association between complaint 

rates and renter prevalence, possibly indicating a greater reliance on formal systems to 

address perceived environmental injustice. 
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Figure 18 Lasso Regression: Selected Key Predictors of 

Complaint Behavior 
 

Figure 19 Top Ridge Coefficients: Relative Importance of Predictors in 
Complaint Behavior 

 
Crucially, Ridge and Lasso converge in underscoring the importance of temporal structure. 

Exposure is not inherently problematic; it becomes a trigger for complaints when it occurs 

during timeframes loaded with social meaning, weekends, holidays, or late nights. These 

are periods when expectations for peace are high, and disturbances are felt more acutely. 

In contrast, some communities consistently underreport, even in the presence of noise. 

The negative coefficients for income, Asian population share, and non-English-speaking 

households point toward silent zones where exposure does not translate into action, either 

due to cultural norms, reporting fatigue, or structural exclusion. These communities may 

suffer from equal or greater acoustic burdens but remain invisible in complaint-based 

datasets. 

Together, the results from Ridge and Lasso reinforce a key insight: complaint behavior is 

socially constructed. It reflects more than discomfort—it reveals who feels entitled to 

quiet, who is present during disruptions, and who believes their voice will be heard. By 
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capturing these patterns, regularized regression offers a more nuanced and equitable lens 

for understanding and responding to urban noise. 

6.4 Unheard Pain: The Temporal Politics of Response Delay 

While the previous section underscored how noise complaints are entangled with cultural 

sensitivities, demographic tensions, and temporal expectations, this chapter turns its 

focus to a different form of disparity. It is not about what is reported, but how those reports 

are responded to. If the complaint rate reflects a community’s ability and willingness to 

speak, then the response delay tells us how institutions choose to listen or choose not to. 

Across Manhattan, spatial distributions of complaint rates resemble something 

disturbingly familiar. It is not the clinical neatness of a data heatmap, but a city bleeding 

from within. The clustered intensities of unresolved frustration and neglected response 

form an image uncannily like a blood-soaked sanitary pad, a visceral imprint of recurrent 

pain. This is not a metaphor crafted for shock value. It is a reflection of how many 

residents, particularly those in marginalized neighborhoods, experience noise. It is not 

perceived as a technical acoustic event, but as a bodily intrusion, a form of pain that leaks 

into their daily lives with no clean resolution. Just like menstrual pain, it is recurring, 

normalized, and invisibilized by those who do not feel it. 

More tragically, this pain is met not with urgency but inertia. According to the data, the 

average response time for a noise complaint approaches 50 hours. For issues that often 

last minutes, or at most a few hours, such delay renders the system functionally irrelevant. 

One might even say the institutional reaction time lags behind an expired Tylenol, which at 
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least promises relief, however belated. But in noise governance, there is no pill, no 

procedure, only prolonged exposure. (Appendix 4-6.) 

And just as society has long rationalized period pain as natural and unworthy of structural 

attention, urban noise, especially as endured by less powerful communities, is treated as 

background noise to governance itself. In interviews, residents shared that even a delay of 

7 to 8 hours felt indistinguishable from non-response. Some recounted being told to 

provide evidence themselves. In one case, a resident described organizing a month-long 

community effort through WhatsApp to gather proof just to make a single complaint valid. 

These are not edge cases. They are symptoms of a system designed to stall, not to solve. 

But noise is not simply a technical nuisance or an institutional oversight. In many cases, it 

is the last trace of a voice still struggling to be heard. As Brandon LaBelle writes in Acoustic 

Territories, the subway becomes a sonic archive of the city's edges. Here, street musicians, 

unwell bodies, and ambient chaos blend together to form a rough yet vital acoustics of 

survival. These sounds are often intrusive, even unbearable. But they are also real. They are 

what remains when the rest of the city has stopped listening. 

Yet the tension does not lie between the performers and the authorities. It festers more 

subtly between those who generate noise to survive, and those who are forced to endure it 

without ever consenting to its presence. During the survey distribution process, I visited a 

neighborhood only to be told by a building administrator that the survey was not 

applicable. “There’s no such noise issue here,” I was informed, “so unfortunately we can’t 

participate.” 
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But the data told a different story. That neighborhood consistently ranked among the top in 

terms of complaint volume. The administrator simply didn’t hear it or didn’t have to. 

And this is the real fracture. The ones who bear the noise most directly are often those least 

able to articulate it institutionally—due to language barriers, legal precarity, or simple 

exhaustion. Meanwhile, those with cleaner environments, stronger voices, and greater 

access to systems can name, categorize, and expel the noise more effectively. Noise 

becomes not just an environmental irritant, but a marker of spatial power. 

