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Abstract: Urban construction has accelerated the deterioration of the urban sound environment,
which has constrained urban development and harmed people’s health. This study aims to explore
the spatiotemporal patterns of environmental sound and determine the influencing factors on the
spatial differentiation of sound, thus supporting sustainable urban planning and decision-making.
Fine-grained sound data are used in most urban sound-related research, but such data are difficult
to obtain. For this problem, this study analyzed sound trends using Array of Things (AoT) sensing
data. Additionally, this study explored the influences on the spatial differentiation of sound using
GeoDetector (version number: 1.0-4), thus addressing the limitation of previous studies that neglected
to explore the influences on spatial heterogeneity. Our experimental results showed that sound levels
in different areas of Chicago fluctuated irregularly over time. During the morning peak on weekdays:
the four southern areas of Chicago have a high–high sound gathering mode, and the remaining
areas are mostly randomly distributed; the sound level of a certain area has a significant negative
correlation with population density, park area, and density of bike route; park area and population
density are the main factors affecting the spatial heterogeneity of Chicago’s sound; and population
density and park area play an essential role in factor interaction. This study has some theoretical
significance and practical value. Residents can choose areas with lower noise for leisure activities
according to the noise map of this study. While planning urban development, urban planners should
pay attention to the single and interactive effects of factors in the city, such as parks, road network
structures, and points of interest, on the urban sound environment. Researchers can build on this
study to conduct studies on larger time scales.

Keywords: urban sound environment; spatiotemporal analytics; GeoDetector; influencing factors;
sustainable development

1. Introduction

Urban sustainable development is affected by multiple factors, such as rising pop-
ulations, climatic change, spatial planning, and the geographic distribution of building
coverage [1,2]. Noise is an issue that runs through all the sustainable development goals [3].
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Improvement of sound quality is beneficial to achieve the sustainable development goals,
such as health and well-being, as well as quality education. Considering noise more in
urban construction can reduce the economic losses caused by insufficient resources and
reconstruction. A good sound environment is crucial to build a more sustainable city. Noise
also reflects social inequality to a certain extent. Vulnerable groups are more susceptible to
noise. Noise pollution has attracted widespread concern from all over the world and from
all walks of life and has recently been the subject of much discussion and research among
scholars. With the acceleration of urbanization and motorization, the environmental pres-
sure brought by urban noise pollution is rising. Noise pollution has a remarkable negative
impact on human health, such as hearing loss [4], mental health [5,6], sleep disorder [7],
cardiovascular diseases [8], hypertension [9], and obesity [10]. In addition, noise can also
adversely affect the reproduction and distribution of animals [11]. Therefore, it is essential
to assess and analyse urban noise to support noise management.

Nowadays, various sensors are installed and deployed in cities to monitor diverse
information inside the city, which has gradually become one of the trends in the devel-
opment of smart cities. The Array of Things (AoT, see https://arrayofthings.github.io/
(accessed on 11 January 2022)) project is a smart city measurement project designed to
build city-scale sensor networks for understanding cities and urban life [12,13]. The AoT
project deployed nodes with multiple sensors and cameras in the city of Chicago to collect
near-real-time, location-based data on urban environments, infrastructure, and activities.
The data measured by these nodes include light, temperature, vibration, sulfur dioxide,
ozone, and sound intensity. About 130 nodes had been installed across Chicago by the end
of January 2020. The dataset provided by the AoT has been widely used in various studies.
The literature [14] studied the heat environment of Chicago based on CyberGIS-jupyter
and temperature data provided by the AoT, and the study demonstrated the ability of
CyberGIS-jupyter and AoT sensing data to support urban analysis. The literature [15]
developed a framework by integrating CyberGIS and machine learning, which was uti-
lized to make fine-grained spatiotemporal predictions of urban heat island in Chicago
and achieved better results. The authors used AoT sensing data in the prediction process.
The literature [16] combined AoT sensor data with family data of 450 elderly residents in
Chicago to explore the health effects of air pollution using GIS and spatial modeling. All of
the above studies have shown that the data have some research value. However, the results
of our literature search indicate that there are few studies on the sound data provided by
the AoT at present.

Noise monitoring and sound data mining are crucial prerequisites for urban noise
management. Our study focuses on the analysis of urban sound spatiotemporal trends and
the mining of sound influencing factors. Since the influence of natural and anthropogenic
factors on the urban sound environment is a complex process, the acquisition of urban
sound data is not an easy task. Therefore, there are three key challenges in the study
of sound data. The first is the acquisition of sound data; the second is the delineation
of discrete sound nodes over the study area; and the last is the selection of methods for
analyzing urban sound influences. In this study, we propose to use the sound data provided
by the AoT, divide the discrete sound nodes over the spatial region using Thiessen polygon,
and utilize GeoDetector for the mining of sound influencing factors.

