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ABSTRACT 

Many cities suffer from noise pollution, which compromises 

peopleôs working efficiency and even mental health. New 

York City (NYC) has opened a platform, entitled 311, to 

allow people to complain about the cityôs issues by using a 

mobile app or making a phone call; noise is the third largest 

category of complaints in the 311 data. As each complaint 

about noises is associated with a location, a time stamp, and 

a fine-grained noise category, such as ñLoud Musicò or 

ñConstructionò, the data is actually a result of ñhuman as a 

sensorò and ñcrowd sensingò, containing rich human 

intelligence that can help diagnose urban noises. In this paper 

we infer the fine-grained noise situation (consisting of a 

noise pollution indicator and the composition of noises) of 

different times of day for each region of NYC, by using the 

311 complaint data together with social media, road network 

data, and Points of Interests (POIs). We model the noise 

situation of NYC with a three dimension tensor, where the 

three dimensions stand for regions, noise categories, and 

time slots, respectively. Supplementing the missing entries 

of the tensor through a context-aware tensor decomposition 

approach, we recover the noise situation throughout NYC. 

The information can inform people and officialsô decision 

making. We evaluate our method with four real datasets, 

verifying the advantages of our method beyond four 

baselines, such as the interpolation-based approach.    
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INTRODUCTION 

The rapid progress of urbanization modernizes peopleôs lives, 

but also creates noise pollution in cities. In addition to 

compromising working efficiency and quality of sleep, urban 

noises may impair peopleôs physical and mental health. 

People living in major cities, especially in NYC, are 

increasingly concerned about tackling the problem, calling 

for technology that can diagnose the citywide noise situation 

and the composition of noises in different places. 

Modeling citywide noises, however, is very difficult, as the 

level of noises varies by locations and changes over time 

significantly. Moreover, besides the level of sound measured 

in decibels, the measurement of noise pollution also depends 

on peopleôs tolerance to noises, which changes over different 

times of day. For example, at night, peopleôs tolerance to 

noises is much lower than during the daytime. A quieter 

noise at night may be considered a heavier noise pollution. 

Consequently, even if we could deploy sound sensors 

everywhere, diagnosing urban noise pollution solely based 

on sensor data is not thorough. Furthermore, urban noises are 

usually a mixture of multiple sound sources. Understanding 

the composition of noises, e.g., in evening rush hour, 40 

percent of noise in a given place comes from loud music, 30% 

from vehicle traffic and 10% from constructions, is vital to 

tackling noise pollution. 

While modeling urban noise pollution is very difficult, other 

ubiquitous data sources indicating urban noises are already 

available. For example, since 2010, NYC has operated a 

platform that allows people to call 311 to complain about 

what they feel annoyed by (without being an emergency) in 

the city [1]. According to 311 records from 2010 to 2014, the 

third largest category of complaints has been about urban 

noises. When complaining about noises, people are required 

to provide the location, time and a fine-grained noise 

category, such as loud music or construction. This means that 

the 311 complaint data about noises is actually a result of 

ñhuman as a sensorò and ñcrowd sensingò, containing rich 

human intelligence that can help us understand noise 

pollution from peopleôs perspectives. Specifically, the 

number of 311 calls (about noises) made in a location is an 

indicator of the noise pollution of the location (see Figure 5), 

and the distribution of these 311 complaints over different 

noise categories may describe the composition of noises in 

the location. On the other hand, the 311 data is very sparse 

(see Figure 6 for details), as there are not always people 

reporting ambient noises at a given place and time. 

Recovering the noise situation of locations that do not have 

sufficient 311 data remains a challenge.   

Fortunately, the big data era has brought us unprecedented 

data in urban areas, such as user check-in data from location-

based social networks, POIs, and road networks. Those data 
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sources also have a correlation with urban noises, providing 

complementary information to pinpointing urban noises. For 

instance, a region with a denser road network is more likely 

to embrace heavier traffic noises. Likewise, a region with 

many bars is very likely to generate music noises in the 

evening. Additionally, a bar with more user check-ins would 

generate a louder noise (see later sections for more details).  