To demand quiet is not inherently unjust. But to claim silence through systems that only 

respond to certain voices is to reproduce inequality through frequency and form. In this 

sense, noise governance becomes a subtle vector of gentrification, not by removing people 

directly, but by erasing the sonic traces of those who cannot leave, and cannot speak. 
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7. Discussion 

7.1 Limitations and Challenges 

This study provides new insights into how noise complaints are shaped by contextual 

sensitivities, yet certain methodological and data-related limitations must be 

acknowledged. First, the CNRS model depends on the spatial availability of sensor data, 

which may not fully reflect the lived experiences of all neighborhoods, especially those 

located outside sensor coverage zones. Moreover, while the model framework includes an 

emotional response component to reflect subjective disturbance, this variable was 

excluded due to limited data availability at the community level. 

The study also faced practical constraints in the weighting of multi-criteria factors. 

Because of low survey response rates and anonymity requirements, it was not feasible to 

conduct iterative Delphi rounds. Instead, the Analytic Hierarchy Process (AHP) was 

adopted as a suitable alternative. However, the overall sample size for public input 

remained limited, which may influence the robustness of community-weighted parameters 

used in the CNRS. 

7.2 Interpretation of Findings 

The results reveal that noise complaints are influenced not only by physical exposure but 

also by broader social, demographic, and temporal contexts. Higher complaint rates are 

observed in communities with greater shares of renters, individuals holding college 

degrees, and full-time workers. These patterns suggest that socioeconomic empowerment 

may be linked to a stronger willingness or capacity to engage with formal reporting 



81 
 

systems. Temporal patterns also play a significant role. Complaints tend to increase during 

weekend daytime and holiday periods, indicating elevated sensitivity during socially 

significant timeframes. 

A notable finding is the persistent mismatch between noise exposure and complaint rates. 

In several instances, neighborhoods with high composite noise risk scores recorded few 

formal complaints, while other areas with moderate exposure levels reported 

disproportionately high complaint activity. These divergences imply that complaint data 

alone may be an unreliable proxy for assessing community-level vulnerability or 

discomfort. 

7.3 Institutional Inertia and Temporal Politics 

The analysis of 311 data highlights a systemic lag between the reporting of noise incidents 

and their administrative resolution. Many complaints remain open for extended periods, 

often beyond 48 hours, which reduces the likelihood of timely intervention. Survey and 

interview data further underscore resident frustration with the reporting process, citing 

complexity, redundancy, and a general lack of feedback. 

In response to perceived inefficiencies, some communities have developed informal 

strategies to document recurring noise problems, including the use of group messaging 

platforms to collect evidence collaboratively. While these initiatives reflect community 

resilience, they also underscore the inadequacy of institutional mechanisms and raise 

questions about the fair distribution of enforcement responsibilities. 
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7.4 Governance Gaps and the Fragile Promise of Community Self-

Regulation 

The relationship between noise and community identity emerged as a recurring theme 

throughout both the spatial analysis and qualitative interviews. Drawing from Brandon 

LaBelle’s framework of “acoustic territories,” noise is not only an environmental irritant but 

also a cultural and spatial expression of life at the margins. In some cases, noise reflects 

the presence of vulnerable populations or informal cultural practices, such as street 

performance or group gatherings in public spaces. 

However, complaints often originate from those adjacent to, but not embedded within, 

these cultural soundscapes. For example, in a high-complaint district, a building 

administrator declined participation in the study, asserting that there was no significant 

noise issue in the area. This statement contradicted formal complaint records, suggesting 

a disconnect between institutional perceptions and everyday experiences. These findings 

emphasize that the ability to report—and to define what counts as disruptive—is unevenly 

distributed. 

7.5 Governance and the Question of Responsibility 

This research invites reflection on the distribution of responsibility in urban noise 

management. When formal mechanisms are slow to act, and communities are expected to 

self-monitor and document their own grievances, the governance burden shifts from 

institutions to individuals. This raises fundamental questions about accountability, equity, 

and the scope of civic duty. 



83 
 

Interview data reveal two distinct yet interconnected perspectives. One group of residents, 

disillusioned by a lack of results, sees the complaint process as a symbolic act of 

emotional release, often relying on informal community initiatives for support. Another 

group views reporting as a deliberate and necessary action, undertaken only when 

disruption reaches an intolerable threshold. For them, the act of filing a complaint 

represents a final recourse, with a clear expectation of resolution. 

Both perspectives highlight a breakdown in trust between residents and city agencies. 

When emotional expression replaces practical intervention, and when the complaint 

system ceases to deliver timely or meaningful responses, institutional legitimacy is eroded. 

These findings suggest that while community self-organization plays an important role, it 

cannot substitute for a responsive and equitable noise governance system. 

In sum, this chapter underscores the layered nature of urban noise as both an 

environmental stressor and a socially constructed phenomenon. Effective noise 

management requires not only better data and timely intervention but also greater 

sensitivity to the cultural and institutional contexts in which noise is experienced and 

negotiated. 
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8. Policy Implications and Recommendations 

8.1 Rethinking Institutional Frameworks for Noise Governance 

The findings of this study point to a pressing need to reassess how noise is institutionally 

governed in urban environments. Existing systems such as New York City’s 311 platform 

are heavily reliant on resident-initiated reports, yet they are undermined by significant 

structural inefficiencies—delayed response times, high complaint thresholds, and an 

overwhelming emphasis on quantifiable violations rather than lived experience. 