Taking Chicago as the study area, this study generated the noise maps of Chicago in the
morning and evening peak on both weekdays and weekends based on the Thiessen polygon
and the geographic information system. Using the statistical method of spatial correlation
analysis and GeoDetector, we studied the spatiotemporal distribution characteristics of
Chicago’s sound. In addition, we discussed the impacts of seven factors and the interaction
between these factors on the spatial variation of Chicago’s sound. The factors include
the population density, park area, density of the road network, density of the sidewalk,
density of bike routes, number of hospitals, and number of fire stations. This study
expects to support urban planning and policy-making and have positive significance for
the sustainable development of Chicago by providing reference value to some extent. This

https://arrayofthings.github.io/
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paper is divided into seven aspects as follows. Following the description of the introduction
in Section 1 and the relevant research on the topic of sound in Section 2, Section 3 describes
the research area and the data source. Section 4 presents the experiment methods, including
Thiessen polygon and GeoDetector. Section 5 illustrates the noise maps and explains the
experimental results. Section 6 discusses the experimental results combining a correlation
analysis and GeoDetector. Section 7 concludes this study.

2. Related Work

Experts and scholars have studied the topic of the urban sound environment with
various acquisition and analysis methods of sound data. The literature [17] designed
an environmental health monitoring program that users can use to measure their noise
exposure continuously and mark the sound. The literature [18] created a noise map of
New York City based on complaints data, social media, road networks, and Point of
Interest (POIs), mainly illustrating location ranks according to the value of noise indicators
and displaying noise distribution of different noise categories. These studies focus on
the composition or distribution of noise and methods to obtain better noise data. These
studies focus on fine-grained data, such as how each noise may be associated with location,
timestamp, and fine-grained noise categories, such as noisy music or construction noise.
However, it is difficult and costly to obtain fine-grained data. The sound data provided
by AoT are time series data, with an acquisition interval of the 20 s. Compared with the
fine-grained data, the AoT dataset is freely accessible and has smaller temporal granularity.

Leisure activities associated with various high-power sound systems, celebrations,
and transportation are partial sources of urban noise [19]. Road traffic noise is the most
important source of environmental noise [20], but the green belt along roads effectively
mitigates traffic-induced noise pollution [21,22]. As the vegetation density on both sides of
the road changes from sparse to moderate, traffic noise can be significantly reduced [23].
In addition, building density and land use type also affect urban noise levels [24,25]. The
literature [26] analyzed the impact of human activities on noise complaint behavior by
combining the spatial distribution characteristics of POIs and found that there is a certain
correlation between noise complaints and the distribution and types of POIs. The POIs
they selected included 14 types of data, such as scenic spots, public facilities, transportation
facilities, and medical care. The literature [27] realized the assessment of people exposed
to traffic noise in the main urban area of Guangzhou based on POIs and noise maps, and
the study found that areas with higher population density are affected by traffic noise
more, and usually areas with POI types of residential, catering services, shopping services,
and living services are densely populated. The literature [25] explored the relationship
between urban noise and socio-economic factors, such as population and nighttime light
intensity; explored the impact of landscape structure on urban noise; and studied the
impact of different urban forms on urban noise based on urban functional areas. Their
study found that urban vegetation can reduce urban environmental noise, and road density
aggravates urban environmental pollution. From this, it is easy to find that the factors often
used by researchers in urban noise analysis include population, vegetation, traffic, and
buildings, and when considering traffic, more consideration is given to the road network
for motor vehicles, and sidewalks and bicycle paths are seldom considered separately. In
addition, researchers’ selection of factors is coarse-grained. Coarse-grained factors often
cause us to overlook certain implications of finer-grained factors. Therefore, in our study,
seven factors—population, parks, road network, sidewalks, bike lanes, fire stations, and
hospitals—were selected to explore the impact of these factors on Chicago’s sound. The
selection of fine-grained factors is novel to the current study.

Geographic Information Systems (GIS) are often used in urban noise analysis, espe-
cially in the drawing of urban noise maps. Past studies have demonstrated the effectiveness
and importance of using GIS in noise analysis [28,29]. The noise map can intuitively reflect
the distribution of noise, which is conducive to noise assessment. The literature [30] drew a
dynamic traffic noise map using noise monitoring data and traffic speed data. The litera-
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ture [31] drew a 24-h noise map of Chancheng District in Foshan, China. The study [29]
used GIS and GPS to map daytime and nighttime traffic noise in Guangzhou, China. The
literature [32] created a noise map of Şanliurfa using GIS. We can find that noise maps
have become one of the effective methods for reflecting noise levels. These studies provide
us with ideas for noise mapping. When studying a phenomenon, the driving factors are
usually explored. A commonly used driver analysis method is geographically weighted
regression (GWR) [33]. The GWR has been widely used in various studies, such as the
spatial distribution of Tibetan Buddhist Monasteries [34], the spatial–temporal distribu-
tion of PM2.5 [35], and the spatial–temporal analysis of rock concerts [36]. However, as
with other regression analysis techniques, the GWR method suffers from the problem of
multicollinearity, and the results of the analysis can be easily influenced by it. Currently,
GeoDetector has been widely used as a powerful tool for driver and factor analysis in a
variety of fields: agriculture [37], plants [38,39], geology [40], pollution [41,42], tourism [43],
health [44], etc. GeoDetector is a statistical method that detects the spatial heterogeneity of
geographic phenomena to reveal the driving forces behind it [45,46]. Its core idea is that if
an independent variable has an important influence on a dependent variable, the spatial
distribution of the independent variable and the dependent variable should be similar.
Compared with other methods of driving factor analysis, GeoDetector is more suitable for
processing geographical data [47].

