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Abstract
For a taxi company, the capability to forecast taxi demand distribution in advance
provides valuable decision supports. This thesis studies real-time forecasting system
of spatiotemporal taxi demand based on machine learning approaches. Traditional
researches usually examine a couple of candidate models by setting up an evaluation
metric and testing the overall forecasting performance of each model, finally the best
model is selected. However, the best model might be changing from time to time,
since the taxi demand patterns are sensitive to the dynamic factors such as date,
time, weather, events and so on.
In this thesis, we first study range searching techniques and their applications to
taxi data modeling as a foundation for further research. Then we discuss machine
learning approaches to forecast taxi demand, in which the pros and cons of each
proposed candidate model are analyzed. Beyond single models, we build a five-phase
ensemble estimator that makes several single models work together in order to improve
the forecasting accuracy. Finally, all the forecasting approaches are evaluated in a
case study over rich taxi records of New York City. Experiments are conducted to
simulate the operation of real-time forecasting system. Results prove that multimodel ensemble estimators do produce better forecasting performances than single
models.
Thesis Supervisor: Una-May O'Reilly
Title: Principal Research Scientist of CSAIL
Thesis Reader: Marta C. Gonzalez
Title: Assistant Professor of Civil and Environmental Engineering
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Chapter 1
Introduction
1.1

Revolution of taxi services

Taxi is an important transportation mode that provides useful and convenient services
for passengers as a part of transportation system. Taxi service started in the end
of 19th century and has become one of the indispensable travel modes nowadays.
Almost every taxi company has long been exploring solutions to save the costs of
daily operations such as fuel costs and depreciation rates, as well as to provide better
service for customers. Obviously, the key is to optimize the demand-supply metric
of drivers and passengers, in other words, to reduce the empty-loaded rates of a taxi
and the time that a passenger spends on waiting for a taxi.
Benefited from the development of GPS techniques, the real-time vehicle location
systems attracted attentions of large amounts of taxi companies and researchers in last
decades. By collecting rich spatiotemporal information, well developed systems are
able to provide strategy supports such as reasonable taxi dispatching and optimized
route finding, with what the efficiency of taxi services can be significantly improved.
In recently years, traditional taxi industry is under revolution. Fast-growing startups like Uber and Lyft have dramatically changed the behaviors people take taxis.
Instead of meeting by chance, the taxi drivers and passengers are able to make connections via smartphones, reducing the financial and time costs for both sides. With
the huge amounts of taxi services data, researchers have more abilities to explore
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the underlying nature of the taxi pattern, offering innovative solutions to drivers,
passengers and taxi companies.

1.2

Problem statement and thesis motivations

As a taxi company or a taxi driver, the capability to estimate how many customers
will need taxi services(and where are they) in advance is one of the most attractive
magic.
Traditional researches usually examine a couple of mathematical models to forecast the demand, and compare them by setting up an evaluation criteria and looking
at the performance of each model. Those performances are typically measured upon
the entire datasets over a large-scale area.

However, the taxi demand patterns of

different locations can be much different because of the varies landscapes, population
densities and so on.
The goal of this thesis is to propose a design for real-time adaptive system that
forecast taxi demand around a specific location at hourly interval, which offers decision
support for the taxi drivers as well as strategy support for taxi companies.

More

specifically, machine learning models are built, validated, tested over the taxi data
in New York City in 2012 and 2013. We are going to analyze the accuracy of each
model under different conditions, and propose ensemble methods to have them work
together to provide better performances.
The objective of machine learning models in this thesis is to forecast the taxi
demand in the future of specific locations, as shown in figure 1-1.
At the end of each hour, we forecast hourly taxi demand in the next 12 hours.
A specific model is generated for each hour lead, which means 12 different models
are built totally: 1-hour-lead model, 2-hour-lead model, all the way to 12-hour-lead
model. Starting from using 12 hours lag for modeling, each model uses a one hour
longer lag for each added hour of lead. For example, 12-hour lag for 1-hour-lead
model, 13-hour lag for 2-hour-lead model and so on.
In addition to historical data providing spatiotemporal pickup info, additional
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Figure 1-1: Objective of machine learning approaches

features are used for building the models. Calendar(e.g., day of the week, holidays),
weather, demography, events and public transit data are used and analyzed in this
thesis.

1.3

Thesis outline

This thesis is organized as follows:
Chapter 2 overviews the theory of time series and their applications to the taxi
demand forecasting problem. Stochastic models and machine learning approaches are
introduced in section 2.2 and section 2.3. Four multi-step forecasting strategies are
reviewed and compared in section 2.4. Moreover, previous predictive models for taxi
demand are described in section 2.5.
Chapter 3 introduces three data structures for range searching techniques. Range
searching is used to preprocess data and extract subset of data within a given range,
e.g., query taxi records around Time Square from Jan 1st, 2013 to Jan 7th, 2013.
These techniques play an important role in a forecasting system when we frequently
select target locations and time periods for taxi demand analysis.

Kd-trees, range

trees and layered range trees are illustrated and their efficiencies are compared in this
chapter.
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In Chapter 4, analysis of machine learning approaches to forecast taxi demand is
provided. There are many variants of the basic ML models. In this chapter, we focus
on the basic model and specifically their applications to the taxi demand forecasting
problem. K-nearest neighbors, artificial neural networks, support vector machines,
decision trees and random forests are discussed in this chapter.
In Chapter 5, ensemble estimator of distinct single ML models is proposed. We
first propose three types of ensemble methods of multiple distinct models in section
5.1. Then we build a five-phase ensemble estimator in section 5.2, including single
candidate model training, parameters optimization, ensemble construction, ensemble
selection and forecasting.
Chapter 6 talks about a case study which the models are evaluated with the
taxi records of New York City. This chapter contains data introduction in section
6.1, experiment design in section 6.2, performance measures in section 6.3 and key
findings in section 6.4.
Finally, we would come to the conclusion in chapter 7.
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Chapter 2
Literature Review
This chapter reviews the time series modeling in the aspects of stochastic models
and machine learning approaches, as well as multi-step forecasting strategies which
are practically useful for building a forecasting system.

In section 2.1, the basics

of time series analysis are reviewed because forecasting taxi demand is essentially a
time series problem.

In the past decades, stochastic models and machine learning

approaches were considered to be two fundamental methodologies to solve the time
series forecasting problems, as introduced in section 2.2 and 2.3.

2.1

Time series analysis

Time series is typically measured over successive times, representing as a sequence
of data points [5]. The measurements taken during an event in a time series are arranged in a proper chronological order. Basically there are two types of time series:
continuous and discrete. In a continuous time series observations are measured at
every instance of time, whereas a discrete time series contains observations measured
at discrete points of time. Usually in a discrete time series the consecutive observations are recorded at equally spaced time intervals such as hourly, daily, monthly or
yearly time separations. In general, to do further analysis, the data being observed in
a discrete time series is assumed to be as a continuous variable using the real number
scale [151.
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Time series analysis fits a time series into a proper model.

The procedure of

fitting a time series to a proper model is termed as Time Series Analysis. Practically,
parameters of the model are estimated using the known data values, which comprises
models that attempt to analyze and understand the nature of the series.

These

models are useful for future simulation and forecasting after beings validated. A time
series in general is assumed to be affected by four main components: trend, cyclical,
seasonal and irregular components [231. These four components can be extracted and
separated from the observed data. Considering the effects of these four components, in
general, addictive and multiplicative models are used for a time series decomposition.
Additive model is based on the assumption that the four components of a time series
observation are independent of each other. However, in multiplicative model, the four
components can affect the others meaning they are not necessarily independent.

2.2

Stochastic models

A stochastic model is a tool for estimating probability distributions of potential outcomes, the application of which initially started in physics and is now being applied in
finance, engineering, social sciences, etc. The selection of a proper model is extremely
important as it reflects the underlying structure of the series, and more importantly,
the fitted model is useful for future forecasting.
There are two widely used linear time series models: Autoregressive (AR) and
Moving Average (MA) models [4, 151. The AR and MA models are widely analyzed
and used so will not be introduced in details here.

An ARMA(p, q) model is a

combination of AR(p) and MA(q) models and is particularly suitable for univariate
time series modeling [18]. However, the ARMA models, described above can only
be used for stationary time series data.

In practice, many time series show non-

stationary behavior, such as those related to business and socio-economic as well as
those contain trend and seasonal patterns [13, 91. Thus from application point of
view, ARMA models are inadequate to properly describe non-stationary time series,
which are frequently encountered in practice. For this reason the ARIMA model [28]
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is proposed, which generalizes ARMA model to include the case of non-stationarity
as well [15].
Besides the typical models above, more specific and varied models are proposed
in literature.

For instance, the Autoregressive Fractionally Integrated Moving Av-

erage (ARFIMA) [10] model generalizes ARMA and ARIMA models. For seasonal
time series forecasting, a variation of ARIMA, the Seasonal Autoregressive Integrated

Moving Average (SARIMA)[13] model is used. ARIMA model and its different variations are also broadly known as the Box-Jenkins models for the reason that they are
based on the famous Box-Jenkins principle[43].
Linear models have drawn much attention because of their relative simplicity in
understanding as well as implementation.

However, it is not negligible that many

practical time series show non-linear patterns.

For example, non-linear models are

appropriate for predicting volatility changes in economic and financial time series, as
mentioned by R. Parrelli in[33]. Considering these facts, various non-linear models
have been suggested in literature, such as the Threshold Autoregressive (TAR) model
[38], the Autoregressive Conditional Heteroskedasticity (ARCH) model and its vari-

ations like Generalized ARCH (GARCH) [32], the Non-linear Autoregressive (NAR)
model [44] and so on.