At its core, the current governance model is reactive rather than anticipatory. Most noise 

complaints are addressed long after the disruptive event has passed, often requiring 

residents to provide additional evidence or engage in repetitive documentation. As 

illustrated in Chapter 6, certain communities have resorted to forming informal networks to 

track and compile data, a clear sign of institutional withdrawal from direct responsibility. In 

such cases, the system ceases to be a tool for public service and becomes a bureaucratic 

archive of unresolved frustration. 

These limitations reveal the need for a more responsive and temporally sensitive 

framework. Noise is an inherently time-bound disturbance—its impact is often immediate, 

especially when related to rest, concentration, or emotional well-being. Yet current 

institutional timelines fail to reflect this urgency. Policymakers must begin by embedding 

temporal equity into regulatory practices, recognizing that a delayed response may 

invalidate the very reason a complaint was filed. In addition, governance platforms must be 

expanded to acknowledge the contextual variability of noise perception. A universal 
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decibel threshold cannot account for cultural norms, density patterns, or varying levels of 

acoustic resilience across communities. This calls for the development of adaptive noise 

thresholds that are sensitive to local land-use configurations and social rhythms. Lastly, 

there is a need to shift from purely punitive enforcement to a restorative and 

communicative model of noise resolution. Rather than focusing solely on violations, 

complaint systems should integrate feedback mechanisms that allow residents to express 

concern, suggest alternative resolutions, or seek mediation before enforcement. These 

platforms should function not just as incident trackers, but as dialogic tools for managing 

urban discomfort in real time. 

In sum, the institutional architecture of noise governance must evolve beyond complaint-

counting and ticket-issuing. It should aim to understand noise as a spatial, temporal, and 

cultural event—and respond accordingly, not merely procedurally. 

8.2 Strengthening Community-Based and Inclusive Complaint 

Systems 

While institutional reforms are necessary, they alone cannot address the uneven 

accessibility, emotional distance, and linguistic limitations embedded in the current 

complaint-based governance model. In practice, not all residents experience noise in the 

same way—nor do they possess equal means to articulate their discomfort. The data 

reveals consistent underreporting in communities with higher proportions of non-English 

speakers, and interview evidence suggests that some residents avoid using 311 altogether 



86 
 

due to unfamiliarity with the process, skepticism about its impact, or fatigue from past 

inaction. 

To address these disparities, noise reporting systems must evolve toward greater inclusivity 

and co-responsiveness. A first step is the introduction of multi-language interfaces within 

existing complaint platforms. While New York City has taken modest steps in this direction, 

the lack of real-time translation and culturally sensitive framing continues to alienate large 

portions of the population. Systems should support not only multiple languages but also 

alternative reporting modalities, including voice-based input and visual cues, particularly 

for residents with limited literacy or digital fluency. 

Beyond language, cities must explore mechanisms for distributed reporting and co-

complaint functionality. As noted in Chapter 6, some communities have already begun 

using tools like WhatsApp to compile evidence and corroborate disturbance events across 

multiple households. Rather than treating such self-organization as peripheral, city 

agencies should formalize and support these practices—offering verified group-reporting 

channels, simplified submission protocols, or even neighborhood-level complaint 

dashboards. This would not only ease individual burdens but also provide a more collective 

and spatially coherent understanding of noise impact. 

Another dimension often overlooked is the role of emotion in complaint behavior. For some 

residents, filing a report is less about expecting resolution than it is about asserting 

presence in a city that often silences them. Systems that only measure violations miss this 

affective dimension entirely. Integrating anonymous feedback spaces, ambient noise 
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sentiment heatmaps, or expressive tagging (e.g., "annoying but tolerable", "disruptive to 

sleep") could allow platforms to absorb a broader range of community voices—even when 

enforcement is not the immediate outcome. 

Taken together, these interventions do not aim to replace formal governance but rather to 

supplement its blind spots. By recognizing complaint not only as data but as a form of 

communication, cities can begin to design systems that acknowledge human complexity, 

cultural variation, and the multiplicity of ways people choose to express distress. An 

inclusive complaint system must be one that listens even when the language is not 

standardized, the report is not complete, or the noise is not easily measured. 

8.3 Designing Participatory Futures: The Noize Prototype 

In response to the limitations of traditional complaint-based systems, this research has 

informed the development of a prototype platform titled Noize: Gamified Resident 

Participation. This ongoing project, co-developed with collaborators, seeks to reimagine 

how urban noise is reported, visualized, and collectively understood—not through 

bureaucratic formality, but through accessible, playful, and participatory interaction. 