In this paper, we infer the noise situation (consisting of a 

noise pollution indicator and a noise composition) of 

arbitrary regions of NYC, at different time intervals of a day, 

by combining the historical 311 noise complaint data over a 

period of time with social media, POIs, and road network 

data. According to the noise pollution indicator, we can rank 

locations in different time spans, e.g. 0am-5am on weekdays 

and 7pm-11pm on weekends, as illustrated in Figure 1 A); 

the darker the color is the heavier the noise pollution is. Or, 

we can rank locations by a particular noise category, such as 

construction, as depicted in Figure 1 B). We can also check 

the noise composition of a particular location changing over 

time, e.g. Time Square, as shown in Figure 1 C). 

 
Figure 1. Results of our research 

To achieve these goals, we first partition NYC into disjoint 

regions by major roads, using a map segmentation algorithm 

[24]. We then map the 311 noise complaints onto these 

regions according to their geospatial locations, building a 

three dimension tensor, where the three dimensions denote 

regions, categories of noises and time slots. Each entry of the 

tensor stores the number of 311 complaints about a particular 

noise category in a particular region and a particular time slot. 

We fill in the tensorôs missing entries (i.e., without 311 

complaints), using a context-aware tensor decomposition 

approach that combines 311 data with user check-ins, road 

network data and POIs. After that, the value of an entry is 

used as a noise pollution indicator of a region in a time slot 

and in a noise category, and the values of the entries across 

different categories denote the composition of noises in the 

region. Our approach has three primary contributions: 

¶ Citywide noise modeling: Beyond raw sensor data, the 

311 data indicates not only the level of noise in a place 

but also peopleôs reaction and tolerance to different 

categories of noise and during different time spans of a 

day. Using a 3D tensor, we simultaneously model the 

correlation of noises among different locations, time 

spans and noise categories.    

¶ Dealing with data sparsity: The 311 data is very sparse, 

resulting in a sparse tensor.  Filling in the missing entries 

of the tensor solely based on non-zero entries is not 

accurate enough. To deal with the data sparsity of the 

tensor, we extract three categories of features from usersô 

check-in data, POIs and road network data. From 

different perspectives and built from other data sources, 

the three feature sets represent the temporal correlation 

between different time slots, the geospatial correlation 

between different regions, and the correlation between 

different noise categories. By feeding these feature sets 

into the tensor decomposition process, we reduce the 

error of tensor decomposition, thereby improving the 

accuracy of noise inferences.  

¶ Real evaluation: We evaluated our method by extensive 

experiments that use four real data sets [31]. The results 

demonstrate the advantages of our method beyond four 

baselines, such as Kriging [14], and reveal interesting 

discoveries that can bring social good to NYC. 

The rest of this paper is organized as follows: the second 

section overviews the framework of our method. The third 

section describes the datasets we use and how they are 

correlated with noises. The fourth section introduces the 

method for noise inferences, and the fifth section presents 

results and visualizations. The sixth section summarizes the 

related work, followed by the conclusion in the last section. 

OVERVIEW 

Preliminary 

Definition 1 (Road Network): A road network Ὑὔ is 

comprised of a set of road segments ί connected between 

each other in the format of a graph. Each road segment ί has 

two terminal nodes, a series of intermediate points between 

the two terminals, a length ίȢὰὩὲ, a classification (level) 

ίȢὰὩὺ (e.g., a highway or a street). The smaller ίȢὰὩὺ of road 

segment ί is, the higher the level of ί is. 

Definition 2 (POI): A point of interest (POI) is a venue in a 

physical world, like a shopping mall or theatre, having a 

name, address, coordinates, category, and other attributes. 

Definition 3 (User Check-in): In a location-based social 

networking service (e.g., Foursquare), a user can mark a 

venue (e.g. a shopping mall) when the user arrives there, 

which is known as a check-in. Each check-in has a time 

stamp and a geospatial coordinate, usually associated with a 

POI category, such as food and dining.  

Definition 4 (Noise Complaint): Each noise complaint ὲί 
contains a timestamp, a location ὲίȢὰ denoted by a (latitude, 

longitude) or street address, and a complaint category ὲίȢὧ. 

