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ABSTRACT

With the arrival of Big Data Age, how to mining useful information hidden

behind big data has become a hot topic in Geographic Information Science

(GIScience). This study examined the spatio-temporal variation of regional taxi flows

by analyzing a Big Data set of taxi trips in NewYork City (NYC) and the research

combined the knowledge and methods of spatial statistics and visualization to extract

the variation in both spatial and time dimensions. First, the spatial pattern of the

overall taxi volume was analyzed by the Moran’s I Local Indicators of Spatial

Association (LISA) to measure where the clusters are and how they vary from place

to place each one-hour time segment of one day. In addition, the spatio-temporal

pattern of the netflow was visualized in 3D-GIS environment to measure where

“source” areas are, as well as using Empirical Orthogonal Function (EOF) to extract

the primary information of the outgoing flow (outflow). Lastly, in order to explore the

year-level pattern, multivariate mapping was established to compare the areas with

high/low outflows in 2015 with those in 2012 and 2009, respectively. The final results

revealed a more specific understanding of regional taxi flows including the patterns of

the overall flow, netflow, and outflow in NYC.
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1 INTRODUCTION

Mobility data contains straightforward information, such as where people go

and when they start/arrive. Mobility data also potentially offers indirect and

meaningful information that are very useful to our society (Andrienko et al., 2003;

Dykes et al., 2003). The analysis of mobility data can give us a more specific

understanding of the complex variation in many application domains, such as

transportation, demography and emergency management (Guo et al., 2014; Mitchell

et al., 2010; Poon, 1997; Tobler, 1976; Tobler, 1981; Young, 2002). Specifically, the

intra-city travel behaviors of residents have close relationship with urban dynamics,

which can advance our understanding of people’s living habitats and their demands

for improving current public transport facilities (Liu et al., 2015).

There are two significant types of the mobility data (Global Positioning

System (GPS) trajectory data and Origin-Destination (OD) taxi trip data):

 GPS data is usually recorded by GPS devices which are placed in a taxi,

and the device can keep the tracks of taxis’ real-time geographic

locations after each interval. Then we know taxis’ moving trajectories

through GPS data.

 OD taxi trip data only has the records of the origin and the destination

for each taxi trip and ignores the actual trajectory routes (Guo et al.,
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2012). The study would focus on the taxi data type.

It is easy to extract the space-time variation from small-scale data. However,

large-scale data poses challenge for discovering meaningful patterns. Big data refers

to those huge amounts of data (Kolomvatsos et al., 2015), which are usually collected

from our lives. Big data analysis has been a hot topic in Geographic Information

Science (GIScience) to reveal hidden geo-correlation. Due to the characteristics of big

data, it puts forward higher requirements for modern computers in the aspects of

storing and analyzing (Jain et al., 2016). The OD taxi trip data in 2015 is obtained

from the Taxi & Limousine Commission (TLC) in New York City (NYC) and it

serves as the data foundation for this study. The total number of taxi trips of the raw

data is over 200 million and the size is roughly 30GB. Although the dataset provides

high spatial-temporal resolutions, with countless and overlapped point-based ODs, it

still brings about great difficulties to discover the dynamics.

The main purpose of this research is to examine how the pattern of the overall

taxi flows varies in NYC, as well as exploring the space-time dynamics of the netflow

and the outgoing flow (outflow). The study should be useful to address these

questions:

 How do the pattern of daily taxi flows (including the overall taxi flow,

the netflow and the outflow) vary from place to place? And how about

the distribution of these regions in NYC?

 Where are “source” areas? And what are the spatial-temporal distribution

of these “source” areas?
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 How have those regions with high/low taxi flows changed? And are

these areas concentrated or distributed at different years?

To answer these research questions, this study combined qualitative and

quantitative methods. Qualitative method is visualization including 3D-visualization,

geo-visualization and multivariate mapping. Quantitative methods involve spatial

statistical methods, such as the Moran’s I Local Indicators of Spatial Association

(LISA) and Empirical Orthogonal Function (EOF).

Visualization is an effective way to display large spatial-temporal data, it

supports interpretation and human-decision making in views which are easy to

understand (Guo et al., 2006). Sometimes, we should interpret the dynamics of more

than one variables for complex geographical problems (Guo et al., 2005). Multivariate

mapping can integrate and exhibit these variables. Spatial statistics can help discover

the spatial dependence of geographic problems. It is widely used in geography to

discuss the spatial interaction between geographic observations.

This study focus on mining regional taxi flow patterns in NYC. The research

on regional taxi flows allows exploring the intra-urban patterns from place to place

and exhibiting how the pattern varies in a specific region, such as Manhattan.

OD-taxi flows were examined by three different patterns: the overall flow,

netflow, and outflow. First, the spatial pattern of the overall taxi volume was analyzed

by LISA to measure where the clusters are and how they vary from place to place

each one-hour time segment of one day. LISA is established to discover the spatial

pattern of an area with its neighboring regions by the measurement of local indices
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(Anselin, 1995). In addition, the spatio-temporal pattern of the netflowwas visualized in

three-dimensional Geographic Information System (3D-GIS) environment to measure the

“source-sink” structure and figure out where “source” areas are. EOF was utilized to

extract the primary information of the outflow patterns and help noise elimination.

Lastly, in order to explore the year-level patterns, multivariate mapping was

established to compare the areas with high/low outflows in 2015 with those in 2012

and 2009, respectively.
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2 RESEARCH BACKGROUND

The emerging of smart cities is required to integrate the knowledge and

technologies from different domains to improve the functions of cities, such as

addressing poverty, social deprivation and poor environment (Batty et al., 2012;

Harrison et al., 2010). The idea greatly benefits from big data by constructing the

internet of things.

Big data is often characterized by large volume, high velocity, and diverse

variety (Goodchild, 2013; Kitchin, 2013; Laney, 2001): 1) volume refers to the scale

of big data. With regards to the large volume, we can extract and mining more specific

information with big data than small-scale data; 2) velocity represents timing and

updating rate. Big data is distinguished by its high velocity, such as OpenStreetMap

which adopts volunteered geographic information (VGI) (Goodchild, 2013;

Goodchild et al., 2012). The large-scale data in OpenStreetMap is fast-updated; 3)

variety is described as the structured or unstructured nature of disparate data sources

(Kitchin, 2013; Goodchild, 2013).

Although volume, velocity, and variety are the significant advantages for big

data, everything is a double-edged sword. When we are enjoying what it offers, it puts

forward the higher requirements. For example, with the increase of volume, big data

needs additional and larger storage for modern computers (Laney, 2001). And the
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waste data would also increase. How to exploring useful information hidden behind

big data has become a huge challenge.

The large-scale data with geographically references take up a large percentage

of all the big data (Goodchild, 2013). This type of big data is called geo-big data. As

they have close relationship with geographic locations, thus we can discover the

hidden dependence or distribution of spatial units. Geo-big data helps address

problems in the fields relating to geography, such as transportation, tourism, social

media and health.

2.1 Regional Taxi Flow Analysis

The taxi flow analysis has significant benefits to our lives. For example, it is

useful to the estimation of crime rates and it also helps reveal urban structure by

measuring human mobility behaviors. There are some research that focus on traffic

network, such as traffic dynamics and operational dynamics (Castro, 2013). For example,

the traffic congestion problems have been widely studied in traffic dynamics

(Momtazpour, 2015). Other issues, such as route planning and prediction, are included

in operational dynamics (Castro, 2013; Momtazpour, 2015). Compared with these

research, this study reveals the intra-urban or regional dynamics from place to place.

Castro et al. (2013) defined the dynamics as social dynamics. Social dynamics

includes characterizing clustered locations or identifying the mobility flows among

different regions (Castro, 2013; Momtazpour, 2015).

In this research, the incoming flow (inflow) refers to the destination and the

outflow refers to the origin. The research primarily studied the three patterns:
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Overall flow = inflow + outflow (1)

Netflow = inflow - outflow (2)

Outflow ratio = outflow / (inflow + outflow) (3)

OD-taxi flow exhibits the information, such as where people go, when they

start/arrive and the flow direction of each taxi trip. There are two example datasets of

the OD data and the research focus on point-based OD data (Guo et al., 2012):

 Point-based pairs: The ODs are recorded by the coordinates of

geographic locations and they are displayed as points on maps.

 Area-based pairs: The OD pairs exhibit the mobility flows from area to

area, e.g. the county-to-county migration data (Guo et al., 2012).