At its core, Noize functions as a digital interface where residents can mark noise incidents 

on a dynamic map, attach short emotional tags (e.g., "can’t sleep," "shook the windows"), 

and contribute contextual details without the need for formal formatting or procedural 

jargon. Reports are aggregated and translated into real-time visualizations—such as 

animated heatmaps, emoji-based overlays, or even "mood waves"—that reflect the 

affective landscape of noise rather than just its technical violations. 
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What distinguishes Noize is its gamified structure, which offers light-touch incentives to 

encourage continued engagement. Residents earn badges for repeated input, for 

collaborating with others in the same tract, or for contributing to less-represented time 

periods. These mechanics are not intended to trivialize noise, but to lower the participation 

threshold, especially for users who may feel alienated from formal complaint procedures. 

As participation accumulates, the platform reveals evolving community-level "noise 

profiles," which can serve as a soft database for policymakers and a self-awareness tool for 

neighborhoods. (Figure 17) 

 
Figure 20 Noize Interface - Figma Design 

Noize also explores co-reporting logics, allowing multiple users to validate the same event. 

This feature builds on the insight that noise is not only subjective but often collective—an 

experience shared across walls, blocks, and even boroughs. Instead of privileging 

individual voice, the system encourages distributed witnessing, shifting the question from 

"Who is loudest?" to "Where are we hurting together?" 

Although the platform remains in prototype form, its underlying principle is clear: when 

formal governance lags, design can offer alternative channels of civic presence. Rather 
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than relying solely on institutions to interpret complaints, Noize enables communities to 

reclaim narrative power over their sensory environments, blending emotional intelligence 

with spatial data in ways that traditional platforms do not accommodate. 

Ultimately, Noize does not aim to replace existing systems, but to supplement and critique 

them—creating a space where silence, irritation, humor, and protest can coexist as valid 

expressions of urban sonic life. 

9. Conclusion 

This thesis has examined the spatial, temporal, and sociocultural dynamics that shape 

noise complaint behavior in Manhattan. Through the development of the CNRS model, the 

study reveals that noise is not merely a function of decibel levels but a socially constructed 

disturbance—one mediated by institutional responsiveness, cultural norms, linguistic 

accessibility, and lived urban rhythms. 

The observed mismatch between physical noise exposure and complaint activity 

underscores the limitations of complaint-based governance systems. While formal 

mechanisms such as 311 offer a structure for civic expression, their delayed responses, 

procedural barriers, and exclusionary design ultimately fail to capture the full spectrum of 

urban sonic distress. In this context, community self-organization emerges not as a 

supplement, but as a survival strategy. 

Policy recommendations proposed in this study call for a reconfiguration of both 

institutional frameworks and community-facing platforms, advocating for more inclusive, 

context-sensitive, and participatory approaches to urban sound governance. The Noize 
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prototype illustrates one such possibility—a tool for amplifying the affective dimensions of 

noise and reclaiming narrative agency over the sensory politics of the city. 

In rethinking noise, we are ultimately rethinking how cities listen, to whom, and with what 

consequences. The challenge ahead lies not in silencing the city, but in learning how to 

hear it more justly. 
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Appendices 
Appendix 1. Standard OLS Model for Complaint Rate (No Interaction Terms) 

OLS Regression Results                             

=========================================================================
===== 

Dep. Variable:         complaint_rate   R-squared:                       0.123 

Model:                            OLS   Adj. R-squared:                  0.084 

Method:                 Least Squares   F-statistic:                     3.145 

Date:                Sun, 30 Mar 2025   Prob (F-statistic):           0.000202 

Time:                        02:10:58   Log-Likelihood:                 604.02 

No. Observations:                 305   AIC:                            -1180. 

Df Residuals:                     291   BIC:                            -1128. 

Df Model:                          13                                          

Covariance Type:            nonrobust                                          

=========================================================================
================ 

                            coef    std err          t      P>|t|      [0.025      0.975] 

----------------------------------------------------------------------------------------- 

const                    -0.5303      0.323     -1.644      0.101      -1.165       0.104 

Median Income         -4.631e-07   2.25e-07     -2.058      0.041   -9.06e-07   -2.01e-08 

% Renters                 0.0347      0.032      1.072      0.284      -0.029       0.098 

% Bachelor’s Degree+      0.1187      0.099      1.199      0.232      -0.076       0.314 

% Employed                0.5839      0.299      1.950      0.052      -0.005       1.173 

% Black                   0.2549      0.125      2.032      0.043       0.008       0.502 

% Hispanic                0.0195      0.112      0.174      0.862      -0.201       0.240 

% Asian                   0.0538      0.094      0.570      0.569      -0.132       0.239 

% white                   0.0078      0.007      1.160      0.247      -0.005       0.021 

% NonEnglish_Speakers    -0.0877      0.071     -1.238      0.217      -0.227       0.052 

Residential              -0.1214      0.056     -2.159      0.032      -0.232      -0.011 
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Commercial               -0.1085      0.062     -1.764      0.079      -0.230       0.013 

Mixed-Use                -0.0403      0.041     -0.982      0.327      -0.121       0.040 

Industrial                0.2934      0.727      0.403      0.687      -1.138       1.725 

=========================================================================
===== 

Omnibus:                      211.874   Durbin-Watson:                   1.521 

Prob(Omnibus):                  0.000   Jarque-Bera (JB):             2546.385 

Skew:                           2.735   Prob(JB):                         0.00 

Kurtosis:                      16.056   Cond. No.                     4.53e+07 

=========================================================================
===== 

 

Notes: 

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified. 