2.3

Machine learning approaches

Machine learning models have been established as serious contenders to classical statistical models in the area of forecasting in the last decade. Subsequently, the concept
is extended to other models, such as support vector machines, decision trees, and others, that are collectively called machine learning models [2]. Some of these models
are developed based on the early statistics models [14]. Huge advances have been
made in this field in the past years, both in the amount and variations of the models
developed, as well as in the theoretical understanding of the models.
Machine learning approaches are widely used for building accurate forecasting
models [31, 36]. Literature searches have found the previous works where the ma-
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chine learning techniques are used in combinations with the econometrics models.
The results from different techniques are integrated to obtain better forecasting accuracy [161. Although many machine learning algorithms focus on solving classification
problems, they also can be applied to regression problems, which is actually used in
this thesis to forecast the taxi demand.
Artificial neural networks (ANN) approach has been suggested as a widely used
technique for time series forecasting and it gained immense popularity in last few
years.

The basic objective of ANNs was to construct a model for simulating the

intelligence of human brain into machine 119]. Although the development of ANN was
mainly biologically motivated, but they have been applied in various areas, especially
for classification and forecasting purposes [18]. Similar to the mechanics of a human
brain, ANN tries to recognize essential patterns and regularities in the input data,
learn from experience and then provide generalized results based on the previous
knowledge. In the class of ANN, the most widely used ones in forecasting problems
are multi-layer perceptrons, which use a single hidden layer feed forward network[42.
The model is characterized by a network of three layers connected by acyclic links:
input, hidden and output layer.
A major breakthrough in the area of time series forecasting occurred with the
development and improvement of support vector machines (SVM) [3, 8]. The initial
aim of SVM was to solve pattern classification problems but afterwards they have
been widely applied in many other fields such as function estimation, regression, and
time series prediction problems [1].

The impressive characteristic of SVM is that

it is intended for a better generalization of the training data.

In SVM, instead of

depending on whole data set, the solution usually only depends on a subset of the
training data points, called the support vectors [25]. Furthermore, with the help of
support vector kernels, the input points in SVM applications are usually mapped to a
high dimensional feature space, which often generates good generalization outcomes.
For this reason, the SVM methodology has become one of the well-known techniques
in recent years, especially for time series forecasting problems. In addition, numbers of
SVM forecasting models have been developed during the past few years. Two famous
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time series forecasting models are Least-square SVM (LS-SVM) [34] and Dynamic

Least-square SVM (LS- SVM) [11.
Ensemble learning is a more complicated approach that combines results from
multiple learners and provide a summarized result. Ensemble learners are often used
for classification [221 and regression [21] problems.

2.4

Multi-step forecasting

Multi-step forecasting is an important function of a demand forecasting system. Recursive, Direct and DirRec are three representative types of multi-step forecasting
strategies.
Recursive strategy uses forecasted values of near future as inputs for the longer
future forecasting. The function of Recursive is defined as:

t+

=

f (Yt, Yt-1, -, t-d+1)

Yt+2

=f

(9t+1, Yt, -- ,Ytd+)

where t is the current time,

t+1,

+2

... ,

(2.1)

t+n are the forecasted values, Y1, Y2, ---, Yt

are the historical values, d is the dimension of inputs.
As shown in equation 2.1, the drawback of the recursive method is its sensitivity
to the estimation errors. Errors are more and more used and accumulated when we
get further forecasts in the future.
The Direct strategy is not prone to the problem of error accumulation, since it
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does not use any predicted values to compute the forecasts:

&+1=

fi (Yt, Yt-, ..,Yt-d1+1)

&t+2= f2 (Yt, Nt-1, ---

, Yt-d2+1)(2)

&+n = fn (yt, yt-i, --- , Yt-da+1)

where t is the current time,
are the historical values,

yt+i, Yt+2,

fl, f2,

...

...

&t+n are the forecasted values, yi, Y2, ...
, Yt

,

, fn are the models for each time step, di, d2 ,

...

dn are the dimension of inputs of each model.

Basically, Direct builds one model for each time step, and the models could have
different input dimensions. Since it has to model the stochastic dependency between
two distant series values, higher functional complexity is often required [38, 291. Moreover, Direct strategy takes a large computational time since the number of models to
learn is relevant to the size of the horizon.

The DirRec strategy [37] combines the principles and architectures underlying the
Direct and the Recursive strategies.

DirRec computes the forecasts with different

models for every horizon. At each time step, it enlarges the set of inputs by adding
variables with the forecasts of the previous step: as shown in equation 2.3.

+1= fi (Yt, Yt-1, ..,Yt-d1 +1)

Yt+2

=

f2 (bt2, Yt, Yt-.1

bt+n = fn (t+n-1,

yt-d2+1.3)

--,t+, Yt, yt-1, --,Yt-d+1

Table 2.1 summarizes the characteristics of the three strategies clearly. In this
thesis, Direct strategy is selected to forecast taxi demand.
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Table 2.1: Comparison of Recursive, Direct and DirRec
Recursive

Direct

DirRec

Pros

Good for
noise-free series

No error
accumulation

Tradeoff between
Recursive and Direct

Cons

Error
accumulation

Independent
assumption

Computational
inefficiency

No. of Models

1

No. of steps

No. of steps

Computational Time

+

++

+++

2.5

Predictive model for taxi demand

In the last decade, GPS-location systems have attracted the attention of both researchers and companies due to the new type of information available. Specifically,
the location-aware sensors and the information transmitted increases are tracking human behavior and they can be used collaboratively to reveal their mobility patterns.
Trains [7], Buses [20] and Taxi Networks [26] are already successfully exploring these
traces. Gonzalez et. al [12] uncovered the spatiotemporal regularity of human mobility, which were demonstrated in other activities such as electricity load [11] or freeway
traffic flow [39].
The fuel cost has been decreasing the profit of both taxi companies and drivers.
It causes an unbalanced relationship between passenger demand and the number of
running taxis, as a result, it reduces the profits made by companies as well as the
passenger satisfaction levels [35]. In recent years, Uber and Lyft become two popular
taxi companies using location based services which significantly reduce the waiting
time for both passengers and drivers. Wong presented a relevant mathematical model
to express this need for equilibrium in distinct contexts [40]. An equilibrium fault may
result in one of two scenarios: (1) excess of vacant vehicles and excessive competition;
(2) larger waiting times for passengers and lower taxi reliability [301.
The taxi driver mobility intelligence is an important factor to maximize both profit
and reliability within every possible scenario. Knowledge about where the services
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will actually emerge can be an advantage for the drivers. The GPS historical data
is one of the main variables of this topic because it can reveal underlying running
mobility patterns. This kind of data represents a new opportunity to learn/predict
relevant patterns while the network is operating in real-time.
Several researches have already explored this kind of data successfully with distinct
applications like modeling the spatiotemporal structure of taxi services [27], smart
driving [41] and building intelligent passenger-finding strategies [24]. Despite their
useful insights, the majority of techniques reported are based on offline test, discarding
some of the main advantages of the real-time signal. In other words, they do not
provide any live information about the passenger location or the best place to pick up
passengers in real time, while the GPS data is essentially a data stream. One of the
recent advances on this topic was presented by Moreira Matias [30], where a discrete
time series framework is proposed to forecast the service demand. This framework
handles three distinct types of memory range: short term, mid term and long term

[6, 17].

2.6

Summary

In this chapter, we have reviewed stochastic and machine learning models, especially
for the fields of time series modeling and forecasting. Stochastic models have been
widely used and optimized for the finance, engineering and social science problems.
Machine learning approaches are considered as superior methods for the forecasting
problems, in which neural networks and support vector machines are two classical ones
especially for time-series observations. By applying these mathematical forecasting
techniques into the real-world taxi industry, we found that the cost of fuel, waiting
time of passengers and vacant taxis can all be significantly reduced if we are able
to predict taxi demand accurately.

However, beyond these promising researches,

there are some remaining challenges. Obviously, the information of driver-passenger
demand metric is always changing. What models or algorithms should we use to
forecast the demand in real time? What if the chosen model doesn't work? How
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to build a robust and reliable system that can always find or even build the most
appropriate models? In this thesis, we are going to solve these problems.
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Chapter 3
Range Searching
In this chapter, range searching algorithms for time-series taxi records are discussed.
This is an useful tool to extract information we need from the data, such as records
in specific time ranges and/or areas.
Orthogonal range searching problem is one of the fundamental and cutting-edge
topics of computational geometry, especially when advanced data structures are considered. As figure 3-1 shows, a pair of x coordinates, a pair of y coordinates and
a time range are given to query data. After getting the reported taxi records, our
system counts the pick-up demand and uses it as a feature in modeling.

Find the pick-up records in this area
between Jan 1st and Jan 3rd, 2013

Figure 3-1: Example of range searching input
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In this thesis, we implement data structures for orthogonal range searching for
the spatiotemporal taxi data and analyze their practical efficiencies.
The range searching task in this thesis is defined as

data = query (Longitude, Latitude, Time)

(3.1)

where Longitude=[Lon,wer, Lon,,per ] is the range of longitude, Latitude=[Latiower,
Lat,per] is the range of latitude, Time=[Timelmer, Timeupper] is the range of time,
data is specifically the taxi records reported.
Three data structures for range searching are applied and analyzed in this chapter:
Kd-trees, range trees and layered range trees.

3.1

Kd-trees

A Kd-tree is a space-partitioning data structure for organizing data in k-dimension
spaces. Let's take the Figure 3-2 as an example to see how points are split to construct
Kd-trees.
4

5

0

0

0
9

2

10

8

60
1

3
7T

Figure 3-2: An Example of how points are split to construct Kd-trees
In short, points are split based the x-y coordinates to construct a Kd-trees.
1. Equally split the points by their x coordinates
2. For each 2nd-level subset, equally split the points by their y coordinates

30

3. For each 3rd-level subset, equally split the points by their x coordinates

4. Repeat step 2 and step 3 until each point has been assigned to a specific area

Median finding algorithms may be used to equally split the points. After all, the
process leads to a balanced Kd-tree, as shown in Figure 3-3.