3. Research Area and Data

In our study, we choose Chicago as the research area, as shown in Figure 1. Chicago is
the third largest economy in the US and one of the world’s international financial centres,
which is at the crossroads of North American rail, road, and air transport infrastructure,
accounting for about 28,000 km2 with the population more than 10 million in the region [14].
Additionally, the existing studies have revealed that Chicago’s environmental noise level is
high enough to be problematic [48].
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The data provided by AoT includes 4 datasets (Table 1), namely data dataset, node
dataset, sensor dataset, and provenance dataset. Each dataset is a csv file. This study mainly
uses data dataset and node dataset in AoT. The data dataset describes the measured values
of the object at each time point during a certain period, see Table 2 for details. The node
dataset mainly comprises node descriptions, see Table 3 for details. The sound data in our
study comes from AoT data in Chicago from 30 September 2019 to 6 October 2019. There
are 126 nodes in these data, including 36 sound nodes. Among the 36 sound nodes, one
node is working abnormally, and the monitored sound level is NA. The spatial distribution
of these nodes in Chicago is shown in Figure 2. Sound nodes that work normally are orange,
black nodes represent abnormal sound nodes, and blue nodes are all nodes except sound
nodes distributed in Chicago. In addition, the sound data contained in these data can be
obtained by specifying the sensor. The sensor for acquiring sound data is spv1840lr5h_ b.

Table 1. Description of the dataset provided by AoT.

Dataset Description Content

data.csv Sensor data ordered by ascending
timestamp

Describe the measurement completed time by UTC
timestamp, take the measurement of ID of nodes, measured

sensor name, measured sensor parameter, original value
read from sensor, and converted “human readable” value

from sensor.

node.csv Node metadata

Node ID, project ID of managed node, node public name,
node installed street address, node installation latitude,

node installation longitude, detailed description of node’s
build and configuration, node installation starting
timestamp, node installation ending timestamp.

sensors.csv Sensor metadata

Ontology of measurement, subsystem containing sensor,
sensor name, sensor parameter, physical units of HRF value,
minimum HRF value according to datasheet (used as lower
bound in range filter), maximum HRF value according to

datasheet (used as upper bound in range filter), reference to
sensor’s datasheet.

provenance.csv Provenance metadata

Data format version, project ID, minimum possible
publishing UTC timestamp, maximum possible publishing
UTC timestamp, UTC timestamp of this digest was created,

URL where this digest was provided.

Table 2. List of data formats of the dataset.

Timestamp Node_ID Subsystem Sensor Parameter Value_Raw Value_Hrf

30 September
2019 00:00:02 001e0610f703 lightsense apds_9006_020 intensity 28 2.251

30 September
2019 00:00:06 001e0610f6db chemsense at0 temperature 2204.0 22.04

30 September
2019 00:00:07 001e0610ba46 lightsense hih6130 humidity 11096 67.73

30 September
2019 00:00:08 001e0610f732 lightsense hmc5883l magnetic_field_x −118 −107.273

30 September
2019 00:00:09 001e0610ba15 metsense bmp180 pressure 10,551,296 984.02

30 September
2019 00:00:10 001e061144be chemsense co concentration 3414.0 −1.46383

30 September
2019 00:00:12 001e06113107 metsense spv1840lr5h_b intensity NA 56.72
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Table 3. List of data formats of node dataset.

Node_ID Project_ID Vsn Address Lat Lon Description

001e0610ba46 AoT_Chicago 004
State St. & Jackson

Blvd, Chicago,
IL, USA

41.878377 −87.627678 AoT Chicago (S) [C]

001e0610ba3b AoT_Chicago 006
18th St. & Lake

Shore Dr., Chicago,
IL, USA

41.858136 −87.616055 AoT Chicago (S)

001e061135cb AoT_Chicago 052 Ashland & 63rd St.,
Chicago, IL, USA 41.779369 −87.66442099999998 AoT Chicago (S) [C]

001e0610ba8f AoT_Chicago 00D Cornell & 47th St.,
Chicago, IL, USA 41.810342 −87.590228 AoT Chicago (S)

001e0610bc10 AoT_Chicago 01F State St. & 87th,
Chicago, IL, USA 41.736314 −87.624179 AoT Chicago (S) [C]
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The influencing factors we selected in this study have seven factors, including popula-
tion density (PD), park area (PA), density of road network (DRN), density of sidewalk (DS),
density of bike route (DBR), number of hospitals (NH), and number of fire stations (NFS).
See Table 4 for details.