[2] The condition number is large, 4.53e+07. This might indicate that there are 

strong multicollinearity or other numerical problems. 

 

Appendix 2. OLS Regression Model for Socioeconomic and Temporal Influences on 
Complaint Rates 

OLS Regression Results                             

=========================================================================
===== 

Dep. Variable:         complaint_rate   R-squared:                       0.589 

Model:                            OLS   Adj. R-squared:                  0.520 

Method:                 Least Squares   F-statistic:                     8.480 

Date:                Sun, 30 Mar 2025   Prob (F-statistic):           2.51e-30 

Time:                        02:32:42   Log-Likelihood:                 719.68 

No. Observations:                 305   AIC:                            -1349. 

Df Residuals:                     260   BIC:                            -1182. 

Df Model:                          44                                          
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Covariance Type:            nonrobust                                          

=========================================================================
============================================================ 

                                                                        coef    std err          t      P>|t|      [0.025      0.975] 

------------------------------------------------------------------------------------------------------------------
------------------- 

const                                                                 0.0110      0.003      4.275      0.000       0.006       0.016 

Median Income                                                      6.516e-07   1.79e-07      3.646      0.000       3e-07       
1e-06 

% Renters                                                             0.0098      0.002      4.058      0.000       0.005       0.015 

% Bachelor’s Degree+                                                  0.0044      0.001      3.828      0.000       0.002       
0.007 

% Employed                                                            0.0097      0.002      4.358      0.000       0.005       
0.014 

% Black                                                               0.0087      0.002      4.250      0.000       0.005       0.013 

% Hispanic                                                            0.0170      0.004      4.337      0.000       0.009       0.025 

% Asian                                                              -0.0212      0.005     -3.921      0.000      -0.032      -0.011 

% white                                                               0.0048      0.006      0.756      0.451      -0.008       0.017 

% NonEnglish_Speakers                                                -0.0045      0.002     -2.577      0.011      -0.008      
-0.001 

Residential                                                           0.0165      0.004      4.240      0.000       0.009       0.024 

Commercial                                                           -0.0014      0.000     -4.108      0.000      -0.002      -
0.001 

Industrial                                                           -0.0001   3.36e-05     -4.186      0.000      -0.000   -7.46e-
05 

Mixed-Use                                                            -0.0085      0.002     -4.007      0.000      -0.013      -
0.004 

response_holiday_Afternoon                                           -0.0012      0.001     -2.176      0.030      -
0.002      -0.000 

response_holiday_Daytime Peak                                         0.0005      0.000      1.404      0.161      -
0.000       0.001 

response_holiday_Evening                                             -0.0049      0.003     -1.780      0.076      -0.010       
0.001 
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response_holiday_Late Night                                          -0.0021      0.003     -0.618      0.537      -
0.009       0.005 

response_holiday_Other                                             1.426e-05   1.28e-05      1.117      0.265   -
1.09e-05    3.94e-05 

response_holiday_Quiettime                                           -0.0011      0.001     -2.167      0.031      -
0.002      -0.000 

response_weekday_Afternoon                                           -0.0011      0.001     -1.993      0.047      -
0.002   -1.36e-05 

response_weekday_Daytime Peak                                        -0.0002      0.000     -0.462      0.644      -
0.001       0.001 

response_weekday_Evening                                             -0.0025      0.003     -1.001      0.318      -
0.007       0.002 

response_weekday_Late Night                                          -0.0051      0.002     -2.091      0.037      -
0.010      -0.000 

response_weekday_Other                                                0.0037      0.002      2.204      0.028       0.000       
0.007 

response_weekday_Quiettime                                        -1.389e-05      0.000     -0.056      0.956      -
0.001       0.000 

response_weekend_Afternoon                                            0.0005      0.001      0.884      0.378      -
0.001       0.002 

response_weekend_Daytime Peak                                         0.0009      0.000      2.956      0.003       
0.000       0.001 

response_weekend_Evening                                             -0.0020      0.002     -0.948      0.344      -
0.006       0.002 

response_weekend_Late Night                                           0.0016      0.005      0.336      0.737      -
0.008       0.011 

response_weekend_Other                                                0.0025      0.002      1.615      0.108      -0.001       
0.006 

response_weekend_Quiettime                                           -0.0020      0.002     -1.295      0.196      -
0.005       0.001 

response_holiday_Daytime Peak_x_timetype_Daytime Peak             -2.266e-05   1.73e-05     -
1.312      0.191   -5.67e-05    1.13e-05 