3 4

1

5

9

2 1

101

171

Figure 3-3: An example of constructed Kd-trees

The query process is operating just as Binary Search Tree(BST) until finding the
contained area or reaching the leaf. Regarding the computational efficiency, Kd-trees
needs O(n) spaces and O(n1-1/d + k) query time, where d is the dimension and k is
number of reported points. In this thesis, the task is to find taxi pickup records within
specific time and location ranges, so that the data structure is a three-dimensional
Kd-tree: the ranges of longitude, latitude and time. Therefore, the query efficiency
of Kd-trees in this case is O(n 2/ 3

+ k).
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3.2

Range trees

A range tree is a tree data structure which enables points inside a given range to be
reported efficiently. A range tree on a set of one-dimensional points is a balanced
binary search tree on those points. Moreover, a range tree on a set of points in d
dimensions is a recursively defined multi-level binary search tree.
Let's also take two-dimensional points (x, y) to explain the construction process
of a range tree.
1. Construct a Binary Search Tree(BST) according to the x-coordinates.

After

this step, all the data points are at the leaves of this BST.
2. For every x-node, a sub-BST is constructed according to the y-coordinates of
the leaves in the subtree below the x-node.
Figure 3-4 shows the idea of the range trees construction.
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(1,4)

(2,2)

(3,1)

(2,21

(4,3)

(1,4)

(4,3)B

BST with x's
Figure 3-4: A simple example of Range Trees
To query data, we firstly go through the x-BST and then the y-BSTs from the selected x-node to find the points within the given range. Extending the two-dimensional
points into d dimensions, the space complexity is O(n logd-in) to store the BSTs, and
the query efficiency is O(logdn + k), where k is number of reported points. In this
thesis, three-dimensional range searching is the task so that the query efficiency of
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range trees among taxi trips is O(log3 n

+ k), which shows significant improvement

compared with the Kd-trees before.

3.3

Layered range trees

The query efficiency of range trees can be further improved with fractional cascading.
* Instead of constructing a y-coordinates subtree for every x-node, a sorted array
based on y-coordinates is used.
" Links are created between layers in order to narrow the range of y coordinates.
" As a result, 1 power of logn is eliminated regarding the query efficiency.
Figure 3-5 shows the general ideas of constructing layered range trees.

13.1)

d,

(2.2)

(4.3)

(4,3)

Sorted Array with y's
(1,4)

(U)

(3,1)

BST with

(4,3)

x's

Figure 3-5: A simple example of layered range trees
If we extend the methods to d dimensions, we would see that layered range trees
can store the data in O(n logd-1 n) space and query in O(logd-1 n + k) time, meaning
O(n log 2 n) space and O(log 2 n + k) query time for the taxi data.

3.4

Comparative analysis

In theory, Kd-trees require least spaces O(n) but largest query time O(n1-1/d + k),
range trees and layered range trees require smaller query time but larger spaces
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Table 3.1: Complexity analysis of data structures for Range Searching
Kd-trees

Range trees

Layered range trees

Storage

O(n)

O(n logd- n)

O(n logd- n)

Preprocess

0(n log n)

O(n logd- n)

O(n logdl n)

O(logd n + k)

O(logd-1 n + k)

Complexity

Query

Q(n'-1/d

+ k)

O(n logd-1 n) than Kd-trees, as Table 3.1 shows.

Comparing range trees and lay-

ered range trees, the query efficiencies differ by logn, which should be reflected in
term of running time in experiments when the data size goes larger.
In order to understand the algorithms' efficiencies practically, experiments are
conducted using the NYC taxi data. More details about the dataset will be introduced
in chapter 6. The programing language of this data structure is C++. The test runs
on Aliyun ECS server, with Ubuntu operating system, 16 cores and 64GB memory.
Kd-trees is built independently. Large range trees are developed on top of range trees.
We focus on testing the query time of the three data structures.
10,000 random queries are generated and the total querying time for each data
structure is recorded in Table 3.2. There are limitations of the randomly generated
ranges: the side length of the targeted area must be no more than 1000 meters, and
the time range should be no more than 3 days. Longitude range from -74.279784 to

-73.694440, latitude ranges from 40.486913 to 40.935435 and time ranges from Jan 1,

2012 to Dec 31,2013.
For each query, we do not only return the number of records inside a given range,
but also return the contents of the qualified records.
As we can see from the tests results in Table 3.2, the query time of these three data
structures are different, however, the differences are smaller than we expected based
on the complexity comparison. Looking back to the complexity analysis, we observe
that all of the three complexities are related to the number of points to report. So
when there are a huge number of points reported, k will dominate the complexity,
which makes no obvious difference among the query time of the three data structures.
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Table 3.2: Query time(ms) of Kd-trees, Range Trees and Layered Range Trees
n points

Kd-trees

Range trees

Layered range trees

16
64
256
1k
iM
16M

2.93
5.12
10.60
15.68
84.28
294.51

2.95
5.76
10.58
15.07
79.86
285.74

2.84
4.39
6.17
7.81
42.81
281.48

This raises another question: when will we see a large amount of reported points?
There are two typical situations
1. The queried range is comparatively large compared to the whole dataset
2. Density in the queried range area is relatively large
Therefore, the selection of data structures to preprocess the taxi data really depends on the specific requirements. For example, if fast query is the first priority
and we do have enough storage spaces available, layer range trees is probably the
best choice. On the other hand, if the storage space is restricted or there seems to
be many records to report, Kd-tree will be more suitable. Furthermore, the decision
of data structure selection is also affected by the computational power as well as the
query frequency.
This chapter provides data structures as a tool to preprocess data, which can
be used to find targeted data efficiently. This technique is more valuable from an
application point of view to build a practical system. While in this thesis, we use the
range searching just once in order get the data for further research. In next chapter,
machine learning approaches to forecast taxi demand will be introduced.
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Chapter 4
Machine Learning Approaches
Machine learning approaches are widely used for building accurate forecasting models.
Section 4.1 describes the features chosen to model taxi demand patterns. A couple
of machine learning models were discussed in section 4.2. Each considered model
has several variations. In this thesis, we do not dig into the details and variations
of each model, instead we focus on the basic version of each models and discuss its
pros and cons applying to taxi demand forecasting problem. At the end, parameters
optimization are introduced in section 4.3.

4.1

Features for taxi demand forecasting

To forecast taxi demand in the future, many features can be considered to build a good
model. According to intuition and knowledge of transportation demand modeling, we
identify several factors that are very likely to affect taxi demand, as summarized in

Figure 4.1.
Trip records, calendar, weather, demography, event and public transit are six
categories of features likely to be useful to build the forecasting model.

*

Trip Records : Real-time taxi trip data that contains the time and location
of every pick-up. It is the key to build time-series forecasting model. The taxi
pick-up demand is aggregated hourly and the feature is defined as (xt, xt_1, ...
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Trip Records

Calendar

Weather

Demography

Event

Public Transit

Figure 4-1: Features for taxi taxi demand forecasting

Xt-d+1),

where xt is the number of taxi pick-ups in hour t and d hours' data is

used to predict the demand at hour t + 1
" Calendar : Time information consists of a few variables - month of the year,
day of the week, time of the day, holiday or not, etc. Apparently, taxi demand
patterns vary from time to time, therefore, calendar is a must-have feature.
One example of calendar feature is (Jan, Mon, 6am, holidayyes)
" Weather : Weather information including temperature, wind speed, humidity
and weather type(e.g., cloudy, light rain, heavy snow). One great benefit of
weather information is that we are able to forecast the extreme cases such
as snowstorm which has huge impact to the taxi demand pattern. It seems
promising in fitting the models, however, one problem arises that the accuracy
of the model is inevitably affected by the accuracy of the weather forecasting.
Tradeoff has to be considered for the weather features. In this study, hourly
weather features of last 6 hours and the forecasting of future 6 hours are used
for modeling.
" Demography : Statistical study of human populations such as population
density, income/age distributions, level of education, etc. It is easy to understand that, for the long term, population density and income distributions are
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correlated to taxi demand . One shortcoming is that the demography of a place
changes slowly compared with the traffic dynamics, so that in some cases it may
not be able to provide valuable inference besides historical taxi data.
" Events: Events such as parade, popular sport game and big concert can sharply
change the taxi demand. In fact, experienced taxi drivers are quite sensitive
to those events. They will be standing by the crowded places in advance so
that they would have more chances to meet customers. In this thesis, events
are manually obtained from the historical news and simply defined as a boolean
variable, event

=

0 or 1, where event=1 means there are events that may affect

the taxi demand.
" Public Transit : The schedule and recorded demand of public transit. Relationship between different transportation modes plays an important role in
demand forecasting. We define this feature as (pt, pt-1,

...

, Pt-d+1), where pt is

demand of public transit in hour t, d is the feature dimension and in particular
d=6 in this thesis. Transit data are particularly useful for locations that have
subway stations nearby. In reality, some of the transit data is missing in this
study so that the importance of transit data might be under estimated.
Summary of features are provided in Table 4.1. Feature class for collaborative
modeling describes the class that each feature belongs to in order to build multi-model
ensembles. T stands for trend information, S is seasonal information, H stands for
historical data and E represents exogenous inputs. More details about collaborative
modeling is discussed in "section 5.1.3'

4.2
4.2.1

Machine learning algorithms
K nearest neighbors

K nearest neighbors(KNN) regression is a non-parametric model that makes predictions according to the outputs of the K nearest neighbors in the dataset. Specifically,
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Table 4.1: Summary of features

Feature

Data type

Explanation

feature class for
collaborative
modeling

hourly pick-ups

integer array

(Xt, Xt_1i

H, T, S

--, Xt-d+1)

d=12,13...23
month

integer

1: Jan, 2: Feb, ... , 12: Dec

E

day of week

integer

1: Mon, 2: The, ...

E

hour of day

integer

0: Oam, 2: 1am, ... , 23: 11pm

E

temperature

float array

historical: (tt,

E, T, S
Bt,-)

,

forecasted: (tt+1 , ...

wind speed

float array

historical: (Wt,

...

,

tt+6

)

...