NYC, as one of the most prosperous cities in the world, consists of five

boroughs: Manhattan, Queens, Brooklyn, Bronx and Staten Island. And the two

airports (the LaGuardia Airport (LGA) and the John F. Kennedy International Airport

(JFK)) are located in Queens. The percentage of the trips starting or ending in both

Manhattan and the two airports to the entire taxi trips in NYC is over 95% in 2015,

and the percentage decrease of taxi trips from 2009 to 2015 is about 8.6% (NYC TLC

and NYC Planning). Although the number of taxi trips has declined, the total amounts

of taxi trips each year is still very large (about 200 million in 2015).

Some previous research have studied on the NYC OD-taxi flow data: 1)

Momtazpour et al. (2015) explored the taxi flow patterns in Manhattan in 2013. They

aimed to discover the hotspot locations in Manhattan and track anomaly locations at

different times through the technology of graph mining. This study contains three
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significant contributions (Momtazpour et al., 2015): a) establishing a novel

probabilistic flow graph to analyze each location’s traffic flows; b) finding out

anomalies through relevant anomalies detecting methods; c) rationalizing normal

locations through role extraction and role-change detection; 2) Peterson et al. (2014)

combined the OD-taxi flow data in 2013 with their predictive model to predict the

traffic congestion at a specific location during selected time periods. However, the

predictive and modeling result are not significant due to the R2 value. This paper has

three contributions (Peterson et al., 2014): a) exhibited the OD-taxi flow data as a

graph; b) not only predicted the congestion of a location, but also identified the

location’s contribution on traffic problems; c) successfully predicted the congestion of

a location at time t + 1 with the congestion data at time t; 3) Zhan et al. (2014)

focused on understanding and evaluating the efficiency of the urban taxi service. They

proposed an approach to find the suitable strategy to minimize the cost of vacant trips

and the number of empty taxis: the optimal matching and the trip integration (Zhan et

al., 2014). The paper built three scenarios by weekday and weekend to test the final

results and the results help the design of taxi recommendation or dispatching system

(Zhan et al., 2014).

2.2 Visualization

With the development of computer science, visualization has played an

increasingly important role in analyzing and mining meaning information. Visualization

contains different kinds of disciplines and background knowledge, such as engineering

computing, computer graphics, image processing and human-machine interface (Jia et
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al., 2016). Visualization not only displays data, but it also reveals the hidden patterns

behind the data.

There are three crucial requirements for visualization (Laumans, 2014): 1)

visualization should be accurate and prohibit distorting data; 2) it should make

different sets of data relevant and explain data in details and in a clear purpose; 3)

users can easily compare or find the differences in pieces of data through

visualization.

Based on these requirements, we should clean and filter the errors or the waste

data from the raw data firstly, then selecting those data that we want to analyze and

use the appropriate visualization methods to discover hidden meaning information,

next, display and summarize the visualization result with computers. In order to

interact with humans, animation has played an increasingly important role in

exhibiting the result of 3D-visualization.

As a result, the realization of visualization has seven important steps: data

acquisition, data analysis, data filtering, data mining, data display, data summary and

human-computer interaction (Jia et al., 2016).

2.2.1 3D-Visualization

Countless data from kinds of fields are collected every day. For example, the

OD-taxi flow data used in this research is collected from NYC TLC and the data is

still being updated. 2D-visuazliation shows data in 2D format, such as listing limited

data in a table or grouping them in a figure. 2D-visualization can achieve a good

exhibition of small-scale data, however, it is difficult to show large-scale data due to its
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limitations. 2D-visualization cannot satisfy the needs regarding data growth. How to

display large-scale data has become a great challenge. 3D-visualization displays data

in 3D image. With the arrival of Big Data era, it is becoming an incredibly significant

visualization and analyzing method for users and researchers. It not only provides a

better perspective than 2D-visalization, but it also helps more hidden values to be

discovered.

To the OD-taxi flow in NYC, Hodgin (2016) created a 3D-visualziation

system to show taxi trips. He combined the data with a 3D model of NYC obtained in

OpenStreetMap, each trip runs across erect buildings in realtime (Miscellaneous, 2016)

and we can easily figure out how the taxi trips run in real world from the visual

system. Brath et al. (2016) built a 3D-visualization system to primarily exhibit the

pick-ups and drop-offs in Manhattan. He used a vertical axis to represent the time of

day and plotted the OD locations on maps, from the 3D-visualization system (Brath et

al., 2016). We have an intuitive sense about how people move through the

high-dimensional results.

2.2.2 Geo-Visualization

Geo-visualization refers to the type of visualization relating to spatial locations and

displays spatial information as maps. It supports data exploration and decision-making on

spatial information with the participation of human (MacEachren et al., 1997; Jiang et

al., 2005; MacEachren et al., 2004). Besides exhibiting geo-data in a way with friendly

human-interaction, aesthetics is also the key factor to determining geo-visualization.

Geo-visualization requires sufficient cartographic knowledge and technologies to
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display geo-data, especially to those multi-dimensional data that vary over space and

time. Geo-visualization can be used in kinds of fields, such as public health and crisis

management (MacEachren et al., 2004).

Figure 2.1. An application of geo-visualization.

Figure 2.1 introduces an application of geo-visualization in transportation. The

visualization system is achieved by JavaScript and D3. D3 is one of the most popular

visualization libraries in JavaScript. D3 realizes geo-visualization by creating maps in

scalable vector graphics (SVG) container and we can easily achieve those functions

relating to maps, such as zoom in and zoom out based on SVG.

There are some research that establish geo-visualization frameworks regarding

geo-data analysis and the visualization of spatial information: 1) Ferreira et al. (2013)

primarily focused on the NYC OD-taxi flow data in 2009, 2011, and 2012,

respectively. This paper proposed a visualization system named “TaxiVis” to mining

the unknown and hidden information in the taxi trip data. The visualization system

contains four important components: storage manager, data filtering, visualization
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mapping and query generation. They not only designed a new visual query model to

simplify the selection of the OD-taxi flows and the result exploration, but also

integrated the model with other visualization units and solved the performance

problem of different spatial and temporal dimensions (Ferreira et al., 2013); 2) Jiang

et al. (2015) designed a new visual analysis framework including circular pixel graph,

the spatio-temporal stacked graph, the temporal orientation graph, the temporal

distance graph, and nested pixel bar to reveal human movement patterns by analyzing

large-scale OD-taxi flow data (Jiang et al., 2015). People can figure out their points of

interests (POIs) by a heat map obtained from the distribution of OD-taxi flow data and

taxi drivers’ choices of routes can be clearly detected by users (Jiang et al., 2015).

2.2.3 Multivariate Mapping

Multivariate mapping represents the visualization that integrates more than

two variables, such as different income levels of migrants or sex composition (Guo et

al., 2009). All the variables must be related. If there are only two variables, the

mapping is bivariate mapping. To complex geographic problems, multivariate

mapping can exhibit more information than univariate mapping that only has one

variable.

There are some prevalent methods to visualize more than one variable (Guo et

al., 2009): 1) scatter plots. Given a set of variables X1, X2, ..., Xk, the scatterplot matrix

contains k rows and k columns, a two-dimensional scatter plot is comprised of a pair

(row(s) and/or column(s)) in the matrix. For bivariate data, the information of two

variables consist of the coordinates or the positions of points on scatter plot. The
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value of each variable is placed on the horizontal axis or the vertical axis (Utts, 2005).

High-dimensional scatter plot, such as 3D scatter plot, is used to show multivariate

information; 2) pixel-oriented approaches. The concept of the method is to map the

data value of each data object to a pixel on screen and present as many data as

possible (Keim, 2000). There are two different arrangements for pixel-oriented

techniques: query-independent and query-dependent. Query-independent arranges

each data based on some attributes and gives color to each data value, and the

technology is helpful to those data that have natural sorting based on one attribute,

such as time series (Keim et al., 1996). If users want to obtain feedback to query,

query-dependent can serve as the purpose, the method calculates the distances from

each data value to the query value, combines the distances into an overall distance and

then visualizes data objects based on the overall distance (Keim et al., 1996); 3)

parallel coordinate plots (PCP). The plots contain several parallel vertical axis and there

is equally distance between each neighboring axis (Inselberg, 1985; Jin et al., 2009).

Each axis represents one unique variable, this technology is to exhibit multivariate

information by lines across each axis and each line is a data object (Jin et al., 2009).

Compared with other visualization methods that exhibit limited point sets, parallel

coordinates can better represent the relations of data for synthetic constructions

(Inselberg, 1990).

2.3 Spatial Statistics

Spatial statistics applies statistical methods to spatial data. Spatial statistics has

grown for many years with ups and downs, ultimately, geographers have formed a
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series of unique spatial statistical analysis methods to deal with different geographic

problems. Spatial statistics helps find meaningful information hidden behind geo-data

and it has been used in kinds of fields, such as transportation, health, social media and

tourism. Now it has become an important approach to mining spatial information and

it is also a hot research hot topic to geographic scientists.