response_holiday_Daytime Peak_x_timetype_Daytime Peak             -2.266e-05   1.73e-05     -
1.312      0.191   -5.67e-05    1.13e-05 
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response_holiday_Evening_x_timetype_Evening                        -3.03e-05   2.59e-05     -1.172      
0.242   -8.12e-05    2.06e-05 

response_holiday_Evening_x_timetype_Evening                        -3.03e-05   2.59e-05     -1.172      
0.242   -8.12e-05    2.06e-05 

response_holiday_Late Night_x_timetype_Late Night                  6.445e-05      0.000      0.552      
0.581      -0.000       0.000 

response_holiday_Late Night_x_timetype_Late Night                  6.445e-05      0.000      0.552      
0.581      -0.000       0.000 

response_holiday_Other_x_timetype_Other                             1.24e-07   2.93e-07      0.423      
0.673   -4.53e-07    7.01e-07 

response_holiday_Other_x_timetype_Other                             1.24e-07   2.93e-07      0.423      
0.673   -4.53e-07    7.01e-07 

response_holiday_Quiettime_x_timetype_Quiettime                   -5.836e-05    3.9e-05     -1.497      
0.136      -0.000    1.84e-05 

response_holiday_Quiettime_x_timetype_Quiettime                   -5.836e-05    3.9e-05     -1.497      
0.136      -0.000    1.84e-05 

response_weekday_Afternoon_x_daytype_weekday                       2.963e-05   3.63e-05      
0.817      0.415   -4.18e-05       0.000 

response_weekday_Afternoon_x_daytype_weekday                       2.963e-05   3.63e-05      
0.817      0.415   -4.18e-05       0.000 

response_weekday_Daytime Peak_x_daytype_weekday                     1.18e-05    2.4e-05      
0.493      0.623   -3.54e-05     5.9e-05 

response_weekday_Daytime Peak_x_daytype_weekday                     1.18e-05    2.4e-05      
0.493      0.623   -3.54e-05     5.9e-05 

response_weekday_Evening_x_daytype_weekday                            0.0001   4.83e-05      2.768      
0.006    3.86e-05       0.000 

response_weekday_Evening_x_daytype_weekday                            0.0001   4.83e-05      2.768      
0.006    3.86e-05       0.000 

response_weekday_Late Night_x_daytype_weekday                        -0.0004      0.000     -2.137      
0.034      -0.001   -2.78e-05 

response_weekday_Late Night_x_daytype_weekday                        -0.0004      0.000     -2.137      
0.034      -0.001   -2.78e-05 

response_weekday_Other_x_daytype_weekday                           3.404e-06   1.94e-05      0.175      
0.861   -3.48e-05    4.16e-05 
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response_weekday_Other_x_daytype_weekday                           3.404e-06   1.94e-05      0.175      
0.861   -3.48e-05    4.16e-05 

response_weekday_Quiettime_x_daytype_weekday                       1.821e-05    1.8e-05      1.015      
0.311   -1.71e-05    5.36e-05 

response_weekday_Quiettime_x_daytype_weekday                       1.821e-05    1.8e-05      1.015      
0.311   -1.71e-05    5.36e-05 

response_weekend_Afternoon_x_daytype_weekend                       1.731e-05   3.76e-05      
0.461      0.645   -5.66e-05    9.13e-05 

response_weekend_Afternoon_x_daytype_weekend                       1.731e-05   3.76e-05      
0.461      0.645   -5.66e-05    9.13e-05 

response_weekend_Daytime Peak_x_daytype_weekend                    4.551e-05    1.2e-05      
3.799      0.000    2.19e-05    6.91e-05 

response_weekend_Daytime Peak_x_daytype_weekend                    4.551e-05    1.2e-05      
3.799      0.000    2.19e-05    6.91e-05 

response_weekend_Evening_x_daytype_weekend                        -5.757e-06      0.000     -0.036      
0.971      -0.000       0.000 

response_weekend_Evening_x_daytype_weekend                        -5.757e-06      0.000     -0.036      
0.971      -0.000       0.000 

response_weekend_Late Night_x_daytype_weekend                        -0.0003      0.000     -2.017      
0.045      -0.001   -7.32e-06 

response_weekend_Late Night_x_daytype_weekend                        -0.0003      0.000     -2.017      
0.045      -0.001   -7.32e-06 

response_weekend_Other_x_daytype_weekend                           1.569e-05   3.65e-05      0.430      
0.668   -5.62e-05    8.75e-05 

response_weekend_Other_x_daytype_weekend                           1.569e-05   3.65e-05      0.430      
0.668   -5.62e-05    8.75e-05 

response_weekend_Quiettime_x_daytype_weekend                       3.807e-05    4.3e-05      0.885      
0.377   -4.66e-05       0.000 

response_weekend_Quiettime_x_daytype_weekend                       3.807e-05    4.3e-05      0.885      
0.377   -4.66e-05       0.000 

daytype_weekday                                                      -0.0038      0.007     -0.510      0.610      -0.018       
0.011 