Weekday: 6am-6pmWeekend: 7pm-11pm

B)  Construction

Weekday:0-5am

A) Overall noises

C)  Different noise categories in Time Square



 

Framework 

Figure 2 presents the architecture of our system, which 

consists of three major layers: 1) data acquisition, 2) noise 

inference, and 3) service providing. We will detail the first 

two layers in the following sections respectively.  

 

Figure 2. The architecture of our method 

DATA ACQUISITION AND ANALYSIS 

This section introduces four data sources, and analyzes the 

correlation between them and NYCôs noises.   

311 Data about Noises 

311 is NYCôs governmental non-emergency service number, 

allowing people in the city to complain about everything that 

is not urgent by making a phone call, or texting, or using a 

mobile app. According to the 311 data recorded from May 

23, 2013 to Jan. 31, 2014 (168 weekdays and 68 weekends), 

67,378 complaints were about urban noise, which is ranked 

the third largest out of the 187 complaint categories. Table 1 

shows the 14 fine-grained noise categories and their 

proportions in the total number of noise complaints. Loud 

music/party is the largest. Figure 3 paints the 236-day 311 

complaints about noises on a digital map, where the height 

of a bar denotes the number of complaints in a location. For 

example, we can see that south Manhattan was suffering 

from Construction and Loud music/party. 

Table 1. Categories of noise and their proportion in 311 data  

Categories % Categories % 

ὧ. Loud Music/Party 42.2 ὧ. Alarms 1.7 

ὧ. Construction 17.2 ὧ. Private carting noise 0.8 

ὧ. Loud Talking 14.6 ὧ . Manufacturing 0.3 

ὧ. Vehicle 13.7 ὧ . Lawn care equipment 0.3 

ὧ. AC/Ventilation 
equipment 

3.9 ὧ . Horn Honking  0.2 

ὧ.Banging/Pounding 2.1 ὧ . Loud Television 0.1 

ὧ. Jack Hammering 2.1 ὧ . Others 0.8 

Figure 4 shows the number of 311 complaints in the top five 

noise categories changing over time of day, where the 

complaints of the 68 weekend days are aggregated into one 

day. As the number of weekdays (168) is more than weekend 

days, we randomly select 68 weekdays and aggregate the 

complaints of these days into one day, for a fair comparison 

with weekend days. It is interesting that more complaints 

were made at night than daytime. This indicates that peopleôs 

tolerance for noise is lower at night. Generally, weekends 

have much more noise complaints than workdays. This could 

be for two possible reasons. One is weekends could have 

more sources of noises than weekdays, such as football 

games and parties. The other is people have more time to 

complain during the weekends. Staying at home, their 

expectation for a quiet day is higher than a workday. 

Specifically, weekends have less complaints about air 

conditions/ventilation than weekdays. The reason is very 

intuitive. The air conditioning and ventilation systems of 

many buildings may be suspended during weekends.  

 

 
Figure 3. Complaints of noises in NYC (5/23/2013 to 1/13/2014) 

    

                   A) Weekdays                                 B) Weekends 

Figure 4. Number of complaints changing over time of day 

The data presented in Figure 3 and 4 well demonstrates the 

value of ñhuman as a sensorò and ñcrowd sensingò, where 

each individual contributes their own information about the 

ambient noises; the individual information is then aggregated 

to diagnose the noise pollution throughout a city. The noise 

categories tagged by a complainer can help analyze the 

composition of noises in a location. We also find 311 noise 

complaints in a location have a correlation with its real noise 

level. Figure 5 studies the number of noise complaints and 

real noise levels (collected through a mobile phone) in 36 

locations, in daytime and nighttime respectively. [12] details 

how we collect real noise levels. First, given the same time 

span in a day, the more 311 calls are made in a location, the 

louder the real noise is in the location. We see the same trend 

in Figure 5 B) and C). If given sufficient 311 complaints of 

any location and at anytime, we can recover the noise 

situation throughout the city by doing some simple statistical 

analysis on the complaint data. On the other hand, there are 

some locations (marked by the red circles shown in Figure 5) 

having very few 311 complaints but still with considerable 

real noises. This is caused by the sparsity of 311 complaint 

data, i.e., having no complaint records does not mean no 

noise. To diagnose the noises throughout a city, we need to 

recover these missing locations. Second, the data of different 
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time spans are not comparable. As shown in Figure 5 C), the 

real noise level at 6am-6pm is actually higher than 7pm-

11pm; however, more complaints were made in the latter 

time span, as peopleôs tolerance to noises is much lower at 

night. The discovery reveals the advantage of 311 data 

beyond raw sound data. This also motivates us to model the 

noise situation in different time spans respectively.  