Spatial statistics is based on the assumption that closer observations are related

to each other to some extent, both the selection of spatial weights matrix and

modifiable area unit problem (MAUP) have great influence on spatial statistics and

may lead to different analysis results, so all of these issues need further studies (Getis,

2005). Pearson correlation coefficient and linear regression are two classic statistical

methods, which are always utilized to explore spatial information. Traditional spatial

statistical methods have been employed in many ways, such as areal distributions,

spatial interaction and spatial correlation (Getis, 2005).

2.3.1 Applications

Currently, spatial statistics has faced a new opportunity and challenge

(Goodchild and Longley, 2005). With the development of GIS technology, spatial

statistics has been widely used with the availability of computer. Besides a mass of

observations, data and mathematical models are used to characterize georeferenced

units in static state (Anselin, 2005; Openshaw and Alvanides, 2005; Fischer, 2005;

Openshaw 1990; Openshaw, 1991), spatial statistical techniques should allow enough

interactions with the data, models, and users, for example, taking advantage of

visualization and direct data manipulation in data selection, deletion, rotation, and
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other transformations of data in modern GIS (Anselin, 2005).

The applications of new spatial statistics include, but not limit to: spatial

association, pattern analysis, scale and zoning, geostatistics, classification and spatial

sampling (Getis, 2005). The research would clearly and continuously introduce and

generalize the three included and significant applications: 1) spatial association is also

spatial autocorrelation. It reveals the degree of spatial dependence within observations.

Based on Tobler’s First Law of Geography (1970), the analysis of spatial association

is significant to discover the homogeneity and the heterogeneity in spatial patterns

(Getis, 2005). There are some popular indexes dealing with spatial association. For

example, Global Moran’s I (Moran, 1950), Geary’s C (1954), Getis-Ord’s General G

(1992). They focus on spatial homogeneity and the other three indexes emphasizing

spatial heterogeneity are Local Getis G (Ord and Getis, 1995), Local Moran’s I

(Anselin, 1995) and GWR (Fotheringham et al., 2002). More details about spatial

association would be discussed in methodology (LISA); 2) pattern analysis usually

examines point patterns or polygon patterns. For point patterns, points are distributed

in an area, such as residential locations, traffic accident and infectious disease. We

need to use specific spatial analysis methods, such as nearest neighbor analysis, to

detect how the points vary (distributed, clustered or random). The null hypothesis

usually assumes that geographic observations are independent and have no

relationships with each other. If we reject the null hypothesis, the observations are

significant at the statistical level and the spatial distribution would be distributed or

clustered. Otherwise, the observations would be randomly distributed and we cannot
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reject the null hypothesis. To polygon patterns, regions are connected with each other

and most of them would share the same boundaries. We can use the statistical

methods introduced in the last paragraph to explore polygon patterns. For example,

Global Moran’s I is used to reflect the overall changeable patterns and Local Moran’s

I helps reveal the polygon patterns within specific geographic locations; 3) spatial

sampling predicts the overall geographic object with smaller samples. Compared with

enumeration method, spatial sampling saves money and improves the speed to

obtaining the sampling result. However, spatial data always relies on each other and

they usually have spatial dependence. How to select an unbiased sample and obtain

independent observations is difficult (Getis, 2005). Based on the observations,

researchers should know the degree of dependence in spatial data (Getis, 2005).

Research on spatial sampling include, but not limit to (Getis, 2005): a) kernel

sampling (Quang, 1993); b) network sampling (Faulkenberry et al., 1991); c) strip and

stratified adaptive cluster sampling (Thompson, 1992); d) heterogeneous data

sampling (Griffith et al., 1994).

2.3.2 Software

There are several kinds of statistical software that can be used for many

applications, such as SAS and SPSS. The spatial analysis function of ArcGIS is also

very powerful, but some details relating to analysis models are not be displayed. For

example, for LISA, the scatter plot of Local Moran’s I and the detailed explanation of

each index are not shown in ArcGIS.

GeoDa, as a free and open-source software for exploratory spatial data
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analysis (ESDA), has been widely used among users. The software was developed by

a research group led by Dr. Anselin and it primarily focus on spatial statistics, such as

spatial autocorrelation statistics and spatial regression analysis (Anselin et al., 2005).

GeoDa has two components: the functional panel and GeoMap (see Figure

2.2). The functional panel provides the visualization (such as histogram, box plot, (3D)

scatter plot (matrix), non-parametric spatial autocorrelation) and spatial analysis for

geo-data (The GeoDa Center). We can also operate it to do the analysis over both

space and time dimensions (space-time analysis). GeoDa supports several kinds of

data formats, such as Shapefile, Geojson and kml. Compared with other spatial

statistic tools, GeoDa better presents the results of statistical tests or models through

the visualization tools (such as tables or figures) with maps (The GeoDa Center).

Figure 2.2. The interface of GeoDa.
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2.3.3 LISA and EOF

The study primarily used LISA and EOF to analyze the spatial-temporal

OD-taxi flow data in NYC. EOF is widely being used in climatology and meteorology.

To the best of the author’s knowledge, this is the first time that EOF is utilized to

explore taxi movement data. It divides the entire data into two different components:

spatial series and time series. Both spatial and time series describe how spatial data

varies over space and time. More details about LISA and EOF would be discussed in

methodology (the sections of LISA and EOF).

We review some previous research using the two spatial statistical methods: 1)

Zhang et al. (2008) utilized LISA to identify the pollution hotspots of Pb in urban

soils. In this research, they took the Galway City in Ireland as an example, and

identified the clusters and the outliers within each local region. The final result reveals

that a large area around the center of Galway City has the clusters with high level Pb

concentrations (Zhang et al., 2008); 2) Khamis (2012) discussed the relationship

between health and household economic status. He conducted the spatial

autocorrelation analysis for health and household economic status through LISA,

respectively (Khamis, 2012). Several significant clusters were identified from the

final results. However, due to the difference between the two patterns, the LISA still

cannot explain that household economy status has close relationship with health

(Khamis, 2012); 3) Hannachi (2004) applied EOF to extract the spatial-temporal

patterns of the monthly sea-level pressure (SLP) during the winter over the Northern

Hemisphere. The research displayed the first two eigenvalues. The first eigenvalue
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reveals the 21% and the second one explains the 13% information, respectively

(Hannachi, 2004). The first eigenvalue exhibited a high SLP over the North Pole and

the second eigenvalue showed detailed centers around the North Pacific and the North

East Atlantic (Hannachi, 2004).
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3 METHODOLOGY

3.1 Research Problem

First, this study focus on regional taxi flows. Regional analysis is useful to

reveal the patterns from place to place and exhibit the intra-urban connections.

Point-based OD taxi trip data is analyzed in this research. The origin represents

regional outflow and the destination means regional inflow. This type of data are

recorded by location-awareness devices installed on taxis, which contains no detailed

GPS information of taxi trajectories. It is entirely possible to collect large-scale

OD-taxi flow data by taxis. Although it is not difficult to conduct relevant research on

small-scale taxi flow data, dealing with such a large volume of data is still a problem.

With regards to this issue, the study needs to find appropriate processing and mining

methods to filter the raw data and discover the information hidden behind such big

geo-data.

In addition, NYC, as one of the most prosperous cities in the world, serves as a

hot research topic for many researchers. It is of great significance to explore

underlying spatio-temporal variations of NYC. Conducting thorough research on taxi

flows in both time and spatial dimensions can give us a better understanding of NYC

human mobility movements, taxi driver behaviors and even city structure. However,

some studies only picked up some regional parts (e.g. Manhattan) as research
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objectives or focus on the traffic network in NYC, they lack a complete and

systematic analysis to reveal the intra-urban or regional taxi flows.

3.2 Research Objectives

This research aims to thoroughly analyze the variation of taxi flows from three

aspects. Besides measuring the space-time pattern of the overall flow, the study also

separately measured the patterns of the netflow and the outflow through the

knowledge and methods of visualization and spatial statistics. It mainly has these

research objectives:

 To characterize the pattern of the overall flow over place and time.

 To identify the “source” areas and the spatio-temporal distribution of

these areas.

 To measure the general mobility direction of taxi flows in NYC.

 To determine the space-time dynamics of the outflow in NYC.

 To measure how the spatial pattern varies over years.

3.3 Research Questions

Based on the above research objectives, the study proposed these questions

and put forward the following corresponding assumptions:

 Are there clusters for the whole taxi flow volume in New York City? If

the answer is “yes”, where are they and how do these clusters change at

different times?

Hypothesis: the answer is “yes” based on some previous research.

Most of clusters are located at Manhattan and the two airports (LGA
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and JFK). Although there might have differences for the spatial

distribution of clusters at different temporal dimensions, Manhattan

and the two airports always have high taxi flows.