daytype_weekend                                                       0.0119      0.007      1.773      0.077      -0.001       
0.025 
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timetype_Daytime Peak                                                 0.0063      0.006      1.002      0.317      -0.006       
0.019 

timetype_Evening                                                      0.0324      0.005      6.258      0.000       0.022       
0.043 

timetype_Late Night                                                   0.0480      0.006      7.832      0.000       0.036       
0.060 

timetype_Other                                                        0.0028      0.005      0.555      0.580      -0.007       
0.013 

timetype_Quiettime                                                    0.0004      0.005      0.068      0.946      -0.010       
0.011 

response_holiday_Daytime Peak_x_timetype_Daytime Peak             -2.266e-05   1.73e-05     -
1.312      0.191   -5.67e-05    1.13e-05 

response_holiday_Daytime Peak_x_timetype_Daytime Peak             -2.266e-05   1.73e-05     -
1.312      0.191   -5.67e-05    1.13e-05 

response_holiday_Evening_x_timetype_Evening                        -3.03e-05   2.59e-05     -1.172      
0.242   -8.12e-05    2.06e-05 

response_holiday_Evening_x_timetype_Evening                        -3.03e-05   2.59e-05     -1.172      
0.242   -8.12e-05    2.06e-05 

response_holiday_Late Night_x_timetype_Late Night                  6.445e-05      0.000      0.552      
0.581      -0.000       0.000 

response_holiday_Late Night_x_timetype_Late Night                  6.445e-05      0.000      0.552      
0.581      -0.000       0.000 

response_holiday_Other_x_timetype_Other                             1.24e-07   2.93e-07      0.423      
0.673   -4.53e-07    7.01e-07 

response_holiday_Other_x_timetype_Other                             1.24e-07   2.93e-07      0.423      
0.673   -4.53e-07    7.01e-07 

response_holiday_Quiettime_x_timetype_Quiettime                   -5.836e-05    3.9e-05     -1.497      
0.136      -0.000    1.84e-05 

response_holiday_Quiettime_x_timetype_Quiettime                   -5.836e-05    3.9e-05     -1.497      
0.136      -0.000    1.84e-05 

response_weekday_Afternoon_x_daytype_weekday                       2.963e-05   3.63e-05      
0.817      0.415   -4.18e-05       0.000 

response_weekday_Afternoon_x_daytype_weekday                       2.963e-05   3.63e-05      
0.817      0.415   -4.18e-05       0.000 
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response_weekday_Daytime Peak_x_daytype_weekday                     1.18e-05    2.4e-05      
0.493      0.623   -3.54e-05     5.9e-05 

response_weekday_Daytime Peak_x_daytype_weekday                     1.18e-05    2.4e-05      
0.493      0.623   -3.54e-05     5.9e-05 

response_weekday_Evening_x_daytype_weekday                            0.0001   4.83e-05      2.768      
0.006    3.86e-05       0.000 

response_weekday_Evening_x_daytype_weekday                            0.0001   4.83e-05      2.768      
0.006    3.86e-05       0.000 

response_weekday_Late Night_x_daytype_weekday                        -0.0004      0.000     -2.137      
0.034      -0.001   -2.78e-05 

response_weekday_Late Night_x_daytype_weekday                        -0.0004      0.000     -2.137      
0.034      -0.001   -2.78e-05 

response_weekday_Other_x_daytype_weekday                           3.404e-06   1.94e-05      0.175      
0.861   -3.48e-05    4.16e-05 

response_weekday_Other_x_daytype_weekday                           3.404e-06   1.94e-05      0.175      
0.861   -3.48e-05    4.16e-05 

response_weekday_Quiettime_x_daytype_weekday                       1.821e-05    1.8e-05      1.015      
0.311   -1.71e-05    5.36e-05 

response_weekday_Quiettime_x_daytype_weekday                       1.821e-05    1.8e-05      1.015      
0.311   -1.71e-05    5.36e-05 

response_weekend_Afternoon_x_daytype_weekend                       1.731e-05   3.76e-05      
0.461      0.645   -5.66e-05    9.13e-05 

response_weekend_Afternoon_x_daytype_weekend                       1.731e-05   3.76e-05      
0.461      0.645   -5.66e-05    9.13e-05 

response_weekend_Daytime Peak_x_daytype_weekend                    4.551e-05    1.2e-05      
3.799      0.000    2.19e-05    6.91e-05 

response_weekend_Daytime Peak_x_daytype_weekend                    4.551e-05    1.2e-05      
3.799      0.000    2.19e-05    6.91e-05 

response_weekend_Evening_x_daytype_weekend                        -5.757e-06      0.000     -0.036      
0.971      -0.000       0.000 

response_weekend_Evening_x_daytype_weekend                        -5.757e-06      0.000     -0.036      
0.971      -0.000       0.000 