7: Sun

,

E, T, S

, wt-5)

forecasted: (wt+i,

... , Wt+6)

percent array

historical: (ht, ... , ht- 5 )
forecasted: (ht+1, ... , ht+6

E, T, S

weather type

integer array

historical: (wtt, ... , wtt- 5 )
forecasted: (wtt+i, ... , wtt+6
i:sunny, 2:light rain,
3:heavy rain,4:light snow,
5:heavy snow, 6:others

E, T, S

monthly
population density

integer

e.g., 1254 means 1254/mile2

E

monthly
average income

float

e.g., 3231.5 means $3231.5/mont

E

current event

boolean

0: no event, 1: events happen

E

demand of

integer array

(Pt, Pt-1,

E, T, S

)

)

humidity

public transit
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... ,

Pt-5)

given a data point: we will
1. Compute the distance(typically the Euclidean distance) between that point and
all the other points in the training set.
2. Select the closest K training data points.
3. Compute average or weighted average of the target output values of these K
points, which is the final predicted result.
The simple version of KNN is easy to implement by computing the distances to
all stored examples. The critical setting of KNN is the parameter K, which should
be selected carefully. It is easy to see that a large K will help to build a model with
lower variance but higher bias. By contrast, a small K will lead to higher variance
but lower bias.
In the field of taxi demand forecasting, KNN is interpreted to find the nearest
patterns in the history with the current pattern. Those neighbors work as references
to make predictions for the future standing at current time. Figure 4-2 is a simple
example of how KNN works for time series cases. Suppose we stand at the end of
series B and try to make prediction.

By KNN, a similar series, called series A, is

identified as the nearest neighbor of series B, so that the historical point can be a
good reference to make prediction.
demand

Series A

Series B

Forecasted point
historical point
t

Figure 4-2: An example of KNN for time series
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KNN is especially useful for special situations which have already happened before
and the records are included in the training set, e.g. snow storm, sport game, etc.
One disadvantage of KNN is that it is computationally inefficient for large training
sets. Using an appropriate nearest neighbor search algorithm will reduce the number
of distance evaluations actually performed. Many neighbor search algorithms have
been proposed in last decades, but it is not the topic this thesis is focusing on. The
KNN package we use in this thesis is sklearn.neighbors.

4.2.2

Artificial neural networks

Artificial neural networks (ANN) approach has become a widely used technique for
time series forecasting. Basically ANN contains fully or partially connected neurons,
which are single processing units in a neural network. Connections are made between
the neurons and weights are assigned for all the connections. From the architecture
point of view, each neuron consists of inputs, an activation function and outputs. The
simple calculation taking place in a single neuron is

y=

f

bo +

wiZ i

(4.1)

where y represents the output, x is the input vector, w is the weight vector, bo is the
bias and

f

(bo, w, x) is the activation function, which performs a transformation on

the calculated results.
However, a single neuron works appropriately only for inputs that are linearly
separable.

To work for nonlinearity, more than one neuron is needed in a neural

network. Neural networks can have multiple layers, where each of the layers consists
of one or more neurons. The neurons from one layer are connected to the adjacent
layer neurons. Typically, a multilayer neural network contains an input layer, one or
more hidden layers, and an output layer, as shown in Figure 4-3.
The connected neurons in a multilayer artificial neural network are able to perform as effective nonlinear models, in which the weights of the connections between
neurons can be learned by appropriate training algorithms. ANN is good at capturing
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Input I
Input 2

Output
Input 3
Input 4

Input Layer

Hidden Layer Output Layer

Figure 4-3: A multilayer feed-forward artifical neural network
associations or discovering regularities within a set of patterns. It has been widely
used for demand forecasting which is essentially a time-series forecasting problem. In
taxi demand forecasting, ANN works well for the seasonal pattern. Obviously, the
seasonal pattern exists in the taxi demand series since the demand pattern is influenced by seasonal factors such as the quarter of the year, the month, day of the week,
etc. In this thesis, the ANN package we use is PyBrain.

4.2.3

Support vector machines

Support vector machines(SVM) is suggested as a useful technique based on using a
high-dimensional feature space and penalizing the ensuing complexity with a error
function.
Even though SVM is usually used to solve classification problems, it can be applied
to regression as well. Considering a linear model first for illustration, the prediction

is given by
f (x) = wTx
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+

bo

(4.2)

where w is the weight vector, bo is the bias and x is the input vector.
The objective is to minimize the error function given by

J=

M
j 1
Loss(ym, f(xm))
||w|l 2 + C
m=1

(4.3)

where w is the weight vector, xm is the mth training input, ym is the target output
and Loss(ym, f(xm)) is the loss function.
Support vector regression(SVR) has two significant advantages:
1. The model produced by SVR depends only on a subset of the training data,
because the loss function ignores any training data close to the model prediction.
Therefore, SVR is suggested to produce a better generalization results.
2. With the help of support vector kernels, the inputs of SVR are usually mapped
to a high dimensional feature space. Figure 4-4 is an example of how different
kernels perform.

1.0

-

RBF kernel
Linear kernel

-

Poly k emel
data

*

-

Support Vector Regression with 3 kernels

1 5

0.5

:n

0.0
*0

-0.5
-1.0

-z

z~I

-- 1

0

1

3

2

4

5

data

Figure 4-4: An example of SVR with different kernels
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6

More details about SVR was introduced in the literature review, in this section
we focus on its application to taxi demand forecasting. There is much noise existing
in the taxi demand series resulted by events such as irregular working schedule of
companies, big concerts, parade, etc, which may cause overfitting for models. Due to
the characteristics of better generalization, SVR is expected to have a good forecasting
performance in these cases. In this thesis, we select sklearn.svm to be the SVM
package.

4.2.4

Decision trees

The goal of decision trees(DT) is to make predictions by learning simple decision rules
inferred from the data features. It is a non-parametric supervised learning algorithm
applied to both classification and regression. Learning from data features, DT is able
to generate a set of if-then-else decision rules. Decision Trees can also be applied to
regression problems. The depth of the tree is a good measure of the complexity of
the model. Generally the deeper the tree, the more complex the decision rules are.
Figure 4-5 shows the different effect of decision tree regression with max depth = 3
and max depth = 6.

Decision trees are very simple to interpret, with that we are able to understand
the decision rules, for instance, the relationship between certain features and the
outcomes.

Important insights can be extracted by describing a situation and its

inference for the results.

In this thesis, the package of decision trees we use is

sklearn.tree.DecisionTreeRegressor.
One significant advantage of DT is that it works well even for the dataset that
contains missing features.

Applying to taxi demand forecasting, there are many

missing features such as events or transits data, which requires the model to be able
to work effectively with a subset of features.

DT is a good fit in this case. One

disadvantage of DT is that the model tends to be overfitting easily so the forecasted
results might be wrongly affected by abnormal cases, but this problem can be solved
by ensemble methods.
Ensemble methods is designed to combine the predicted results of a set of base
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Decision Tree Regression
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Figure 4-5: Decision Tree Regression with diffrent maximum depths

estimators, in order to provide better generalization and robustness compared with
a single estimator.

Bagging methods build a set of estimators on random subsets

of the original training set, and their individual predictions are aggregated into a
final prediction.

On average, the combined estimator workers better than single

one. Because of the randomization in the ensemble construction procedure, bagging
methods are good at reduce the variance of a base estimator. Since bagging methods
are able to prevent overfitting, strong and complex models such as fully developed
decision trees are suitable to be the base estimator. Random forests are good examples
of bagging methods. Although the bias of the forest is usually slightly larger than
the basic non-random tree, its variance usually decreases more than compensating for
the increase in bias, therefore coming up an overall better model.
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Table 4.2: Hyperparameters to be optimized for ML algorithms

4.3

ML algorithms

Hyperparameters to be optimized

K Nearest Neighbors
Artificial Neural Network
Support Vector Machines
Decision Trees
Random Forests

K, distance metric
hidden layer size, max epochs
kernel, C
max depth, max features, min samples split
n estimators, max depth, max features

Hyperparameters selection

Each of the machine learning algorithms introduced above has a set of parameters.
Some parameters such as coefficients are directly learnt from training. Other parameters such as C and kernel of SVM have to be set before fitting the model. Those
parameters are referred to as hyperparameters. In this section, we focus on hyperparameters selection for the purpose of optimizing the algorithms' performance. Table
4.2 summarizes the critical parameters need to be optimized for machine learning
algorithms discussed in this chapter.
Hyperparameters are typically selected in the validation process. Cross validation
is considered as a good method to find the optimal parameters. However, since taxi
demand record is a time series data which is not suitable to use cross validation. We
simply split the data into training and validation sets, where the validation set is used
for parameters selection.
Grid search and random search are two approaches to select parameters.

Grid

search is simply an exhaustive searching through a manually specified hyperparameter space (all the combinations of given hyperparameter options). One disadvantage
of grid search is the curse of dimensionality, which leads to high requirement of computational power. Luckily, the evaluations of parameter settings are usually independent
of each other so that the process can be parallelized. Under computational or time
constraints, random search is likely to be a more suitable approach. Random search
samples parameter settings a fixed number of times by specific random distributions,
which has been found to be much more effective in high-dimensional spaces.
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By selecting the best performed hyperparameters for each model, we can have a
better understanding and fair evaluation when we are trying to choose among several
candidate models, which is a key component of the five-phase ensemble estimator
proposed in chapter 5.

4.4

Summary

In this chapter, we first proposed six-category features that have impact on taxi
demand. We talked about machine learning algorithms that suitable to be applied to
taxi demand forecasting problems, including single models(KNN, SVM, ANN, DT)
and ensemble methods. We focused on the basic version of each model and analyze
their potential pros and cons in taxi demand modeling and forecasting.

Then we

discussed the hyperparameters selection as a further improvement of each model.
However, the taxi demand patterns vary a lot from time to time. It is very hard
to say any specific models work best in all scenarios. In next chapter, a five-phase
ensemble estimator will be proposed. It is an adaptive forecasting system that not
only keeps finding the most appropriate model, but also combines single models to
build a better estimator.
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Chapter 5
Ensemble Estimator
As discussed in chapter 4, every single machine learning model has its pros and cons
in taxi demand forecasting. Moreover, every single model might be appropriate for
certain scenarios. For instance, decision trees are good at capturing the relationship
between exogenous inputs and targeted value.
Due to the variety of taxi demand patterns, even selecting algorithms from the
candidates with most accurate predictive performance is far from optimal. In this
chapter, we propose methodologies to construct an ensemble estimator that takes
advantages of multiple distinct algorithms in order to produce better results. Three
multi-model ensemble methods are introduced first, followed by the five-phase ensemble estimator construction and some of its variants for practical applications.