Table 4. Factors selected for analysis.

Factor Source

Population density (PD) https://landscan.ornl.gov/ (accessed on 21 May 2022)

Park area (PA)
https://data.cityofchicago.org/Parks-Recreation/Parks-

Chicago-Park-District-Park-Boundaries-curren/ej32-qgdr
(accessed on 21 May 2022)

Density of road network (DRN) https://data.cityofchicago.org/Transportation/Street-Center-
Lines/6imu-meau (accessed on 29 May 2022)

Density of sidewalk (DS) https://data.cityofchicago.org/Transportation/Sidewalks/77
cn-6x4c (accessed on 29 May 2022)

Density of bike route (DBR) https://data.cityofchicago.org/Transportation/Bike-Routes/
3w5d-sru8 (accessed on 29 May 2022)

Number of hospitals (NH) https://data.cityofchicago.org/Health-Human-Services/
Hospitals-Chicago/ucpz-2r55 (accessed on 21 May 2022)

Number of fire stations (NFS) https://data.cityofchicago.org/Public-Safety/Fire-Stations/28
km-gtjn (accessed on 21 May 2022)

https://landscan.ornl.gov/
https://data.cityofchicago.org/Parks-Recreation/Parks-Chicago-Park-District-Park-Boundaries-curren/ej32-qgdr
https://data.cityofchicago.org/Parks-Recreation/Parks-Chicago-Park-District-Park-Boundaries-curren/ej32-qgdr
https://data.cityofchicago.org/Transportation/Street-Center-Lines/6imu-meau
https://data.cityofchicago.org/Transportation/Street-Center-Lines/6imu-meau
https://data.cityofchicago.org/Transportation/Sidewalks/77cn-6x4c
https://data.cityofchicago.org/Transportation/Sidewalks/77cn-6x4c
https://data.cityofchicago.org/Transportation/Bike-Routes/3w5d-sru8
https://data.cityofchicago.org/Transportation/Bike-Routes/3w5d-sru8
https://data.cityofchicago.org/Health-Human-Services/Hospitals-Chicago/ucpz-2r55
https://data.cityofchicago.org/Health-Human-Services/Hospitals-Chicago/ucpz-2r55
https://data.cityofchicago.org/Public-Safety/Fire-Stations/28km-gtjn
https://data.cityofchicago.org/Public-Safety/Fire-Stations/28km-gtjn
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4. Methodology
4.1. Workflow

The experimental data provided by AoT and the seven factors, including PD, PA,
DRN, DS, DBR, NH, and NFS in Chicago, were downloaded through the real-time API.
The shapefile containing the geolocation information and the Chicago boundary was also
obtained. The datasets were stored and managed consistent with the AoT data formats
in the MySQL database (version number: 8.0.27) to facilitate data viewing, statistics, and
processing. Statistics were performed to process missing and extreme values. Then, we
plotted line charts that could reflect the trend of sound changes at different nodes. Noise
maps in different time groups were drawn based on the Thiessen polygon method. Spatial
correlations were analyzed using Moran’s I. The effect of factors in the city on sound
levels was analyzed using GeoDetector. Finally, the features of sound distribution and
its influencing factors in Chicago regarding the analysis results were concluded. Figure 3
shows the workflow for exploring the spatiotemporal trends and influencing factors of
Chicago sounds using AoT sensing data.
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4.2. Data Processing of Sound Sensor

Our study focused on the sound data of Chicago from 30 September 2019 to 6 October
2019 with a total of 709,644 pieces, of which 2046 pieces were abnormal (the sound level
was NA). Considering the relatively small proportion of missing values in the dataset,
the samples with missing values were deleted, and the 707,598 pieces of sound data after
deleting the abnormal data were analysed. Since a sound node worked abnormally and the
2046 pieces of data provided by this node were NA, the remaining 35 nodes participated in
the analysis.

4.3. Thiessen Polygon

A·H·Thiessen proposed a method to calculate the average rainfall according to the
rainfall measurements at discretely distributed meteorological stations, which is called
the Thiessen polygon [49]. Thiessen polygon is composed of several polygons, and the
rainfall intensity in a polygon is represented by the rainfall measured at the only weather
station contained in the polygon. Thiessen polygon is characterized by three features:
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(1) each polygon has only one discrete point; (2) points within a polygon are closest to
the corresponding discrete point; and (3) points located on the sides of a polygon are
equidistant from the discrete points on its two sides.