 Where are the “source” areas? And what is the spatial distribution of the

outflow in NYC?

Hypothesis: The “source” areas are those regions that have more

outgoing taxi flows than incoming flows. Most parts of Manhattan and

the two airports primarily serve as the “source” areas. The regions with

sub-high outflows might be located at those places surrounding

Manhattan and the airports. Besides these “source” areas, many

regions in NYC serve as the “sink” or the “zero-balance” areas. The

regions with high outgoing flows are mainly located at Manhattan and

the two airports and those regions with low outflows are distributed

within the entire NYC.

 How have those areas with high/low taxi flows changed over the years

(primarily comparing the pattern in 2015 with those in 2009 and 2012,

respectively)? Are these areas concentrated or distributed?

Hypothesis: Because the amount of the overall taxi flows from 2009 to

2015 has decreased. The areas with high taxi flows should also have

reduced. With the reduction of these areas, the spatial distribution of

the regions should tend to be concentrated and these concentrations

should be much closer to Manhattan, LGA and JFK over times.
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3.4 Study Area

NYC is a southeastern city in the state of New York. It contains the five

boroughs: Manhattan, Queens, Brooklyn, Bronx and Staten Island, and the two

airports (LGA and JFK) are located in Queens (see Figure 3.1) (NYC Planning).

Figure 3.1. NYC and its location in the state of New York.
(Data source: NYC Planning)

Figure 3.2 compares the population of the five NYC boroughs in two years.

From 2000 to 2010, Staten Island experienced the greatest increase (5.64%) and

Queens experienced the lowest growth (0.06%); Bronx, Manhattan and Brooklyn

have seen 3.94%, 3.17% and 1.60% increases in population, respectively (United

State (U.S.) Census, 2010; U.S. Census, 2000). As shown in Figure 3.3, Manhattan

covers roughly 22.83 square miles, which is the smallest borough in NYC. However,
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it has the greatest population density (69.46 thousand per square mile) among the five

boroughs (U.S. Census, 2010; U.S. Census, 2000).

In Figure 3.4, NYC has 2166 census tracts including LGA and JFK, Brooklyn

has the greatest number of census tracts (760) among the five NYC boroughs and

Staten Island has the lowest proportion (see Figure 3.5) (NYC Planning).

Figure 3.2. The population of NYC boroughs in 2000 and 2010.
(Data source: U.S. Census, 2010; U.S. Census, 2000)

Figure 3.3. The area and population density of the NYC boroughs.
(Data source: U.S. Census, 2010; U.S. Census, 2000)
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Figure 3.4. The census tracts of NYC. (Data source: NYC Planning)

Figure 3.5. The percent of census tracts in the five NYC boroughs.
(Data source: NYC Planning)
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3.5 Data Source

The data used in this research includes two parts: GIS data and the OD taxi

trip data. The GIS data was downloaded from the Department of City Planning in

NYC (NYC Planning). It contains two polygon shapefiles: boroughs and census tracts

(see Figure 3.1 and Figure 3.4). The OD taxi trip data was downloaded from the Taxi

& Limousine Commission (NYC TLC) in NYC. The study primarily analyzed the

yellow cabs’ taxi trip data in 2015 and compared the taxi trips with those in 2009 and

2012. Yellow cabs can travel all over NYC and they have no limited taxi zones like

blue cabs. The raw data is shown by CSV file. There are about 146.1 million taxi trips

in 2015 and the total size of the raw data is roughly 21.3GB (see Table 3.2) (NYC

TLC). The data contains almost 20 different information for each taxi trip including

pick-up time, drop-off time, pick-up latitude and longitude, drop-off latitude and

longitude, trip distance, passenger number and so on. This research picked up 6

parameters from the raw data: pick-up time, drop-off time, pick-up latitude and

longitude, drop-off latitude and longitude (see Table 3.1). The time of pick-up or

drop-off reveals the time when the meter was engaged. The longitude and latitude

records the geographic locations of pick-ups or drop-offs (NYC TLC).

Table 3.1. The two taxi trips’ examples of the selected 6 parameters
(Data Source: NYC TLC)

ID Pick-up
Time

Drop-off
Time

Pick-up
Longitude

Pick-up
Latitude

Drop-off
Longitude

Drop-off
Latitude

1 12/1/2015
0:00

12/1/2015
0:16 -73.97408 40.762913 -74.0128 40.702209

2 12/5/2015
0:40

12/5/2015
1:20 -74.00056 40.729946 -73.91867 40.765621
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Figure 3.6. The number of taxi trips in different months.
(Data Source: NYC TLC)

Table 3.2. The number of taxi trips and the size of raw data
(Data Source: NYC TLC)

Year Taxi Trips (million) Data Size (GB)
2015 146.1 21.3
2012 178.5 29.8
2009 170.9 28.8

This study divided the entire taxi trip data in 2015 into each one-hour segment

of one day. First, this study constructed 48 new csv files to separately save pick-up

and drop-off information in the raw data. The pick-up information including pick-up

time, the longitude, and the latitude were saved in 24 new csv files and the drop-off

information into the other 24 new csv files. For example, the research saved the

pick-up information between midnight and 1 a.m. into a new csv file named

“pickup_0_1”.

In addition, importing the information of the longitude and the latitude in the

csv files into ArcMap and saving these point data into shapefiles. This research used

the function of “Add XY Data” to add in the pick-up and the drop-off locations,
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respectively. X is the longitude and Y is the latitude.

Besides the origin and the destination of one taxi trip were located in NYC,

there were some erroneous pick-up and drop-off locations which are located outside

NYC. So this step was to remove those points and retain those located points. The

study utilized the function of “Clip” in ArcToolBox. The point shapefiles of pick-ups

and drop-offs were the input features and the clip features were the polygon shapefiles

of boroughs or census tracts. Figure 3.7 exhibits an example of the final clipped

results. Red color represents pick-ups and blue color exhibits drop-offs.

Lastly, the study separately integrated the entire number of pick-ups and

drop-offs into different census tracts and then the average daily number of them were

calculated and the information were saved in the shapefiles of NYC census tracts.

This research used the function of “Spatial Join” to calculate the average amount of

pick-ups or drop-offs every one hour in each census tract (see Table 3.3). It is the

same to obtain the monthly pick-ups and drop-offs over years (Table 3.4 and Table

3.5).
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Table 3.3. Average daily pick-ups and drop-offs in each census tract (2015)

Time
Pick-ups Drop-offs

Max Mean Std. Dev. Max Mean Std. Dev.
0-1 367.81 6.94 28.51 280.5 7.47 21.37
1-2 279.64 5.12 21.82 187.99 5.52 15.12
2-3 265.86 3.76 17.43 147.82 4.01 10.82
3-4 228.49 2.74 13.53 81.89 2.87 7.42
4-5 138.88 2.04 8.73 141.64 2.19 6.11
5-6 182.4 1.9 7.9 273.51 1.78 8.9
6-7 475.98 4.06 18.87 336.18 3.53 18.13
7-8 579.31 6.73 27.41 469.32 6.08 30.02
8-9 498.32 8.17 31.93 440 7.74 34.12
9-10 534.92 8.38 33.49 565.52 8.38 36
10-11 585.64 8.27 33.96 475 8.24 33.63
11-12 553.67 8.59 35.41 448.38 8.38 33.2
12-13 538.9 8.98 36.74 441.64 8.95 34.81
13-14 522.59 8.94 36.82 440.79 8.83 34.12
14-15 573.53 9.22 38.55 512.66 9.01 34.79
15-16 596.8 8.8 37.18 513.76 8.91 33.94
16-17 592.27 7.68 33.05 453.94 7.91 29.66
17-18 634.89 9.12 37.86 435.46 8.53 30.72
18-19 631.57 10.89 44.1 489.11 10.73 37.84
19-20 616.93 11.23 45.82 537.81 11.48 40.03
20-21 600.8 10.6 43.85 515.84 10.77 35.98
21-22 661.73 10.55 44.42 459.97 10.52 33.89
22-23 610.04 10.15 42.71 418.12 10.22 31.94
23-24 580.32 8.88 37.36 344.75 9.21 27.57
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(a) Pick-ups

(b) Drop-offs

Figure 3.7. An example of the pick-up and drop-off locations.
(Data Source: NYC TLC)
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Table 3.4. Descriptive statistics of pick-ups in each census tract per month

Month
Pick-ups (thousands)