response_weekend_Late Night_x_daytype_weekend                        -0.0003      0.000     -2.017      
0.045      -0.001   -7.32e-06 
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response_weekend_Late Night_x_daytype_weekend                        -0.0003      0.000     -2.017      
0.045      -0.001   -7.32e-06 

response_weekend_Other_x_daytype_weekend                           1.569e-05   3.65e-05      0.430      
0.668   -5.62e-05    8.75e-05 

response_weekend_Other_x_daytype_weekend                           1.569e-05   3.65e-05      0.430      
0.668   -5.62e-05    8.75e-05 

response_weekend_Quiettime_x_daytype_weekend                       3.807e-05    4.3e-05      0.885      
0.377   -4.66e-05       0.000 

response_weekend_Quiettime_x_daytype_weekend                       3.807e-05    4.3e-05      0.885      
0.377   -4.66e-05       0.000 

response_weekday_Afternoon_x_daytype_weekday_x_daytype_weekday     2.963e-05   
3.63e-05      0.817      0.415   -4.18e-05       0.000 

response_weekday_Daytime Peak_x_daytype_weekday_x_daytype_weekday   1.18e-05    
2.4e-05      0.493      0.623   -3.54e-05     5.9e-05 

response_weekday_Evening_x_daytype_weekday_x_daytype_weekday          0.0001   4.83e-
05      2.768      0.006    3.86e-05       0.000 

response_weekday_Late Night_x_daytype_weekday_x_daytype_weekday      -0.0004      
0.000     -2.137      0.034      -0.001   -2.78e-05 

response_weekday_Other_x_daytype_weekday_x_daytype_weekday         3.404e-06   1.94e-
05      0.175      0.861   -3.48e-05    4.16e-05 

response_weekday_Quiettime_x_daytype_weekday_x_daytype_weekday     1.821e-05    
1.8e-05      1.015      0.311   -1.71e-05    5.36e-05 

response_weekend_Afternoon_x_daytype_weekend_x_daytype_weekend     1.731e-05   
3.76e-05      0.461      0.645   -5.66e-05    9.13e-05 

response_weekend_Daytime Peak_x_daytype_weekend_x_daytype_weekend  4.551e-05    
1.2e-05      3.799      0.000    2.19e-05    6.91e-05 

response_weekend_Evening_x_daytype_weekend_x_daytype_weekend      -5.757e-06      
0.000     -0.036      0.971      -0.000       0.000 

response_weekend_Late Night_x_daytype_weekend_x_daytype_weekend      -0.0003      
0.000     -2.017      0.045      -0.001   -7.32e-06 

response_weekend_Other_x_daytype_weekend_x_daytype_weekend         1.569e-05   
3.65e-05      0.430      0.668   -5.62e-05    8.75e-05 

response_weekend_Quiettime_x_daytype_weekend_x_daytype_weekend     3.807e-05    
4.3e-05      0.885      0.377   -4.66e-05       0.000 
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=========================================================================
===== 

Omnibus:                      177.100   Durbin-Watson:                   2.130 

Prob(Omnibus):                  0.000   Jarque-Bera (JB):             2365.937 

Skew:                           2.080   Prob(JB):                         0.00 

Kurtosis:                      15.995   Cond. No.                     1.31e+16 

=========================================================================
===== 

 

Notes: 

[1] Standard Errors assume that the covariance matrix of the errors is correctly specified. 

[2] The smallest eigenvalue is 2.16e-20. This might indicate that there are 

strong multicollinearity problems or that the design matrix is singular. 

 

Appendix 3. Ridge and Lasso Regression Results for Noise Complaint Modeling 

Lasso R²: 0.0542 

Ridge R²: 0.1591 

Lasso Alpha: 0.0033032319343738728 

Ridge Alpha: 10.0 

 

Lasso is a non-zero coefficient variable： 

response_weekend_Daytime Peak_x_daytype_weekend    0.002612 

response_weekend_Daytime Peak                      0.002572 

timetype_Daytime Peak                             -0.001792 

dtype: float64 

 

Ridge coefficient (sort)： 

% Renters                                          0.008567 

% Bachelor’s Degree+                               0.008280 
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response_weekend_Daytime Peak                      0.004911 

% Black                                            0.004551 

daytype_weekend                                    0.003408 

response_weekend_Daytime Peak_x_daytype_weekend    0.002456 

% Employed                                         0.001787 

const                                              0.000000 

Mixed-Use                                         -0.000747 

Industrial                                        -0.001952 

% NonEnglish_Speakers                             -0.002792 

Residential                                       -0.005149 

timetype_Daytime Peak                             -0.005192 

% Asian                                           -0.006449 

Commercial                                        -0.009647 

% Hispanic                                        -0.010936 

Median Income                                     -0.012064 

dtype: float64 
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Appendix 4. Distribution of Complaint Response Times Across Day Types 

 
 

 

 

 

 

 

Appendix 5. Distribution of Complaint Response Times Across Time Periods 
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Appendix 6. Summary Statistics of Complaint Response Times by Day Type and Time 
Period 
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