Thiessen polygons have a wide range of applications in practical problems. The
study [50] divided the transit traffic analysis area based on the Thiessen polygon; the
authors drew a conclusion that this division method is more in line with the actual situation
of transit travel by combining the characteristics of Thiessen polygon and the transit
travel. The main reason is that under this division method, each transit traffic analysis
zone contains one transit stop, and each transit traffic analysis zone covers all the area
between any two transit stops, which can meet the travel demand in the study area. The
study [51] constructed a sewer model by drawing Thiessen polygon for sewer nodes
and evaluated the model using the U.S. Environmental Protection Agency’s stormwater
management model. The study proved that Thiessen polygon can be used to construct
urban stormwater models. Another study in the literature [52] focused on predicting the
sales area of convenience stores. The method used by the authors in this study to classify
the area covered by each convenience store as a neighbourhood is the Thiessen polygon, in
which each polygon generated represents the area of influence of the convenience store,
with only one convenience store per polygon and with any location within the polygon
being closer to its convenience store than to any other convenience store. By overlaying the
generated Thiessen polygons with 41 factors, such as bus stops, hospitals, banks, parks, fire
stations, hypermarkets, and population, the influence of these factors on convenience store
location was explored.

In our study, 35 sound monitoring regions were generated using Thiessen polygon
for 35 sound nodes, and the sound intensity of each node was used to represent the sound
intensity of the region where the node was located. The process of building Thiessen
polygon is shown in Figure 4. In Figure 4, the blue points represent sound nodes. Each
sound node corresponded to a polygon. The polygons of each sound node form the entire
Thiessen polygon. The center of mass of the sound monitoring region was the node that
monitors the sound, which was in line with the characteristics of sound sensors monitoring
sound. Different colors of the polygon represent different sound levels.
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4.4. GeoDetector

Our study used a factor detector and an interactive detector in GeoDetector. The factor
detector was used to explore the explanatory power of each influential factor on the spatial
differentiation of Chicago sounds. The interaction detector was used to evaluate the impact
type and intensity of the interaction between the two factors on the spatial differentiation
of Chicago sounds. Since the factors we studied were numerical quantities, we utilized
the GeoDetector with R package for analysis, supporting the selection of reasonable classi-
fication methods and classification intervals to discretize numerical quantities into type
quantities. The formula for calculating the q value is:

q = 1 − ∑P
m=1 Nmσ2

m
Nσ2 , (1)

where m = 1, . . . , P is the stratification of factor X. Nm is the number of units in layer m.
N is the number of units in the study area. σ2

m and σ2 are the variance of layer m and the
variance of the whole study area, respectively. q is the influence of the factors on the spatial
differentiation of Chicago sounds, and the range of q value is [0, 1]. The larger the q value,
the greater the influence of the factor on the spatial differentiation of Chicago sounds.

5. Experiment and Results

This study uses Anaconda to draw the trend graph of the noise levels at different nodes
and perform a descriptive analysis of the data. In addition, the GIS software Quantum GIS
(version number: 3.18) will complete the drawing of the Thiessen polygon and noise maps
as well as the overlay of associated data. PyCharm (version number: 2019.1) realizes the
drawing of a weighted Thiessen polygon, and GeoDa (version number: 1.20.0.8) completes
spatial correlation analysis. The GeoDetector (R package) was used to explore the inter-
pretation of different factors and the interaction of two factors on the sound changes in
Chicago. Refer to https://github.com/HIGISX/Chicago_Analytics_AOT (accessed on 21
May 2022) for relevant data and processing results.

5.1. Noise Level of Different Nodes

We drew a line graph of 35 nodes from 30 September 2019 to 6 October 2019 and
analysed the trend of sound level changes at each node within a week. These line graphs are
divided into four categories according to the trend of sound level (Refer to Appendices A–D
for details), and the most representative nodes in each category are selected for analysis. In
Figure 5A, there is a node that has a higher noise level throughout the week, and the overall
noise level is higher than all other nodes. Among them, noise above 80.0 dB accounts for
more than 76%, and noise above 90.0 dB accounts for more than 49%. Figure 5B represents
13 nodes in total. Despite the noise of the nodes being between 55.0 dB and 65.0 dB many
times throughout the week, there were still several occasions when the noise was between
65.0 dB and 75.0 dB. There are 14 nodes represented in Figure 5C, and the noise of the nodes
was between 55.0 dB and 65.0 dB most of the week, and sometimes, the noise exceeded
65.0 dB. Figure 5D shows a total of seven nodes, and the node data were seriously missing,
but its overall noise was between 55.0 dB and 67.5 dB.