2009 2012 2015
Max Mean Max Mean Max Mean

1 329.67 6.37 336.52 6.73 313 5.77
2 309.57 6.05 322.47 6.73 292.69 5.63
3 345.1 6.52 365.43 7.26 337.97 6.04
4 333.81 6.47 340.87 6.96 317.29 5.93
5 273.63 5.37 337.15 6.98 325.16 5.98
6 346.42 6.44 337.32 6.77 314.52 5.6
7 301.93 5.38 345.36 6.45 320.32 5.26
8 309.02 5.38 350.11 6.44 319.58 5.06
9 332.05 6.34 329.41 6.53 293.76 5.11
10 355.17 7.07 313.92 6.55 320.42 5.6
11 342.52 6.44 298.34 6.22 302.84 5.14
12 283.81 5.27 336.01 6.64 300.37 5.21

Table 3.5. Descriptive statistics of drop-offs in each census tract per month

Month
Drop-offs (thousands)

2009 2012 2015
Max Mean Max Mean Max Mean

1 305.95 6.36 303.8 6.71 276.99 5.76
2 287.33 6.04 296.13 6.71 251.97 5.62
3 322 6.51 331.96 7.24 288.44 6.03
4 307.61 6.46 306.33 7.94 273.56 5.91
5 256.19 5.36 301.35 6.96 273.01 5.96
6 325.83 6.44 307.98 6.75 273.95 5.59
7 291.57 5.38 309.12 6.43 279.51 5.25
8 298.64 5.37 310.24 6.42 272.15 5.05
9 314.64 6.33 283.48 6.51 245.67 5.09
10 330.4 7.06 268.95 6.53 260.72 5.59
11 319.13 6.43 240.76 6.2 247.69 5.13
12 269.51 5.27 300.74 6.62 261.41 5.19
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3.6 Research Methods

3.6.1 LISA

Exploring the spatio-temporal autocorrelation can be useful to understanding

the dynamics of taxi flows. Besides the spatial dependence, the spatio-temporal

analysis still needs to take the temporal correlation into consideration (Gao, 2015),

which means that observations are not independent at regular time intervals. In this

research, time interval is each one-hour segment in a day and the study tried to find

the spatial correlation of taxi flows along time series. In statistics, the autocorrelation

describes the correlation of a random variance varies over times. It can be expressed

as:
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Where s and tmean two different times. E is the expected operator. X is the

mean of an observation and is the variable at different times.

If we want to understand what the spatial pattern is in a general study area,

Global Moran’s I (1950) is one of the most popular methods for this test. If the value

of Global Moran’s I is close to 1, it indicates high values near high values and low

values near low values; if the value equals to 0, there is no pattern; if the value is

close to -1, it means that high values near low values. It is expressed as:
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Where ijw is the spatial weight between feature i and j; n is the total number of

features; 0S is the sum of all the spatial weights; x is the mean of the x variable.

Other widely used methods are Geary’s C (1954) and Getis-Ord’s General G

(1992). Global analysis emphasizes the homogeneity in a given region. However,

sometimes we want to know whether there are clusters around a single location and

where they are in a local area. Here, local analysis helps realize the purpose and it

emphasizes the heterogeneity of an area.

LISA can be established to explore the local patterns of spatial association

(Anselin, 1995). It is not only helpful to indicate the spatial autocorrelation (severing

as local indices) for a given location, but it also indicates the current land use by

identifying “hot areas” and this would be helpful for government decision making

(Gao, 2015).

There are four different outputs for LISA that is calculated by Local Moran’s I:

a local Moran’s I value, z score, p-value and COType. A positive local Moran’s I

value indicates that a feature has the neighboring features with similarly high/low

values. A negative value indicates the feature has the neighboring features with

dissimilar values. In either instance, in order to be considered statistically significant,

p-value should be small enough. For example, if statistical significance is set at the

0.05 confidence level, p-value should be smaller than 0.05. If p-value is larger than

0.05, there is no significant difference. COType describes the spatial association for

each feature and it has four different types: HH, HL, LH and LL. HH/LL means a

feature (cluster) has high/low observations and its surrounding features also have
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high/low observations. HH and LL exhibit high-to-high/low-to-low clusters. HL/LH

shows a feature (outlier) has high/low value but its surrounding features have

low/high values. HL and LH reveal high-to-low/low-to-high outliers.

3.6.2 EOF

EOF is put forward by Pearson (1901) and it is a good method to explore the

spatio-temproal variation within observations. The method is widely used in the

researches on meteorology and climatology. EOF is concentrating on the main

information and eliminates high-frequency interference. To a large area, we can easily

focus on the significant patterns through EOF. Its result has two parts: spatial series

and time series. Spatial series exhibits how spatial pattern is and time series shows

whether the spatial pattern becomes strong or weak over times. If the value in time

series increases, it means that the spatial distribution in spatial series becomes

stronger over times.

The research focus on the daily taxi outflow pattern each one-hour segment.

The matrix F is used to present the 24 average outflow ratios during a day:
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Where m = 24 (hour); n = 2166 (census tracts); i = 1, 2, ..., m ; j = 1,

2, ..., n ; f is the value of the outflow ratio at different times and in different tracts.

Then calculating the covariance matrix, A:
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Where h= 1, 2, ..., n; 
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Next, obtaining the eigenvalues ( 1 , 2 , ..., n ) and the corresponding

eigenvectors (V ) from the matrix A .

FVT T (9)

Where T reveals the time coefficient for each eigenvector. TV is the

transposed matrix of V .

F can be expressed by T and S :
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Where S is the spatial function of each eigenvector.

The last step is to calculate the variance contributions and their accumulations.

The study chose those vectors that their accumulation is over 85%, and then

established the spatial series and the time series of each vector to show the main

information.

3.6.3 SOMVIS

Some geographic problems would be very complicated and always require

more than one variable. How to discover, interpret, and present the patterns hidden

behind these geographic problems is of great importance (Guo et al., 2005).

The study conducted the analysis on regional taxi flows over space and time

dimensions (variables). In order to interpret and present more than one variable in a

single map, this research used SOMVIS (a multivariate mapping tool) to integrate
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different variables. SOMVIS (Guo et al., 2005; Guo et al., 2006) is an integrated tool

that combines the three visualization components (see Figure 3.8): Self-organizing

maps (SOM), PCP and GeoMap.

Figure 3.8. The interface of SOMVIS. (Data Source: Guo et al., 2005)

As shown in Figure 3.9 (a), each node represents a cluster and a hexagon lies

behind each node. A SOM seeks to generate fewer neighboring clusters and nearby

clusters are similar to each other (Knhonen, 2001; Jin et al., 2009). It serves as the

classification and clusters are given unique colors. Each unit in different clusters are

assigned unique colors, however, nearby clusters always have similar colors because

these clusters are similar to each other (Jin et al., 2009). The darkness/lightness of the

hexagon behind each node represents the similarity of the node with other nearby

nodes. If the layer of a hexagon is dark, it means that the node before it is different to

other neighboring nodes (Jin et al., 2009).
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(a) SOM

(b) PCP

Figure 3.9. An example of SOM and PCP. (Data Source: Guo et al., 2005)
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In Figure 3.9 (b), the vertical lines are parallel and equally spaced (Inselberg,

1985; Jin et al., 2009). Each line represents a variable. In this study, the variables are

the 12 months in one year. The PCP shows all the information in two aspects: the

cluster level and the data item level, and the thickness of each line is of direct

proportion with the size of each cluster (Jin et al., 2009). Figure 3.9 (b) reveals the

data at the cluster level. A PCP tells us the meaning of each cluster/the total data items

at different variables.

The GeoMap shows the result of multivariate mapping and it relies on the

SOM component to provide identifying colors and the PCP component to provide the

meanings of each cluster (Guo et al., 2005).
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4 RESULTSANDANALYSIS

In this section, the research would summarize the results to understand the

space-time dynamics of taxi flows relying on the methods and technology of spatial

statistics and visualization.

LISA was utilized to explore whether there are clusters and where they are in

NYC based on the overall taxi flows. In addition, the study visualized the “source”,

the “sink”, and the “zero-balance” areas in 3D-GIS environment. Then it examined

the dynamics of taxi flows in each district and the two airports (LGA and JFK) by the

netflow ratio. In order to extract the primary information in NYC taxi trip data with

large volume, EOF was used to find the important patterns. Lastly, using SOMVIS to

extract and compare those regions with high/low taxi outflows in 2015 with those in

2009 and 2012, respectively.

4.1 Overall Flow Patterns

The overall flow describes the taxi flow volume in different regions. It reveals

how the entire taxi flows change from place to place and from time to time in NYC.

Table 4.1 summarizes the descriptive statistics of the overall flow. From Table 4.1, the

mean of the overall flow starts declining from midnight and reaches its lowest value

during 5 a.m.-6 a.m., and it increases sharply and meets a high level after 6 a.m.-7

a.m.