5.1

Multi-model ensemble

Differ from well-known ensembles such as random forests, which combines several
same-type base models into one stronger model, we focus on the ensemble of different
base models, for example, a combination of decision trees and SVM. Select-best,
weighted combination and collaborative modeling are three methods to construct
multi-model ensembles.
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5.1.1

Select-best

Select-best approach is easy to interpret. Basically a part of the whole dataset is split
for model training, then the trained models are evaluated with certain criterion in
order to select one with best performance. More details about performance measures
are introduced in Section 6.3.
There is one important thing should be mentioned here.

In many situations,

models are validated via cross-validation to avoid the distribution bias of dataset,
however, cross-validation is not suitable for the taxi demand forecasting because it is
a time-series problem and the order of data matters a lot. For example, it makes no
sense to use previous data to validate a model trained by future data. In practice,
recent data points in the time series are suitable for model validation and selection.

5.1.2

Weighted combination

Weighted combination is an ideal method to produce a more robust estimator then
select-best method, by reducing variance among the candidate models. After doing
weighted combination, some extreme errors can be effectively avoided which is a
critical requirement of practical forecasting systems.
Firstly, individual models are trained and validated with two different datasets,
typically two consecutive time series points with the former one for training and the
later one for validation. Through validation, each individual model obtains optimized
parameters, as discussed in Section 4.3. After all, results estimated by those optimized
single models are weighted combined together to get the final estimated value,
M

Y=c+* wm
m

(5.1)

m=1
where

Y

is the final result, M is the number of candidate models, wm is the weight

of mth model, Ym is the estimated result of mth model. Figure 5-1 shows the basic
flow of weighted combination method.
Two types of weights setting methods are implemented in this thesis.
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Figure 5-1: Working flow of weighted combination method
1. Simply transform the training/validation error of each model into its weight,
with the principle that better models have greater weights. For example,
Wm =

1
1 + el-Em1

(5.2)

is a simple method to determine the weight of mth model, where fm is the
estimation error of mth model. Usually normalization is needed for combination.
2. Select a new subset of data besides training and validation, and do regression
in which the targets are the real values and features are the estimated values
from single models.
In this thesis, the second methods, regression is used to build weighted combination.
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Table 5.1: Selected model for each feature subset in target locations
Location

Trend
information

Seasonal
information

Historical
data

Exogenous
inputs

Metropolitan Museum
Time Square
Grand Central Terminal

KNN

ANN

Wall Street
JFK Airport

ANN
KNN
KNN
KNN
KNN
SVM
ANN
ANN

KNN
SVM
ANN
ANN
SVM
ANN
ANN
ANN
ANN
SVM

DT
SVM

DT
DT
SVM
DT
DT
SVM
DT
DT
DT
DT

Choice

KNN

ANN

SVM

DT

Public Library
Empire State Building
Union Square
New York University

City Hall

5.1.3

DT

SVM
SVM
SVM
SVM
DT

ANN
ANN

Collaborative modeling

The idea of collaborative modeling is to separate the forecasting task into multiple
subtasks to be taken care of by different models. The whole feature space is split into
several feature subsets.
A specific group of candidate models are examined against different subsets. Using
the select-best approach, the most appropriate model among the candidate models in
a group is chosen for each subset. In order to decide which model fits which subset,
we select 10 target locations at New York City. For each location, we decompose the
taxi demand series to get the trend and seasonal information. Then we test machine
learning models on each of the feature subsets, including trend information, seasonal
information, historical data and exogenous inputs. Table 5.1 shows a test in which
candidate models are examined and the best model is selected for each feature subset
in each target location. More details about the 10 target locations are introduced in
section 6.2.2. In this test, the best model is defined the model being selected most
times.
As shown in Table 5.1, KNN is suitable for trend information; ANN is the best
choice for seasonal information; SVM works well for the historical pick-up data; and

52

DT has significant advantages over any other models for the exogenous inputs. Among
the four subsets, trend information is the most simple one obtained by moving averages, KNN works well to find the similar trend from the smoothed time series. The
exogenous inputs including time information, weather, events and public transit are
good indicators. Decision trees are good at finding the rules that how the indicators
affect taxi demand. Further researches can be directed to analyze the the spatiotemporal characters of specific models across specific locations and times. In these thesis,
we select the overall best models for each feature subset.
After selecting the best models, estimated results from these models are weighted
combined together to have a final output. Figure 5-2 illustrates the idea of collaborative modeling.
In this study, we use R packages to decompose the data. Trend information is
obtained by smooth function R.TTR.SMAO, and seasonal information is obtained
by R.decompose() function.

5.2

Five-phase ensemble estimator

In this section, a five-phase procedure is proposed to build a multi-model ensemble
estimator, including single model training, parameters optimization, ensemble construction, ensemble methods selection and forecasting.

e Phase one: Single model training.
Individual model training is the first phase to build the ensemble estimator.
In this phase, single models are trained separately as introduced previously.
Two key factors are carefully considered here: the size of training data and
the frequency of single model training.

The answers depend, generally the

larger the training data, the lower the training frequency should be, due to
the constraint of computational power.

However, sufficient training data is

usually necessary as there should be enough scenarios stored in the dataset.
For example, rich information such as seasonal trend and impacts of weather,
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Figure 5-2: Basic working flow of collaborative modeling
would effectively help the model recognize and understand current status, so as
to forecast accurately. In this thesis, historical data up to one-year lag is used
for model training.
Furthermore, large size of training data not only affects the computational efficiency of training, but also slows down the validation and forecasting of some
models. For instance, KNN is an instance based learning model. If no advanced neighbor searching algorithm is introduced, KNN will go through the
entire dataset in order to select neighbors to make a prediction. In this thesis,
models are trained once per day and updated once per hour.The reason is that
training takes much more time and computational power than updating. Up54

dating steps only involve model validation and parameters selection, without
re-training the models.
* Phase two: Parameters optimization.
After training all the candidate models, we come to the second phase - parameters optimization. As discussed in Section 4.3, hyperparameters that are not
directly learnt within estimators can be set by searching a parameter space for
the best validation. A new subset of data is used in this phase. Grid search
and random search are the two methods to find the optimal hyperparameters
for each model.

Tradeoff between accuracy requirements and computational

efficiency are considered to choose the appropriate one.
Sometimes the phase one and phase two can be combined together so that single
models can be processed in parallel. After this phase, optimized single models
are produced.
" Phase three: Ensemble construction.
Ensemble construction is the critical phase in building the estimator. In this
phase, optimized single models are prepared in advance and the entire set of
single models are examined to construct the ensemble. As discussed in Section
5.1, three methods can be used to build the multi-model ensemble: select-best,
weighted combination and collaborative modeling, producing three ensembles
as a result. In particular, collaborative modeling involves extra work in phase
one and two since data decomposition is required in order to assign models to
the suitable subsets.
" Phase four: Ensemble selection.
In this phase, the best ensemble method is selected among three candidate
methods. The implementation of this phase is pretty much the same as single
model selection, which is based on a certain performance measure.
" Phase five: Forecasting.
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Phase five is to forecast using the selected ensemble from Phase four. The only
thing to mention about this phase is how far future the ensemble is going to
forecast. In this thesis, the default setting of longest future to forecast is 12
hours.
In the five-phase process, phase 1 uses historical data up to one-year data, phase
2-4 use one-week data for each, and phase 5 forecasts the hourly demand of next 12
hours. More specially, the data for the five phases is in consecutive series, as shown

in figure 5-3.
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I
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I

Phase 3
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Data 3

Data 4
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5
,
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t
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Figure 5-3: Example of data being used for each phase
In figure 5-3, Data 1-5 represent the dataset used in each phase. Each sample
in Data 1-5 belongs to an hour, which contains the taxi demand value and all the
features used for modeling at that hour. Let's take a simple example to see how this
system works. Suppose t = July 22, 2013 Oam.
1. Prepare data for each phase
Data 1: data from July 22, 2012 Oam to June 30, 2013 11pm
Data 2: data from July 1, 2013 Oam to July 7, 2013 11pm
Data 3: data from July 8, 2013 Oam to July 14, 2013 11pm
Data 4: data from July 15, 2013 Oam to July 21, 2013 11pm

Data 5: data from July 21, 2013 Oam to July 21, 2013 12am
2. Single model training
Dataset: Data 1
Procedure: train each single model on Data 1
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Output: trained models Mk, where k=KNN, SVM, ANN, DT.
Note that Mk is a set of models with different hyperparameters, for example,
SVM(kernel = rbf, C = 1), SVM(kernel =linear, C=10) and so on.
3. Select the best hyperparameter setting of each model based on performance measures
Dataset: Data 2
Input: Mk
Output: optimized single models Mkt
4. Construct ensembles using
Dataset: Data 3
Input: M"
Output: Eb, E,

Ec,: three ensembles constructed by select-best, weighted

combination and collaborative modeling.
5. Select the best ensemble based on performance measures
Dataset: Data 4
Input: Esb, Ewc, Ecm
Output: E P
6. Forecast
Dataset: Data 5
Input: E'
Procedure: forecast taxi demand on Data 5 and measure the performance
There are some variants of the five-phase procedure.
First, when preparing five data subsets, rather than selecting five consecutive time
series, we can alternatives select five periods that have something in common but are
non-consecutive. For example, if the task is to forecast taxi demand in the afternoon
of Wednesday, we may have the Wednesday data of the past a few weeks to be the
subsets for building the five-phase ensemble estimator. These data subsets are likely
to share some common characteristics of the taxi demand patterns on Wednesday and
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they may provide better performance. However, one disadvantage of non-consecutive
time series is that the estimator is slow-response to the special cases when they occur.
Alert system might be necessary in this case.
Second, from the engineering point of view, getting the optimal forecasting is
not always necessary considering the tradeoff between accuracy and computational
cost. Setting up an error bar is a very good method to ensure the system is working
properly without wasting too much computational power. For example, models can
be temporarily deactivated if it performs poorly for a period of time. If the whole
system keeps working well, the ignored models remain deactivated. However, when
the error bar is reached, all models will be activated in order to make greatest efforts
on forecasting.