We can know from Figure 5 that the noise level of a node was generally much higher
than that of other nodes compared with the other 34 nodes after analysing the noise trend
of each node within the week. The common characteristic of these 35 nodes is that the noise
level fluctuates irregularly over time.

https://github.com/HIGISX/Chicago_Analytics_AOT
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5.2. Noise Level on Weekdays and Weekends

To make full use of light resources and thus save energy, more than 70 countries,
including the United States, have adopted Daylight Saving Time (DST) [53]. DST alters
the clock such that in the spring, summer, and early autumn, sunset and sunrise are one
hour later [54]. DST affects sleep and wellness in addition to morning and evening peak.
According to the related DST research on traffic accidents in the US, it can be inferred that
the morning peak is 4:00–9:00 a.m. and the evening peak is 4:00–9:00 p.m. during DST in
the US [53–55].

Table 5 shows the noise statistics at morning and evening peak on weekdays and
weekends in Chicago. It can be seen from Table 5 that the average noise level in the
morning peak on weekdays is higher than that on weekends. According to the World
Health Organization’s Community Noise Guidelines [56], an average noise level of 55.0 dB
would be troublesome; however, the average noise level in Chicago during the morning
and evening peaks is over 59.0 dB, indicating some impact on Chicago residents. Secondly,
the maximum noise level in the morning and evening peaks on weekdays and weekends
exceeds 99.0 dB. According to World Health Organization guidelines, hearing damage
may occur when the maximum noise level approaches 110.0 dB. Furthermore, the mean
values of sound levels are greater than the median in different time groups. Although the
average value of two for the evening peak sound conditions on weekdays and weekends is
the same, the noise in the evening peak varies significantly on weekends. In addition, the
average noise level in the evening peak on weekdays and weekends is slightly higher than
that of the morning peak, which may be inseparable from the entertainment that people
have at the end of the day.
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Table 5. Sound statistics in different time groups.

Mean
(dB) Std Min (dB) 25% (dB) 50% (dB) 75% (dB) Max (dB)

Weekday Morning peak 59.6 6.4 55.0 56.7 56.7 62.7 99.3
Evening peak 59.7 7.0 55.0 56.7 56.7 62.7 99.1

Weekend
Morning peak 59.4 6.4 55.0 56.7 56.7 62.7 99.1
Evening peak 59.7 8.0 55.0 56.7 56.7 62.7 99.5

Some scholars often deal with layers in their research by adopting a superposition
analysis to obtain the spatial potential information. The study [57] took this method for
studying the noise of New York City. In their research, a map segmentation algorithm
was used to divide New York into disjoint areas based on main roads, and then, the noise
complaint data were mapped to their geographical location for analysis. In this study,
35 nodes are isolated on the map. The Thiessen polygon is first used to split Chicago into
disjoint areas based on various positions of 35 nodes to make the analysis results general.
The division results are shown in Figure 6. Then, the sound data are mapped to these
areas according to their geographical position to complete the drawing of the noise maps,
as shown in Figure 7. During the study, the average noise level of each node is used to
represent the overall noise level of the area where the node is located.
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Figure 7A shows the noise levels in different regions of Chicago during weekday
morning peak hours, with a noise level between 85.0 dB and 90.0 dB, 11 areas between
60.0 dB and 65.0 dB, and 23 areas between 55.0 dB and 60.0 dB. Figure 7B displays the
noise levels of various areas during weekend morning peak hours in Chicago, with a noise
level between 85.0 dB and 90.0 dB, 10 areas between 60.0 dB and 65.0 dB, and 20 areas
between 55.0 dB and 60.0 dB. In addition, there are four areas with no noise data during this
period, which are 001e0610ee5d, 001e0611536c, 001e06118509, and 001e06182a7. Figure 7C
indicates the noise levels of different areas of Chicago during weekdays evening peak
hours, with a noise level between 90.0 dB and 95.0 dB, 8 areas between 60.0 dB and 65.0 dB,
and 24 areas between 55.0 dB and 60.0 dB. Additionally, there are two areas with no noise
data during this period, which are 001e0611850f and 001e06118509. Figure 7D depicts the
noise levels of different zones during weekends evening peak hours in Chicago, with a
noise level between 95.0 dB and 100.0 dB, 9 areas between 60.0 dB and 65.0 dB, and 21 areas
between 55.0 dB and 60.0 dB. In addition, there are four areas with no noise data during
this period, which are 001e0610ee5d, 001e0611536c, 001e06118509, and 001e06182a7.
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It can be known from the noise maps that whether it is the morning peak and evening
peak on weekdays or on weekends and that the noise level in most areas of Chicago is
between 55.0 dB and 60.0 dB, few areas are between 60.0 dB and 65.0 dB, and only one
area exceeds 85.0 dB. In addition, comparing Figure 7A,B, we can find that the overall
noise level of the morning peak on weekdays is not much different from the overall noise
level of the morning peak on weekends. After comparing Figure 7C,D, we can see that the
noise level in the evening peak on weekdays is slightly lower than that in the evening peak
on weekends.