40

The result of LISA exhibits four different clusters and outliers. This research

set the 0.05 confidence level and used the result of COType to show the spatial

associations. As shown in Figure 4.1, the 24 images show the overall flow patterns

each one-hour segment. Red color represents high-high clusters. Each census tract in

the clusters has high taxi flows.

We find from Figure 4.1 that the clusters are almost located in the downtown

and the midtown of Manhattan. Yellow color means high-low outliers. LGA has high

outflows at most time segments except from 1 a.m. to 4 a.m. And JFK has low

outflows from 2 a.m. to 4 a.m. The time periods for the two airports are almost

overlapped. The information tells us that the two airports have high taxi flows but

people’s movements are not frequent in early morning. Blue color means low-high

outliers. Some regions between Manhattan and Queens have low taxi flows. There are

no low-low clusters in NYC over space and time (shown by black color). The overall

taxi flow patterns exhibited in many regions are not significant at the statistical level

(shown by white color) and their distributions are random.
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Table 4.1. Descriptive statistics of the overall flow in each census tract

Time
Overall flow

Max Mean Std. Dev.
0-1 561.98 14.42 48.45
1-2 411.75 10.64 35.94
2-3 338.18 7.77 27.17
3-4 285.22 5.61 19.85
4-5 164.82 4.23 13.72
5-6 358.72 3.68 15.38
6-7 756.66 7.58 34.07
7-8 939.91 12.81 53.75
8-9 853.05 15.91 63.65
9-10 945.63 16.76 67.43
10-11 971.58 16.5 66.29
11-12 1002.05 16.97 68.01
12-13 980.54 17.92 71.18
13-14 963.38 17.77 70.6
14-15 1021.51 18.23 72.98
15-16 982.87 17.71 70.68
16-17 940.34 15.59 62.15
17-18 906.19 17.65 67.78
18-19 1040.11 21.63 80.92
19-20 1152.46 22.7 84.23
20-21 1077.44 21.37 77.76
21-22 1055.46 21.06 75.8
22-23 983.87 20.37 72.03
23-24 766.27 18.09 62.41
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Figure 4.1. The LISA result of the overall flow during a day.
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Figure 4.1. The LISA result of the overall flow during a day (continued).
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4.2 Netflow Patterns

The netflow reveals the “source-sink” structure (Liu et al., 2012) in NYC and

how the structure varies over times. From Table 4.2, although the max and the min

make great differences, the mean are almost the same and approximately equal to 0 at

different times.

Three different types of regions were visualized in 3D-GIS environment,

“source” areas mean those regions that the outflows are greater than the inflows,

“sink” areas are those areas that the inflows are greater than the outflows,

“zero-balance” areas’ outflows equal to the inflows (Liu et al., 2012; Gao, 2015).

The value of the netflow would be the height of each census tract. For each census

tracts (Gao, 2015): 1) if the value is less than 0, it is a “source” area and it is shown

beyond base height; 2) if the value is greater than 0, it is a “sink” area and it is shown

below base height; 3) if the value equals to 0 and it has no height.

As shown in Figure 4.2, red color represents the “source” areas, yellow color

represents the “sink” areas and blue color means the “zero-balance” areas. There are

two 3D-views to exhibit the data (Gao, 2015). From the top view, the “source” and the

“zero-balance” areas are clearly displayed, and the bottom views at the top-left sides

of the images give us a better understanding of the “sink” areas (Gao, 2015).

We can see from Figure 4.2 that many regions are the “sink” areas during a

day. However, besides some parts of Manhattan (the southern areas which are apart

from Central Park) and LGA sever as the “sink” areas from 4 a.m. to 8 a.m., the

netflows in other regions are very low. To JFK, it primarily serves as a “source” area
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except from 4 a.m. to 5 a.m. The outflow of JFK decreases from midnight and reaches

its lowest value during 4 a.m.-5 a.m. After that, the value generally increases until the

end of a day and reaches its peak at late night. Besides Manhattan and the two airports,

some other regions along the routes betweenManhattan and the two airports, such as

Queens Blvd, also serve as the “source” areas especially from 5 a.m. to 13 p.m. The

“Zero-balance” areas are almost located in Staten Island and the regions near JFK.

Table 4.2. Descriptive statistics of the netflow in each census tract

Time
Netflow

Max Min Mean Std. Dev.
0-1 66.12 -349.93 0.53 13.87
1-2 40.48 -175.75 0.39 10.84
2-3 37.47 -193.54 0.25 10.17
3-4 32.18 -181.34 0.13 9.05
4-5 135.84 -112.95 0.15 6.22
5-6 262.06 -76.29 -0.12 6.84
6-7 316.74 -195.29 -0.53 14.44
7-8 332.03 -218.7 -0.65 20.38
8-9 304.07 -143.58 -0.44 17.8
9-10 374.64 -195.33 -0.003 16.98
10-11 288.67 -292.53 -0.03 13.19
11-12 151.42 -241.82 -0.21 9.33
12-13 87.92 -179.86 -0.03 7.5
13-14 69 -218.3 -0.1 7.53
14-15 48.06 -257.24 -0.2 8.21
15-16 44.64 -260.32 0.11 8.57
16-17 58.72 -260.89 0.23 9.04
17-18 26.36 -363.58 -0.58 12.61
18-19 90.19 -414.84 -0.16 14.3
19-20 136.94 -505.92 0.25 17.6
20-21 92.74 -555.71 0.16 19.69
21-22 111.12 -643.72 -0.03 22.29
22-23 115.76 -600.04 0.06 22.33
23-24 93.85 -571.87 0.32 20.43
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Figure 4.2. The 3D visualization of “source”, “sink” and “zero-balance” areas.
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Figure 4.2. The 3D visualization of “source”, “sink” and “zero-balance” areas (continued).
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In order to get a better understanding of the patterns, this study standardized

the netflow to the netflow ratio. The range is from -1 to 1. For each time segment, the

max is 1 (not shown in Table 4.3), which means that there are always one or more

than one census tracts have no outflows. And also for some census tracts, their inflows

are 0 during special time periods.

Table 4.3. Descriptive statistics of the netflow ratio in each census tract

Time
Netflow Ratio

Min Mean Std. Dev.
0-1 -1 0.74 0.3
1-2 -0.91 0.73 0.3
2-3 -0.81 0.72 0.29
3-4 -0.75 0.71 0.29
4-5 -1 0.68 0.32
5-6 -0.75 0.61 0.4
6-7 -0.84 0.55 0.45
7-8 -0.87 0.52 0.45
8-9 -1 0.55 0.43
9-10 -0.75 0.6 0.39
10-11 -0.64 0.64 0.37
11-12 -1 0.65 0.35
12-13 -1 0.65 0.34
13-14 -1 0.66 0.33
14-15 -0.67 0.66 0.33
15-16 -1 0.68 0.32
16-17 -0.68 0.69 0.32
17-18 -0.73 0.67 0.33
18-19 -0.65 0.7 0.31
19-20 -1 0.73 0.31
20-21 -0.86 0.74 0.3
21-22 -0.95 0.75 0.3
22-23 -0.97 0.75 0.3
23-24 -1 0.75 0.3
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The research used the time-series plot to display the netflow ratio of each

census tract. Because there are 2166 census tracts, it is difficult to figure out useful

patterns only from one plot, so the research divided the result of each census tracts

into the five boroughs (see Figure 4.3).

From Figure 4.3, besides the two airports, many census tracts’ inflows are

greater than the outflows at different times. The inflows of almost all census tracts in

Bronx and Staten Island are greater than the outflows. To JFK and LGA, their inflows

are greater than the outflows from 3 a.m. to 9 a.m. From 3 a.m., the netflow ratios of

some census tracts in Brooklyn, Queens and Manhattan start dropping and reach their

lowest value around 7 a.m. or 8 a.m. Compared with the two airports, they exhibit

completely different patterns during the same time periods. To Manhattan, the

incoming and outgoing taxi flows for most census tracts reach a state of balance after

9 a.m.
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(a) Airports (b) Bronx (c) Brooklyn

(d) Manhattan (e) Queens (f) Staten Island

Figure 4.3. The netflow ratio of each census tract by the five boroughs.
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4.3 Outflow Patterns

4.3.1 Daily Patterns

The study utilized the outflow ratio to reveal the outflow patterns. The outflow

ratio not only exhibits those regions which have high outgoing flows but it also

reflects other regions with high incoming flows. Table 4.4 describes the descriptive

statistical results of the outflow ratio over times. Figure 4.4 exhibits the smoothing

result of outflows. We can see from Figure 4.4 that how the patterns change over

space and time, and the differences between the spatial patterns at different times are

very small.