5.3

Summary

Through the five-phase ensemble building procedure, we found the optimal parameters for every single model, constructed ensembles with the optimized models, selected
the most appropriate ensembles and used the final ensemble estimator to make demand forecasting. Ideally, the estimator can always find the optimal model at every
time step because of its sensitiveness to the pattern changing. Also, weighted combination and collaborative modeling significantly reduce the variance of forecasted
results and avoid big errors which may mislead taxi drivers and companies.

Fur-

thermore, for locations with different characteristics such as population density and
democracy, their taxi demand pattern varies a lot so that specific forecasting models
should be applied to each case, which can be well solved by the ensemble estimator.
To evaluate how ensemble estimator performs for forecasting taxi demand, we will
conduct a case study on New York City taxi records in the next chapter.
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Chapter 6
Case Study
In previous chapters, a couple of single machine learning models and multi-model
ensemble methods have been proposed.

How do they perform to solve real-world

problems? This chapter introduces a case study that all models are tested and analyzed upon New York City(NYC) taxi dataset. NYC has remarkably rich history
of taxi industry.

A huge dataset consisting of two-year NYC taxi trips is used for

training, validating and testing the models. In addition, we will discuss the performance measures in section 6.3 that used for model evaluation as well as parameters
selection.

6.1

Dataset

For several years, taxis in New York City have had GPS receivers to record information. The data I use in this case study is the taxi trip records in 2012 and 2013
covering all the five boroughs of NYC: Manhattan, Bronx, Brooklyn Queens and
Staten Island, as Figure 6-1 shows. This dataset is obtained through a FOIA request(http://www.andresmh.com/nyctaxitrips/).

59

Figure 6-1: Areas that the NYC taxi dataset covers

6.1.1

Data content

The dataset contains approximate 168 million taxi trips/year. A single trip record
has valuable information such as pick-up and drop-off locations, trip distance and
fare, etc. The information provides us great help to understand the spatiotemporal
taxi pattern. Detailed explanations of the data are as follows:
" medallion: a permit to operate a yellow taxi cab in New York City, which is
effectively a (randomly assigned) car ID.
" hack license: a license to drive the vehicle, which is effectively a (randomly
assigned) driver ID.
" vender id: e.g., Verifone Transportation Systems (VTS), or Mobile Knowledge
Systems Inc (CMT)
" rate code: taximeter rate.
" pickup datetime: start time of the trip, e.g., 2012-01-06 21:51:00.
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"

dropoff datetime: end time of the trip, e.g., 2012-01-06 21:55:00.

" passenger count: number of passengers on the trip, default value is 1.
" trip time in secs: trip time measured by the taximeter in seconds.
" trip distance: trip distance measured by the taximeter in miles.
" pick-up longitude and latitude: GPS coordinates at the start of the trip,

e.g., (-73.980003, 40.780548)
" drop-off longitude and latitude: GPS coordinates at the end of the trip,

e.g., (-73.974693, 40.790123)
Particularly in this case study, we focus on demand modeling, so that the four
variables - pickup datetime, dropoff datetime, pick-up longitude and latitude
and drop-off longitude and latitude are used.

6.1.2

Data characteristics

Since demand forecasting is the topic of this thesis, we mainly focus on the time
and location of each taxi trip. We extract the data within specific time and location
ranges using the 3D range searching techniques as discussed in chapter 2. In order to
understand more about the NYC taxi pattern, the data is aggregated and examined,
showing some statistics and insights.
First of all, by looking at taxi demand distribution over a week, we identify the
general weekly pattern of taxi demand. Figure 6-2 shows the hourly taxi pick-up
demand from Monday to Sunday in a typical week in NYC. Clearly, the patterns show
significant similarities among weekdays from Monday to Friday with small gaps on
the daily peak. However, the demand pattern in the weekend reflects many differences
to the weekday.
Second, taxi demand distribution over the whole NYC area is unbalanced. Manhattan attracts 90.3% taxi pick-ups and the other four boroughs attract the remaining
9.7%. Details about the taxi demand distribution is shown in Table 6.1. Moreover,
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Figure 6-2: Taxi pick-up demand distribution over a week in NYC
Table 6.1: Taxi demand distributions over NYC area
Borough

% of taxi demand(pick-ups)

Manhattan
Queens
Brooklyn
Bronx
Staten Island

90.3%
5.0%
3.1%
0.9%
0.7%

in Queens' 5.0% share, JFK airport accounts for 3.5% which is more than half of
the taxi demand in Queens and is greater than the total taxi demand in Brooklyn.
Therefore, the taxi demand in JFK is airport is analyzed in this case study.

6.2
6.2.1

Experiment design
Objectives

The objective of this experiment is to evaluate and analyze the performance of each
model over taxi pick-up demand forecasting problem, including the single models as
well as the ensembles.
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In addition to a overall evaluation, various locations and time ranges are chosen to
examine how each model performs under different situations. Every model is assigned
to forecast the pick-up demands of 10 locations in the future 12 hours, in which the
the data was aggregated by one hour.

6.2.2

Target locations selection

In order to evaluate the models comprehensively, we need to analyze their performances with different taxi demand patterns. There are many locations in New York
City having very different characteristics resulted by the population density, democracy, geographic environment and so on. For instance, taxi demand patterns around
airport should be highly related to the flight schedules: high pick-up after flight arrivals and high drop-off before flight departures. Specific models might be appropriate
to describe specific cases, which brought challenges to the demand forecasting system.
Ten locations in NYC are selected as target places for the experiment: Metropolitan Museum of Art, Time Square, Grand Central Terminal, Public Library, Empire
State Building, Union Square, New York University, City Hall, Wall Street and JFK
Airport.
These locations represent various characteristics: Grand Central Terminal and
JFK Airport are typical transportation centers; Metropolitan Museum of Art, Empire
State Building and Union Square are famous attractions; Time Square and Wall
Street are always crowded; City Hall represents government institute while New York
University represents schools. Their GPS coordinates are shown in Table 6.2.
More specifically, we have a center point for each location. The center point is
defined as (longitude, latitude) and the area is default to be a square with 200 meters
on a side. Especially, JFK Airport has a longer square side of 2000 meters because of
its landscape. With the GPS range of the target locations, we are able to use range
searching techniques to extract the taxi data within these areas.
The taxi demand pattern of each location varies a lot, resulted by underlying factors such as working mode, demography, landscape, public transits and so on. For
example, as a typical weekly demand pattern in Figure 6-3 shows, the taxi pick-up de63

Table 6.2: Target locations for the experiments

Index

Location

1
2
3
4

The Metropolitan Museum of Art
Time Square
Grand Central Terminal

5

Empire State Building
Union Square
New York University

6
7
8
9
10

(longitude, latitude)

Public Library

City Hall
Wall Street
JFK Airport

(-73.963196,
(-73.984739,
(-73.977064,
(-73.982245,
(-73.985728,
(-73.990460,
(-73.996688,
(-74.006134,
(-74.008840,
(-73.784865,

40.779625)
40.762564)
40.753197)
40.753182)
40.748639)
40.735939)
40.730212)
40.713233)
40.706216)
40.645876)

mand of Wall Street significantly decreases on weekends compared with the weekdays
because of the holiday factors.

By contrast, weekend demand of the Metropolitan

Museum of Art increases. The possible reason is that people usually visit museums
on holidays. Moreover, there are two daily peaks with slight differences clearly shown
in the Wall Street: one morning peak around 8am and one evening peak around 810pm. However, in the Metropolitan Museum of Art, typical one daily peak occurs
between 2-4pm when visitors finish journey and take taxis to leave.
Another comparison is between Time Square and JFK Airport, as shown in Figure
6-4. Time Square is always crowded that we don't see significant demand decrease
in the weekend. The daily peak of Time Square usually occurs in the evening which
makes sense since people like to have fun at that time. For JFK Airport, we see
three local peaks in a day representing the peak hours in the morning, afternoon and
evening. The taxi demand pattern around JFK Airport is highly determined by the
flight schedule. The weekly peak usually comes on Sunday resulted by the returned
flights for people who come back for the Monday job.

6.2.3

Procedures

Experiment settings are as follows:
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Figure 6-3: Typical taxi demand pattern of the Metropolitan Museum of Art and
Wall Street
" This experiment is conducted on the Aliyun ECS server, with Ubuntu operating
system, 16 cores and 64GB memory.
" The first-year(2012) data is used as training samples for every model, so that
the forecasting experiment starts at the beginning of 2013.
" Taxi data is aggregated by hour. At the end of each hour, the task is to forecast
the taxi pick-up demand in the next 12 hours.
" 10 target locations are modeled separately and in parallel.
" Considering the computational efficiency, models are trained once per day instead of once per hour.
" The models being tested are: K nearest neighbors, artificial neural networks,
support vector machines, decision trees, random forests and multi-model ensemble.
Based on the above settings, let's take go through a few steps of the experiment:
1. At 2013-01-01 Oam, process the aggregated historical data in the 10 target
locations as training data.
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Figure 6-4: Typical taxi demand pattern of the Time Square and JKF airport
2. Use the models to forecast the taxi pick-up demands in the next 12 hours in
each of the target locations, so that 6 models * 12 hours * 10 locations = 720
values will be produced every hour.

3. FRom lam to 11pm, hourly repeat step 2 to produce the forecasted values.

4. At the beginning of a new day (Oam), go back to step I and repeat the training
and forecasting process.

5. Once forecasting process ends, all the forecasted values are compared with the
real values to measure the model performances.