The shape of the general Thiessen polygon completely depends on the position of
sample data points and does not reflect the attribute difference of points [49]. Because of the
disadvantages of singleness and equality in the selection of influencing factors, the general
Thiessen polygon may not meet the complex realistic environment. Therefore, weight is
introduced for each sound node. Considering the characteristics of the area where each
node is located and taking the noise-generating ability of that area as a weighting factor,
the weighted Thiessen polygon can be obtained [58]. As shown in Figure 8, a weighted
Thiessen polygon helps to accurately describe the spatial extent and intensity of sound on a
spatial scale. Figure 8 shows that the weighted Thiessen polygon presents different spatial
patterns compared to the general Thiessen polygon.
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6. Discussion

Geographic objects form various spatial distribution patterns according to their at-
tributes or human activities. Moran’s I is widely used to quantify the level of spatial
autocorrelation between adjacent locations, and the positive or negative value of Moran’s
I indicates that observations at locations that are spatially close tend to have identical
or different values [59]. In this study, we attempted to perform spatial data analysis to
explore spatial patterns of the noise level in Chicago. First, Moran’s I at global and local
scales was simulated based on observations (35 for weekday morning peak, 33 for weekday
evening peak, 31 for morning and evening peaks on weekends). Figure 9 reveals a global
Moran scatter plot of Chicago’s noise for different time groups, and the sound level is
used to represent the noise level. The Moran statistic for the morning peak on weekdays
is 0.106, and the p-value is less than 0.05; that for the evening peak on weekdays is 0.068,
and the p-value is less than 0.05, indicating that the spatial autocorrelation of Chicago’s
noise is statistical for two time groups (See Figure 9). Figure 10 displays a local Moran
index cluster plot of Chicago’s noise. High–high or low–low suggests that areas with
high (low) noise are adjacent to other regions with high (low) noise. Whereas high–low
or low–high states that areas with high (low) noise are adjacent to areas with low (high)
noise. We may observe that the four southern areas of Chicago have a high–high sound
gathering mode, and the remaining areas are mostly randomly distributed during the
morning peak on weekdays. The difference from the morning peak on weekdays is that the
two eastern regions of Chicago present a low–low sound gathering mode. Chicago sounds
have different aggregation patterns in different time periods, which may be related to the
different behavioral activities of people in these periods.

Correlations can be explored using multi-source data and spatial analysis methods [60].
Taking the morning peak on weekdays as an example, we examined the impact of PD, PA,
DRN, DS, DBR, NH, and NFS on the sound environment through the bivariate Moran’s
I. We discovered that noise level in an area during the weekdays’ morning peak was
negatively correlated with the area’s PD, PA, and DBR, and the correlation coefficients were
0.15 (p < 0.01), 0.18 (p < 0.01), and 0.10 (p < 0.1), respectively (Table 6). According to the
analysis, we can know that: (1) the larger the population, the lower the noise. This may
be connected to the location of people’s activities, such as office buildings and residential
buildings, and even if the population is large, there will be no excessive noise in general.
(2) Areas with large park boundaries may have lower noise levels, and as parks continue to
expand, noise levels decrease. This could be the case since the natural landscape features of
the park, such as vegetation and water bodies, might affect the sound environment, and
these impacts will increase along with the rising land area. This finding is identical to
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existing results [61]. (3) With the increase of bike routes, the noise will be reduced. Cyclists
are more likely to be exposed to noise in the short term, but with the increase in bike routes
and the substitution of bicycles for cars and motorcycles, noise pollution will gradually
decrease, and the noise pollution suffered by cyclists will also decrease [62]. Furthermore,
we also found that there are no statistically significant correlations between the DS, DRN,
NH, and NFS and the noise level, which may be because the impact of these factors on
noise is an interactive and complex process.
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Table 6. Results of spatial correlation analysis.

Factor Moran’s I p-Value

PD −0.15 0.004
PA −0.18 0.004

DBR −0.10 0.08

In addition to spatial autocorrelation, spatial heterogeneity is another essential feature
of sound distribution. We define spatial heterogeneity as the difference in sound magnitude
between diverse regions of Chicago. The results of the factor detector are sorted by q value
as follows: PA (0.2617) > PD (0.1975) > DS (0.1581) > DRN (0.1558) > DBR (0.1402) > NFS
(0.0970) > NH (0.0722). Of the seven factors, NH and NFS have a small effect on sound
levels, PA has the largest effect, and PD is a close second, indicating that PA and PD are the
most important drivers of sound levels in Chicago. Due to the reduction effect of vegetation
and lakes on sound in the park, the sound decreases with the increase in the park area. This
further illustrates that the most central way to improve the future sound environment in
Chicago is to increase vegetation cover and lake area. In addition, population distribution
has an important effect on the spatial differentiation of sound levels. DS, DRN, and DBR
also have a large effect on sound levels, suggesting that an important aspect of improving
Chicago’s sound environment is proper planning of the road network. The influence of
NFS and NH on Chicago sounds are relatively small, which may be because hospitals have
the need to keep quiet while fire stations produce a single sound.