First, the study used Global Moran’s I to measure the degree of spatial

autocorrelation in NYC. Its result includes three parameters: the value of Moran’s I,

p-value and Z score. The range of Global Moran’s I is from -1 to 1. If the value is

positive, it means that for a given region, high values near high values and low values

near low values; if the value is close to 1, the pattern becomes much stronger; if the

value is negative, it represents high values near low values; if the value is close to -1,

the opposite distribution is strong; if the value of Moran’s I is 0, there is no any

patterns and the spatial distribution is random. As shown in Table 4.5, p-values are

very small at different times, which mean the values of Moran’s I are significant at the

statistical level. NYC exhibits a strong positive spatial autocorrelation, which shows

that those regions with high outgoing flows are always clustered over times.
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Figure 4.4. The smoothing result of the outflow ratio.
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Figure 4.4. The smoothing result of the outflow ratio (continued).

12-13PM 13-14PM 14-15PM

15-16PM 16-17PM 17-18PM

18-19PM 19-20PM 20-21PM

21-22PM 22-23PM 23-24PM



54

Table 4.4. Descriptive statistics of the outflow ratio in each census tract

Time
Outflow Ratio

Max Mean Std. Dev.
0-1 1 0.13 0.15
1-2 0.96 0.13 0.15
2-3 0.91 0.14 0.15
3-4 0.87 0.14 0.15
4-5 1 0.16 0.16
5-6 0.88 0.19 0.2
6-7 0.92 0.22 0.23
7-8 0.94 0.24 0.22
8-9 1 0.22 0.21
9-10 0.88 0.2 0.2
10-11 0.82 0.18 0.18
11-12 1 0.17 0.18
12-13 1 0.17 0.17
13-14 1 0.17 0.17
14-15 0.83 0.17 0.16
15-16 1 0.16 0.16
16-17 0.84 0.16 0.16
17-18 0.87 0.17 0.16
18-19 0.83 0.15 0.16
19-20 1 0.14 0.15
20-21 0.93 0.13 0.15
21-22 0.97 0.12 0.15
22-23 0.98 0.13 0.15
23-24 1 0.13 0.15
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Table 4.5. The spatial autocorrelation testing result of the outflow ratio

Time Interval Global Moran’s I Z score p-value
0-1 0.684558 194.706771 < 0.0001
1-2 0.673775 191.633588 < 0.0001
2-3 0.651568 185.342099 < 0.0001
3-4 0.612204 174.148973 < 0.0001
4-5 0.613722 174.529403 < 0.0001
5-6 0.582677 165.634114 < 0.0001
6-7 0.541468 153.910492 < 0.0001
7-8 0.490091 139.311601 < 0.0001
8-9 0.505009 143.558015 < 0.0001
9-10 0.564226 160.384395 < 0.0001
10-11 0.586836 166.802732 < 0.0001
11-12 0.580494 165.013647 < 0.0001
12-13 0.583336 165.812198 < 0.0001
13-14 0.588336 167.237704 < 0.0001
14-15 0.581624 165.329707 < 0.0001
15-16 0.564282 160.424928 < 0.0001
16-17 0.55992 159.177755 < 0.0001
17-18 0.560078 159.218903 < 0.0001
18-19 0.605467 172.141684 < 0.0001
19-20 0.625933 177.992948 < 0.0001
20-21 0.64821 184.345159 < 0.0001
21-22 0.661575 188.165314 < 0.0001
22-23 0.674824 191.929761 < 0.0001
23-24 0.683636 194.446344 < 0.0001

Note: at the 0.05 confidence level
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Next, the research utilized EOF to extract the main information and

simultaneously obtained spatial series and time series. In Table 4.6, the variance

contribution of the first vector is 80.51% and of the second vector is 8.03%. Their

accumulation is 88.54% (over 85%). So this study chose the first and the second

vectors to explore the spatio-temporal variation. The first vector describes the main

spatial patterns of the outflows and the second vector reveals the detailed patterns that

cannot be discovered in the first vector. The contours of the values obtained from the

first two vectors shown in Figure 4.6 also reflect that the first vector exhibits the main

information and the second vector shows the partial spatial distribution. Figure 4.5

shows the two different multivariate mapping results by SOMVIS. Figure 4.5 (a)

exhibits the outflow ratio each one-hour segment and Figure 4.5 (b) represents the

integrated result by the first and the second vectors obtained from EOF. As shown in

the two figures, they almost reveal the same clustering patterns. And the result also

reflects the first two vectors can display almost all the information.

Table 4.6. The variance contributions and their accumulations of the first five vectors

Vector 1 2 3 4 5
Variance contribution (%) 80.51 8.03 2.97 1.24 1.05

Accumulation (%) 80.51 88.54 91.51 92.75 93.8

Figure 4.7 reveals the spatial series and the time series of the first vector. As

shown in Figure 4.7, JFK and some regions near it have the highest outgoing flows.

The large parts of Manhattan and LGA have sub-high outflows. To the entire NYC,

most areas’ outflows are very low, especially for Staten Island. From the time series in

Figure 4.7, it concludes that the spatial pattern shown in the figure becomes weaker

from 0 a.m. to around 4 a.m., then the pattern becomes stronger until 7 a.m., which
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means the differences between those regions with high outflows and the other areas

with low outflows increase. After 8 a.m., the spatial pattern is becoming weaker again.

Because the spatial differences are very small, the overall trend for the spatial

distribution shown in Figure 4.7 (a) is strong.

Table 4.7 shows that the correlation coefficient of the first vector to the

outflow ratio in each census tract. The table reveals that the first vector has strong

correlation with the outflows and it can exactly reflect the daily spatial patterns.

Figure 4.8 exhibits the spatial series and the time series of the second vector.

The vector shows the partial distribution patterns. From Figure 4.8 (a), the regions

with high outflows are distributed. To Staten Island, the regions with the highest

outflows are Mariner’s Harbor and West New Brighton. To Brooklyn, the high

outflows are distributed in Carroll Gardens, Brooklyn Heights and other areas along

Ocean Pkwy and Belt Pkwy. To Queens, some high outflow regions near LGA and

other of them concentrate along Queens Blvd and Woodhaven Blvd. Combined with

Figure 4.8 (b), from 6 a.m. to 14 p.m, the value is positive, it varies greatly and

reaches its peak around 8 a.m. It reveals that the outflow changes greatly in the entire

NYC. The distribution pattern shown in Figure 4.8 (a) becomes stronger until 8 a.m.

During 0 a.m.-5 a.m. and 14 p.m.-midnight, the value shown in Figure 4.8 (b) is

negative and the spatial difference decreases. The spatial pattern shown in Figure 4.8

(a) might be broken during the two time periods, which means that the outflows in

some other regions start to exceed those regions which had high outflows.
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(a) The total variances

(b) The first two vectors

Figure 4.5. The comparison of the total variation with the first two vectors.
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Figure 4.6. The contours shown by the first two vectors.
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(a) The spatial series

(b) The time series

Figure 4.7. The spatial series and the time series of the first vector.
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Table 4.7. The correlation coefficient of the first vector to the outflow ratio

Time Interval Pearson
0-1 0.885
1-2 0.877
2-3 0.841
3-4 0.817
4-5 0.847
5-6 0.911
6-7 0.89
7-8 0.865
8-9 0.87
9-10 0.901
10-11 0.92
11-12 0.928
12-13 0.928
13-14 0.932
14-15 0.934
15-16 0.925
16-17 0.917
17-18 0.916
18-19 0.925
19-20 0.905
20-21 0.902
21-22 0.897
22-23 0.899
23-24 0.892

Note: at the 0.05 confidence level
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(a) The spatial series

(b) The time series

Figure 4.8. The spatial series and the time series of the second vector.
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4.3.2 Patterns over Years

To the spatio-temporal data, the problem of different time resolutions should

be considered. In order to measure the integrated pattern each year, the research

selected the outflow data collected in 12 months of one year as the variables. Then

this study used SOMVIS to explore how the regional outflow pattern changes over

years.

Table 4.8 describes the descriptive statistics of the outflows. It reflects that the

mean value of the outflow ratio decreases from 2009 to 2015. The maximum values at

different months are almost the same in 2009. The differences between the maximum

values at different months become larger from 2012 to 2015. The differences of all the

outflow ratios also become larger from 2009 to 2015 based on the max and the mean

results.