To summarize, there are totally 8748 time steps in 2013 to make predictions for
the future taxi demands, calculated by 365 days * 24 hours - last 12 hours. At each
step, 840 forecasted values axe produced for performance measures.
Moreover, due to statistical characteristics of artificial neural networks and random
forests, the test runs 5 times and the average results are generated.
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6.3

Performance measures

Performance measure is a critical to model evaluation and selection. It verifies how
accurate the fitted models perform in forecasting. As discussed in chapter 4 and 5,
performance measures are frequently used to select the best parameters and the most
appropriate ensemble method. In this thesis, we focused on three types of performance
measures: Mean Absolute Error(MAE), Mean Absolute Percentage Error(MAPE)
and Root Mean Squared Error(RMSE). Each type has specific properties that can be
good references to evaluate and select models.
Mean Absolute Error(MAE) is defined as

MAE

-

n

11~i-

ydI

(6.1)

i=1

where n is the number of points,

yj is the forecasted

value and yj is the real value. It

measures the average absolute deviation of forecasted values from real ones, showing
the magnitude of overall error. Obviously, for a good forecast, the obtained MAE
should be as small as possible. Also, MAE depends on the scale of measurement and
data transformations.
Mean Absolute Percentage Error (MAPE) is defined as

MAPE =!ZII11Yi_- Y 1(6.2)
ni=1

Y

where n is the number of points, & is the forecasted value and yj is the real value.
This measure represents the percentage of average absolute error occurred. Unlike
MAE, MAPE is independent of the scale of measurement, but affected by data transformation. MAPE is very meaningful in measuring taxi demand forecasting problem,
since the scale of demand varies from time to time and target locations have different
taxi demand patterns.
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Root Mean Squared Error (RMSE) is defined as

RMSE =

(n

-

(6.3)

where n is the number of points, 9j is the forecasted value and yj is the real value. It
is a measure of average squared root deviation of forecasted values. It emphasizes the
fact that the total forecast error is in fact much affected by large individual errors.
Although RMSE is a good measure of overall forecast error, but it is not as intuitive
and easily interpretable as MAE and MAPE.
In order to have a clear understanding and evaluation of how the models actually
perform, we set up a baseline which is a very simple method to make predictions. The
baseline forecasting can be regarded as a reference point to see how much better(or
even worse) the machine learning models work than normal strategy. The baseline we
use is moving the average of demand at the same time of previous weeks, as defined:
N
be= Dtj*47ays

(6.4)

where Dt is the forecasted demand at time t, Dt-i-7&y, is the actual demand at the
same time of ith week before, N is the number of weeks to make average. In this
study, we use N = 4 to generate the baseline.

6.4
6.4.1

Key findings
Overall model performances

In order to have a general evaluation of each model's performance, we first measure
the overall MAE, MAPE, RMSE of every model regardless of locations and times.
Since the forecasted values are generated at each time step for the same locations
and same future time steps, we get exactly the 1,049,760 forecasted results from each
model. Their performance measures are summarized in Table 6.3, in which BS is
the baseline, KNN is K nearest neighbors, ANN is artificial neural networks, SVM is
68

Table 6.3: Ovarall performance measures of each model

Model

MAE

MAPE(%)

RMSE

BS
KNN
ANN
SVM
DT
RF
ME

44.5
37.8
34.8
34.1
33.5
30.0
25.3

18.5
15.2
14.2
14.3
13.9
12.7
10.6

60.0
51.5
46.2
44.2
44.3
40.2
33.1

support vector machines, DT is decision trees, RF is random forests and ME is the
multi-model ensemble.

6.4.2

Location-based model comparison

As discussed in section 6.2, taxi demand patterns in different locations vary a lot
resulted by demography, landscape, etc. Evaluate model performances in different
locations is meaningful that we will see whether the adaptive forecasting system is
really necessary or not. In this experiment, we have 10 target locations. For each
location, we measure the MAE, MAPE and RMSE of each model, as Table 6.4, 6.5
and 6.6 show. We also rank the model performances at each location, the the ranks
of a model are summed up. For example, in Table 6.4, the numbers of KNN in
Metropolitan Museum is 8.1(2), meaning its MAE equals 8.1 and the it is the 2nd
best model for this location.
Even though the test has been run for 5 times, result of each run shows very little
deviations. As we mentioned, for each model at each location, there are 8748 time
steps in each 12 hours ahead are forecasted. This means the results are actually the
average of 104976 numbers. Table 6.7 shows the standard deviations of MAPE of
ANN and RF among the 5 runs.
As we can see from the tables, despite of the different characteristics of MAE,
MAPE and RMSE, the results of these three measures are almost consistent. Clearly,
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Table 6.4: MAE of models in target locations

Location

BS

KNN

ANN

SVM

DT

RF

ME

Metropolitan Museum
Time Square
Grand Central Terminal
Public Library
Empire State Building
Union Square
New York University
City Hall
Wall Street
JFK Airport

12.3(7)
92.0(7)
85.6(7)
37.9(7)
50.6(7)
68.8(7)
10.9(7)
10.5(7)
14.1(7)
62.5(7)

8.1(2)
79.6(6)
82.2(6)
25.9(2)
38.2(4)
58.4(6)
8.3(5)
8.5(6)
13.2(6)
55.2(6)

10.3(5)
74.8(5)
64.2(2)
29.2(4)
41.4(6)
53.2(4)
6.5(2)
6.8(2)
10.8(4)
52.8(5)

11.0(6)
71.5(4)
65.4(3)
29.7(5)
34.2(2)
55.6(5)
10.1(6)
8.1(5)
11.1(5)
44.2(3)

9.2(4)
62.2(3)
72. 5(5)
31.6(6)
39.6(5)
49.2(3)
8.2(4)
7.4(4)
10.3(3)
44.5(4)

8.6(3)
56.0(2)
66.2(4)
28.1(3)
36.9(3)
42.0(2)
8.1(3)
7.0(3)
9.8(2)
40.1(2)

6.7(1)
46.1(1)
55.1(1)
22.8(1)
30.2(1)
37.2(1)
6.4(1)
6.7(1)
8.8(1)
33.2(1)

Rank Sum

(70)

(49)

(39)

(44)

(41)

(27)

(10)

Table 6.5: MAPE(%) of models in target locations

Location

BS

KNN

ANN

SVM

DT

RF

ME

Metropolitan Museum
Time Square
Grand Central Terminal
Public Library
Empire State Building
Union Square
New York University
City Hall
Wall Street
JFK Airport

15.2(7)
28.3(7)
21.2(7)
17.9(7)
18.2(7)
23.2(7)
14.7(7)
12.4(7)
12.8(7)
21.2(7)

9.8(2)
24.5(6)
20.2(6)
12.5(2)
13.8(4)
19.6(6)
11.2(4)
10.3(6)
11.0(6)
18.5(6)

13.5(5)
23.3(5)
15.6(2)
13.4(3)
15.0(6)
17.5(4)
9.3(2)
8.1(2)
8.7(2)
17.5(5)

14.0(6)
21.5(4)
15.9(3)
13.9(5)
12.3(2)
18.4(5)
13.4(6)
9.3(5)
9.9(5)
14.8(3)

11.2(4)
18.8(3)
17.7(5)
14.9(6)
14.5(5)
16.9(3)
11.4(5)
8.7(4)
9.3(4)
15.1(4)

10.5(3)
17.5(2)
16.1(4)
13.5(4)
13.3(3)
14.5(2)
10.9(3)
8.2(3)
9.1(3)
13.6(2)

8.1(1)
14.3(1)
13.5(1)
10.5(1)
11.1(1)
12.7(1)
8.7(1)
7.6(1)
8.1(1)
11.3(1)

Rank Sum

(70)

(48)

(36)

(44)

(43)

(29)

(10)
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Table 6.6: RMSE of models in target locations

Location

BS

KNN

ANN

SVM

DT

RF

ME

Metropolitan Museum
Time Square
Grand Central Terminal
Public Library
Empire State Building
Union Square
New York University
City Hall
Wall Street
JFK Airport

12.9(7)
105.5(7)
95.1(7)
41.6(7)
53.1(7)
77.0(7)
11.8(7)
11.7(7)
16.1(7)
68.0(7)

9.1(2)
89.7(6)
89.9(6)
28.7(2)
40.6(4)
63.9(6)
9.1(5)
9.5(6)
14.1(6)
58.6(6)

11.8(5)
82.0(5)
65.5(2)
32.1(4)
46.4(6)
57.9(4)
7.2(2)
7.3(2)
12.4(4)
58.2(5)

12.0(6)
75.4(4)
71.6(3)
32.6(5)
37.5(2)
58.6(5)
10.7(6)
9.2(5)
12.5(5)
47.8(3)

10.3(4)
68.9(3)
77.9(5)
34.2(6)
43.4(5)
54.5(3)
9.0(4)
8.4(4)
11.0(3)
49.2(4)

9.5(3)
61.7(2)
74.0(4)
30.6(3)
39.3(3)
44.4(2)
8.9(3)
7.8(3)
10.9(2)
45.4(2)

7.4(1)
48.4(1)
60.2(1)
26.1(1)
32.6(1)
40.6(1)
6.7(1)
7.2(1)
9.7(1)
36.4(1)

Rank Sum

(70)

(49)

(39)

(44)

(41)

(27)

(10)

Table 6.7: Standard deviations of the MAPE(%)
Location

ANN

RF

Metropolitan Museum
Time Square
Grand Central Terminal
Public Library
Empire State Building
Union Square
New York University
City Hall
Wall Street
JFK Airport

0.019
0.009
0.008
0.021
0.020
0.012
0.018
0.023
0.025
0.014

0.024
0.012
0.013
0.022
0.016
0.014
0.022
0.021
0.018
0.016
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in all the 10 target locations, all the machine learning models perform better than the
baseline. Meanwhile, multi-model ensembles have significant better performances over
other models(approximately 3-5% decrease of MAPE). This result strongly proves
that the multi-model ensemble estimator improves the accuracy of taxi demand forecasting.
Among KNN, ANN, SVM and DT, there is no optimal single model that dominates other in all cases, which also supports the advantages of combining single models
together. Moreover, we have some findings regarding the single models:

" In most cases random forests perform better than decision trees. The possible
reason is that it is easier for decision trees to be overfitting. Random forests
are preferred since it provides better generalization.

" Artificial neural networks have good performance in Grand Central Terminal,
New York University and City Hall.