 
Figure 5. Correlation between 311 complaints and real noise 

level: A) shows the geo-distribution of th e 36 locations in NYC 

that we test, B) plots the correlation during the time span 6am-

6pm. The blue broken line fits the majority of points except for 

those falling in the red circle. 

Figures 6 and 7 further explore the sparsity of the 311 data. 

Each plot in Figure 6 denotes the proportion of regions (see 

Definition 5) with the number of complaints smaller than its 

value on the horizontal axis. For instance, over 90 percent of 

regions have received less than 60 complaints in total in the 

68 weekdays (i.e. less than one complaint per region per day). 

Figure 7 presents the proportion of regions having at least 

one complaint from the top five most frequent noise 

categories. While a few regions may not really have any 

noise pollution, the majority of regions without 311 data are 

due to lack of people reporting noise. Given the sparseness 

of the complaints, recovering the noise situation throughout 

a city solely based on the complaint data is not good enough, 

so, we turn to other data sources for help. 

 

User Check-in Data 

User check-in data from location-based social networks 

denotes human mobility in cities, which is relevant to urban 

noise. First, people themselves are source of noise, talking 

loudly or playing music intensely. Second, human mobility 

indicates the traffic volume and function of a region [25][26]. 

These factors have a strong correlation with noises. To deal 

with the data sparsity problem of 311 data, we also collect 

from Gowalla 127,558 check-ins that were generated from 

4/24/2009 to 10/13/2013 in NYC, and 173,275 check-ins 

from Foursquare (generated from 5/5/2008 to 7/23/2011) 

also in NYC. The check-in data from Foursquare are also 

associated with one or more categories: Art & Entertainment, 

College & University, Food, Great Outdoors, Nightlife Spot, 

Home/work/other, Shop, and Travel spot.  As NYC has not 

changed tremendously recently, peopleôs check-ins patterns 

have remained similar over the past two years. This allows 

us to correlate the check-in data of different times with the 

311 data. Other types of human mobility data, such as mobile 

phone data or GPS traces of taxis, can also be applied here.  

As shown in Figure 8 A), we found a strong correlation 

(Pearson correlation 0.873, P-value of T-Test << 0.001) 

between the number of check-ins in the Art & Entertainment 

category and the number of noise complaints about vehicles 

in each hour of a day. The number of check-ins and 

complaints are normalized into a value falling in [0, 1]. 

Likewise, the number of user check-ins at the nightlife spot 

category also has a positive correlation with the number of 

complaints in the category Loud music/Party (Pearson 

correlation 0.745, P-value of T-Test << 0.001). Figure 8 B) 

respectively presents the geospatial distributions of user 

check-ins (in Art & Entertainment and Nightlife spot 

categories) and the noise complaints (in Loud music/party 

category), where they have a similar geospatial distribution 

in some regions (marked by the dotted circles). 

    
A) Temporal review: categories of check-ins vs categories of noises     

 
B) Geospatial distributions of check-ins and noise complaints  

Figure 8. Correlation between user check-ins and 311 in NYC 

Road Network and POIs 

The information on POIs in a region, such as the number of 

POIs in different categories and the density of POIs, 

indicates the function of the region as well as the flow of 

people in the region, which are very relevant to a regionôs 

noise situation. For example, if a region has many bars, the 

amount of loud music and talking tend to be high. A park, 

however, is usually quiet. The structure of a road network in 

a region, like the number of intersections and the total length 

of road segments, also has a strong correlation with the 

regionôs traffic patterns, which is a major noise source.  

Location with few complaints Locations with sufficient complaints

A) Locations B) Correlation in 6am-6pm C) Correlation in 7pm-11pm

Figure 7. The proportion of regions with 

complaints of a noise category

Figure 6. Proportion of regions with 

complaints smaller than a number
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