The SOMVIS was used to select and extract the clusters with high/low

outflow ratio in 2009, 2012, and 2015. The extracted and highlighted results are

shown in Figure 4.9. The figure just shows the GeoMap, and the SOM and the PCP

would not be compared in this section. For each year, the regions with high outflows

are clustered. They are almost located in Manhattan, the two airports, and the areas

between Manhattan and the two airports (Most of them are located in Queens). Other

regions with low outflows were much distributed. From 2009 to 2015, the regions

with high outflows are much clustered. However, those areas with high inflows

increase and become much distributed.
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Table 4.8. Descriptive statistics of the outflow ratio over years

Month
Outflow Ratio

2009 2012 2015
Max Mean Max Mean Max Mean

1 0.84 0.2 0.82 0.19 0.76 0.16
2 0.84 0.2 0.81 0.2 0.76 0.16
3 0.81 0.19 1 0.19 0.77 0.16
4 0.82 0.19 0.76 0.19 1 0.15
5 0.82 0.2 0.79 0.19 0.89 0.15
6 0.82 0.21 1 0.19 1 0.15
7 0.82 0.21 0.77 0.18 1 0.15
8 0.81 0.21 0.79 0.18 1 0.15
9 0.81 0.22 0.79 0.18 0.8 0.15
10 0.81 0.23 0.79 0.17 0.79 0.15
11 0.82 0.23 0.78 0.17 0.8 0.15
12 0.8 0.21 0.77 0.17 0.79 0.15
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(a) 2009_high (b) 2009_low

(c) 2012_high (d) 2012_low

(e) 2015_high (f) 2015_low

Figure 4.9. The SOMVIS result of the high and low outflows by years.
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5 DISCUSSIONAND CONCLUSION

Combing the knowledge and methods of visualization and spatial statistics,

this research examined the spatio-temporal variation of the overall taxi flows in NYC,

as well as how the outflow and the netflow patterns change in both spatial and

temporal dimensions.

To the best of the author’s knowledge, this study is among very few research

projects which have done a complete and systematic analysis of regional taxi flow

patterns based on the NYC OD-taxi flow data. The research used the OD taxi trip data

downloaded from NYC TLC. The large OD taxi trip data can be utilized to examine

the variation of regional taxi flows and it has great potential to be dig out meaningful

information.

In this research, several methods were utilized to achieve the goals: 1) LISA,

as a popular spatial statistical method, was used to measure the patterns of the overall

taxi flow in NYC. Its result describes the geographic distribution of clusters and

outliers from the statistical level. And it includes four different types of clusters and

outliers: HH, HL, LH and LL. If an observation is not significant, it would be

identified as “not significant”; 2) the study visualized the “source”, the “sink”, and the

“zero-balance” areas in 3D-GIS environment. From the visualization result, we can

clearly figure out where or which regions serve as the “source” areas (with high
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outflows) and how these regions vary over space and time. Additionally, in order to

get a better understanding of the patterns, this study also used the time-series plot to

exhibit the netflow ratio per census tract; 3) NYC shows different taxi flow patterns

upon different time bias. The patterns are not independent with each other. As a result,

some of them would have duplicate information. EOF can divide the overall pattern

into several independent vectors and eliminate redundancies. Different vectors

represent different information and we choose one or more than one vectors that their

accumulation is over 85% to represent complex geographic problems. This research

used EOF to discompose the daily outflow ratio into spatial series and time series.

From the results of EOF, it is explicit to figure out the important variation; 4) Based

on the problem of time bias, the research also used SOMVIS to integrate the variables

(12 months for a year) into fewer clustering results. SOMVIS is a useful multivariate

mapping tool to interpret complex geographic problems. It has three visualization

components: SOM, PCPand GeoMap. This study extracted the high/low outflows in

2009, 2012, and 2015, respectively, and then compared the difference of the

space-time dynamics between them.

Combined with the qualitative and quantitative methods, this study concluded

the analysis results that:

 The downtown and the midtown of Manhattan always have high taxi

flows during a day. LGAalso has high taxi flows at most time segments

except from 1 a.m. to 4 a.m. JFK has low flows from 2 a.m. to 4 a.m. and

some small regions near Manhattan, which are located in Queens, also
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have low flows. The overall taxi flow patterns exhibited in many

regions are not significant at the statistical level and their distributions

are random.

 Many regions in NYC are the “sink” areas with negative netflows and

JFK primarily serves as the “source” area during a day. Some parts of

Manhattan (the southern areas which are apart from Central Park) and

LGA usually sever as the “source” areas except from 4 a.m. to 8 p.m.

Some other regions along the routes between Manhattan and the two

airports, such as Queens Blvd, also serve as the “source” areas

especially from 5 a.m. to 13 p.m. To JFK and LGA, their inflows are

greater than the outflows from 3 a.m. to 9 a.m. while the netflows of

many other census tracts decline during the same time periods.

 JFK and some regions near it have the highest outflows. The large parts

of Manhattan and LGA have sub-high outflows. To the entire NYC, the

outflows in most areas are very low. The spatial distribution becomes

stronger from 4 a.m. to 7 a.m. There are also other sub-regions with

high outflows, which are located in the five boroughs. Most of them are

distributed along the routes, such as Ocean Pkwy, Belt Pkwy, Queens

Blvd and Woodhaven Blvd, and the spatial distribution are strong from

6 a.m. to 14 p.m.

 From 2009 to 2015, the regions with high outflows become much

clustered and they are almost located in Manhattan, the two airports
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and the areas between Manhattan and the two airports (most of them

are located in Queens). However, those areas with low outflows

increase and become much distributed over years. However, they are

much concentrated around JFK.

The study has its significance from two aspects: 1) to the methods, this study

gives a complete and clear understanding of the dynamics of taxi flows from place to

place based on two different temporal resolutions (daily and year-level). The analysis

results reveal that the methods proposed and established in the research can be useful

to exploring the taxi flow patterns. Some methods, such as EOF and SOMVIS, are

applied here for the first time in this field. For example, EOF is always applied in

climatology and meteorology and it is the first time that EOF was utilized in

analyzing the OD-taxi flows. The research used the first two vectors to describe the

overall variation in NYC and the two vectors contain over 85% of the entire

information. Although few useful informationmight be eliminated or some redundancies

might be included in the two vectors, the outflow patterns obtained by EOF still give us

some meaningful information relating to discovering the dynamics; 2) to the

application, the OD taxi trip data tells us the information such as where people go and

when they get there, so this type of data is helpful to discover human mobility patterns.

As a result, the study based on this type of data can be useful to analyze people’s

movements in NYC. The study can also be useful to understand people’s living

habitats and their demands for improving public transport facilities (Liu et al., 2015).

Additionally, the research is important for the understanding and modeling of urban
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dynamics. With cities’ rapid development and expansion, the intra-urban is undergoing and

experiencing a huge change from the aspects of transportation, economy and health. To the

contrary, the inherent spatial structure in cities also reflects the orientation of urban

development. A region with high outflows indicates that the high demand of people to

take taxis. As a result, besides supporting for government decision making, the

distribution of outflows can also give a better instruction for taxi drivers or companies

to improve their benefits.

Besides analyzing the space-time dynamics of taxi flows in NYC, the

methodology framework proposed in this study can also be applied in other cities.

Although the OD taxi data might not be directly obtained, we can still extract it from

GPS trajectory data.

For the further work, the research would find other data to help better

understand the taxi flows in NYC, such as social media data which can also be

collected with large volume. Moreover, the methodology framework not only can be

utilized in the OD taxi dataset, but it can also be used in other spatio-temporal datasets,

such as wildlife movement. In order to protect wildlife, for example, analyzing the

migration of Tibetan antelope at Qinghai-Tibetan plateau or beluga whale at Alaska

would be of great importance.

Although the research thoroughly examined the variation combining

visualization and spatial statistics, there are still some issues that are needed to be

further discussed:

 The quality of the OD taxi trip data should be further addressed. Some of
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the geographic locations of the OD-taxi flows are not shown on maps

or they are zeros. Even some recorded geographic locations are not

correct, which are located far away from NYC. However, because the

volume of the spatial-temporal dataset is very large and the error data is

few, with careful data filtering and processing, the problem is not major

concern.

 The research studied the spatial distribution based on census tracts.

MAUP problem might exist in this study and the selection of spatial

bandwidth might also influence the final results. As a result, more

works are necessary to be completed to better identify the influence of

spatial scales (e.g. grid cells and traffic analysis zones (TAZs)) and the

bandwidth of spatial statistics methods.

 The research primarily conducted the analysis on the daily taxi flow

patterns. From the perspective of the results, we did not explore the

patterns over other time dimensions (e.g. by weekly or monthly).

However, the methodology framework can be utilized to realize the

other purposes.

 The results drew and wrote in the section “Patterns over Years” are

preliminary findings. Because the SOMVIS is shared online, the

research cannot acquire the selected clusters and import them in GIS

software. The research merely exhibited the extracted results. From the

preliminary results, they still exhibit the spatial patterns over years. But
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further analysis are still needed. For example, using the spatial

statistical methods, such as “mean center” and “Average Nearest

Neighbor”, to confirm the analyzing deduction.
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