One common characteristic among the

three locations is that the activities around there are highly determined by
stable calendars (public transportation, school and working). As a result, the
taxi demands in these three locations have useful seasonal information, which
can be well captured by ANN.

" K nearest neighbors work well for Metropolitan Museum and Public Library,
where the schedules are usually fixed. In these locations, we see the strong similarities among the taxi demand pattern from past to current periods. Therefore,
KNN is usually able to find the near neighbors that happened before.

" Random forests perform significantly better than other single models in Time
Square, Union Square and JFK Airport. One potential reason is that the taxi
demand in theses locations fluctuates wildly and is more sensitive to exogenous
inputs than other locations, in which the random forests are well fitted.
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Table 6.8: MAPE of time-based forecasting performances

6.4.3

Model

Short-term

Mid-term

Long-term

BS
KNN
ANN
SVM
DT
RF
ME

18.5
12.7
12.5
12.1
11.6
10.1
8.6

18.5
16.2
14.3
14.0
14.8
13.1
11.1

18.5
16.7
15.8
16.8
15.3
14.9
12.1

Time-based model comparison

In addition to location, the number of time steps ahead for forecasting is another
factor that affects the model performances. A model good at short-term forecasting
may not work well for mid-term or long-term forecasting and vice versa.

In this

experiment, we measure the forecasting accuracy of each model over different time
steps ahead to forecast, as shown in Table 6.8. Here short-term is defined as 1-4 hours
ahead; mid-term is 5-8 hours ahead and long-term is 9-12 hours ahead respectively.
From the time point of view, multi-model ensemble also has better performances
than any other single models for the short-term, mid-term and long-term future. In
general, all models have better forecasting results in short-term future than mid-term
and long-term futures, which makes sense intuitively. However, as shown in Table
6.8, the increase of MAPE from mid-term to long-term forecasting is greater than the
increase from short-term to mid-term. One explanation is the cycling pattern of taxi
demand that makes the accuracy differences not significant among the forecasting for
relatively long future.
Except for ME and RF, the short-term forecasting of KNN, ANN, SVM and DT
have similar performances. However, from short-term to mid-term forecasting, the
MAPE of KNN increases sharply from 12.7% to 16.2%. This makes sense since the
similarity between near neighbors and current period doesn't represent the similarity
for their mid-term and long-term future. It is also the reason that makes the overall
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Table 6.9: Selected times of three ensemble methods under three performance measures

Model

MAE

MAPE

RMSE

Total

SB
WC
CM

403,108(38.4%)
373,714(35.6%)
272,938(26.0%)

432,501(41.2%)
412,555(39.3%)
204,703(19.5%)

328574(31.3%)
422003(40.2%)
299181(28.5%)

1,164,183(37.0%)
1,208,272(38.4%)
776,822(24.6%)

Total

1,049,760

1,049,760

1,049,760

3,149,280

performance of KNN worse than other models.

6.4.4

Additional findings

Besides the performance measures mentioned above, we have a few additional findings
which are useful when considering taxi demand forecasting.
One finding is about ensemble methods. In this thesis, three ensemble methods
have been proposed: select-best, weighted combination and collaborative modeling.
Table 6.9 shows the times being selected of each methods under three measures. SB
stands for select-best, WC is weighted combination, CM is collaborative modeling.
To compare select-best and weighted combination, we need to consider the tradeoff between bias and variance. In general, select-best leads to lower bias but higher
variance than weighted combination. If the performance measure is sensitive to large
errors, e.g., RMSE, weighted combination works slightly than select-best since it provides more robust forecasting. If MAE or MAPE is used for evaluation, there is no
significant performance difference between these two methods. Regarding collaborative modeling, the effects really depend on the specific situations. For the locations
or periods that the data can be well decomposed, this method works better than
select-best and weighted combination, since single models are assigned to their suitable subtasks and their results are well combined. However, in cases that there are
missing data for some features, collaborative is not able to produce satisfied results.
The second finding is the dynamic features importance. In normal cases, historical data is the most important. The data is complete and rich that trends can be
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easily inferred from the historical pattern. However, in special cases, the exogenous
inputs also plays important roles. For instance, under extreme weather days such
as blizzard, the weather features including weather forecasting would affect the taxi
demand significantly. Figure 6-5 shows the low taxi demand when super storm Sandy
came on Monday. As we can see, its impact lasted for the whole week until Sunday.
Also, big events like parade and sport games also highly determine the taxi pattern
when they occur. The dynamic features importance also supports the idea of adaptive
forecasting system which provides faster response to the pattern changing than fixed
models.
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210000
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Time
Figure 6-5: Taxi demand pattern of Sandy week vs. normal week

6.5

Summary

In this chapter, we conducted a case study to evaluate the models discussed in chapter
4 and chapter 5. NYC taxi records were used to measure the model performance,
in which 10 target locations representing difference typical taxi demand patterns
were selected. Three performance measures(MAE, MAPE and RMSE) were used in
the experiments to evaluate each model. Results prove the multi-model ensemble's
capability to provide better performances over other single models. Also, different
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performances of single models in difference locations and time were also analyzed in
order to understand the advantages of adaptive forecasting system.
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Chapter 7
Thesis Summary
7.1

Thesis contribution

This thesis proposes a real-time forecasting system for taxi demand based on machine learning approaches. Rather than using single models and focusing on overall
forecasting performance, this thesis proposes ensemble methods to combine different
single models and have them collaborateto build a comprehensive and robust model.
Range searching is an important technique to query data within specific ranges,
which is useful to preprocess multi-dimensional data. This thesis implements three
data structure for orthogonal range searching for the taxi data. They are Kd-trees,
range trees and layered range trees. Theoretical efficiencies and practical considerations of these three data structures are discussed. The selection of data structure is
determined by the computational power and query frequency.

Layer range trees is

the optimal choice when fast query is the first priority, while Kd-trees is more appropriate if we only have restricted storage space. Moreover, when there are lots of
records to report compared with the total amounts, the query efficiency is dominated
by the number of records for either data structure, so that storage complexity should
be more considered.
This thesis discusses machine learning approaches to taxi demand forecasting. Six
factor categories that may affect taxi demand are analyzed. Single ML models such as
K nearest neighbors, artificial neural networks, support vector machines and decision
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trees are discussed. Instead of digging into details, we focused on the advantages and
disadvantages of each model when facing taxi demand forecasting problem. Traditional ensemble methods including bagging and boosting families are compared. Their
limitations draw my attention and motivated me to build an multi-model ensemble
estimator that combines single models to provide better forecasting.
A multi-model ensemble estimator consists of five phases: single model training,
parameter optimization, ensemble construction, ensemble selection and forecasting.
This ensemble estimator is more sensitive to the pattern changing than using single
models, which ideally will always find the most appropriate model in real time or
construct a new complex model as a combination of several models. In facing taxi
problems, big forecasting errors will produce negative impact by misleading the taxi
drivers and companies. The weighted combination proposed in this thesis is designed
to reduce the variance of forecasted results so as to avoid big errors.
Finally, we evaluate the multi-model ensemble estimator and single modeling
through a case study. NYC taxi records are used to test the performance of each
model.

Rather than measuring models' performances over the whole dataset, we

select 10 target locations that each represents specific characteristics and test the
models in each location. Results show that no single model has dominant advantages
over others. Instead, certain models are appropriate for certain cases. Only the multimodel ensemble estimator preforms significant better than any single models, since
it is able to combine the advantages of several single models, provide faster response
to the pattern changing, as well as reduce variances to effectively avoid big errors.

7.2

Future research direction

* Intelligent hyperparameters optimization
As stated in the case study, hyperparameters are optimized in each time step.
Grid search and random search are two general approaches to find the optimal results. For now optimization among time steps are totally independent.
Since each set of hyperparameters is tested and the results are generated fre-
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quently, intelligent hyperparameters optimization can be analyzed to improve
the computational efficiency as well as optimization effect. For example, hyperparameters perform poorly in several time steps can be removed from the
candidate sets.
" Taxi dispatch system
The goal of this thesis is to build a real-time estimator for the taxi demand
forecasting, which assists and supports taxi operations. Taxi companies can
dispatch taxis according the forecasted taxi demand in the future. A meaningful
direction is to build a system to provide decision support for taxi dispatches on
the basis of the demand estimator.
" Incorporate more models
The main work of this thesis is to validate the idea of combining single models
for the taxi demand forecasting problem. So we only focus on the basic version of
the machine learning models. Future research can incorporate the rich variants
of those models.
" Optimization of subsets for building multi-model ensemble estimator
The five-phase ensemble estimator contains single model training, parameter
optimization, ensemble construction, ensemble selection and forecasting. Independent subsets of data are used for each of the five phases. Further analysis
on how to optimize the subset selection for each phase is helpful to improve the
performance.
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Appendix A
Examples of holiday impacts on taxi
demand
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Figure A-1: Taxi demand in the week when 2013 New Year's Day came on Tuesday
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Figure A-2: Taxi demand in the week when 2013 Memorial Day came on Monday
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Appendix B
Typical taxi demand pattern in
target locations
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Figure B-1: Typical weely taxi demand in the Metropolitan Museum of Art

83

-

Time Square

800

C600

E
400
C2

0

'

R2001

Mon

Tue

Thur

Wed

Fri

Sat

Sun

Time
Figure B-2: Typical weely taxi demand in the Time Square
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Figure B-3: Typical weely taxi demand in the Grand Central Terminal
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Figure B-4: Typical weely taxi demand in the Public Library
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Figure B-5: Typical weely taxi demand in the Empire State Building

85

-

Union Square

800

0600

E
4)

~400

......

......

.

........

..

0

0

X200

....----

0
Tue

Mon

Thur

Wed

Fri

Sat

Sun

Time
Figure B-6: Typical weely taxi demand in the Union Square
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Figure B-7: Typical weely taxi demand in the New York University
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Figure B-8: Typical weely taxi demand in the City Hall
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Figure B-9: Typical weely taxi demand in the Wall Street
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Figure B-10: Typical weely taxi demand in the JFK Airport
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