The results of the interaction detector are shown below (Table 7). The interaction of the
seven factors is enhanced, including bi-factor enhancement and nonlinear enhancement,
and there are no factors that work independently of each other, which shows that the spatial
differentiation pattern of the Chicago sounds is not controlled by a single factor but is the
result of the joint action of multiple factors. The interaction between PD and PA (0.7353)
as well as PA and DBR (0.6399) are significant in the interaction between the two factors,
indicating that the population distribution should be intervened while the expansion of
Chicago parks and investment in bike routes should be increased to jointly improve the
noise distribution in Chicago. The interaction between NH and DRN (0.1740) as well as
NH and NFS (0.1390) are small in the interaction between the two factors.

Table 7. The results of the interaction detector.

PD PA DRN DS DBR NH NFS

PD 0.1975
PA 0.7353 a 0.2617

DRN 0.5377 a 0.4379 a 0.1558
DS 0.4038 a 0.5435 a 0.4061 a 0.1581

DBR 0.5797 a 0.6399 a 0.3219 a 0.3445 a 0.1402
NH 0.2005 b 0.3312 b 0.1740 b 0.2892 a 0.4097 a 0.0722
NFS 0.3714 a 0.3097 b 0.3194 a 0.4129 a 0.2528 a 0.1390 b 0.0970

Note: a represents that the interaction between the two factors is nonlinear enhancement; b means bi-factor
enhancement.

7. Conclusions and Future Work

In this study, we analysed the sound environment in Chicago using sound data
provided by the AoT. We examined the trend of the sound changes of each node in a week
by drawing a line chart. The isolated sound nodes were divided into diverse regions using
a Thiessen polygon, and the noise maps of various regions at different time periods were
drawn using the geographic information system. The spatial distribution characteristics
of sounds in Chicago and the influence of factors in space on the spatial distribution of
sounds were explored by means of spatial correlation analysis and GeoDetector. Since the
GeoDetector used in this study can detect the real interaction between two factors, it is
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not limited to the multiplicative relationship, and the principle of GeoDetector ensures
that it is immune to multi-independent variable collinearity, it achieves a more effective
and comprehensive analysis. Taking the morning peak on weekdays as an example,
we found that (1) there is a statistically significant positive correlation between noise in
Chicago during this time. (2) Population density, park area, and density of bike routes
were significantly negatively correlated with sound level. (3) Park area and population
density are the two most crucial controlling factors for the spatial differentiation of sounds
in Chicago. (4) There is an interaction enhancement effect between each factor, and the
enhancement effects are more obvious between population density and park area as well
as park area and density of bike routes. The results show that a good analysis result can
also be achieved using AoT data. This study can provide a reference for Chicago’s policy
making and help Chicago to develop healthily and efficiently.

This study contributes to the study of urban sound. First, our study may be the
first application of GeoDetector for Chicago’s sound analysis. Compared to the previous
literature that focused on the measurement of spatial autocorrelation, this study also
focuses on the effects of urban factors on the spatial differentiation of sound. Second, this
study enriches the research on noise pollution in Chicago, aids in better understanding the
distribution of sounds in Chicago, provides suggestions for urban residents’ travel, and
offers the framework for the government to formulate relevant policies. Finally, we have
used a Thiessen polygon to divide isolated sound nodes into different regions for research.
This method is suitable for the study of any isolated points, such as sensors.

However, this study still has some limitations. The sound data only comes from
35 nodes, and the location of the sound nodes is not dense enough for the whole city.
In addition, whether an individual identifies a sound as noise depends heavily on their
specific activity and associated environment. Analysing the sound data collected by an
urban sensor network can only explain a small number of troubles and distractions that
people experience in their daily lives.

In the future, we will consider more aspects. First, we will consider historical data and
use more data for analysis to support travel and government related decisions. Second, we
will further adjust the weighted Thiessen polygon to empirically prove whether there will
be a difference.
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Appendix A

There is a node that has a higher noise level throughout the week (Figure A1), and
the overall noise level is higher than all other nodes. Among them, noise above 80.0 dB
accounts for more than 76%, and noise above 90.0 dB accounts for more than 49%.
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Appendix B

There are 13 nodes in total (Figures A2–A14). Despite the noise of the nodes being
between 55.0 dB and 65.0 dB many times throughout the week, there were still several
occasions when the noise was between 65.0 dB and 75.0 dB.
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Appendix C

There are 14 nodes in total (Figures A15–A28). The noise of the nodes was between
55.0 dB and 65.0 dB most of the week, and sometimes, the noise exceeded 65.0 dB.
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