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Background

= Taxi and Uber in NYC are equipped with GPS and fare collection
systems.

= Trip data uploaded and made available to the public.

% NYC Taxi & Limousine Commission (TLC) website:
http://www.nyc.qov/html/tic/html/about/trip record data.shtml
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This dataset includes trip records from all trips completed in yellow and green taxis in

TLC News NYC in 2014 and select months of 2015. Records include fields capturing pick-up and
TLC Site Map drop-off dates/times, pick-up and drop-off locations, trip distances, itemized fares, rate
types, payment types, and driver-reported passenger counts. The data used in the
c . attached datasets were collected and provided to the NYC Taxi and Limousine
ontact/Visit TLC

Commission (TLC) by technology providers authorized under the Taxicab & Livery
Passenger Enhancement Programs (TPEP/LPEP). The trip data was not created by the
TLC, and TLC makes no representations as to the accuracy of these data.
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Motivation

= Results can benefit: taxi
companies, urban planning
companies, taxi drivers, etc.

= Comparing taxi with Uber gives
insight into their respective
business strategies.

= Leverage historical data to
understand current and future taxi
and Uber rides and their
transportation patterns.




Goals

= Understand traffic and travel patterns, discover

relationships, and make predictions on the taxi and
Uber network

= Understand to what extent Uber has affected taxi

= Propose a service architecture to integrate the back-

end system that analyzes taxi data with application
front-end

User Smartphones with our
Application installed on it

Acquiring data from users,
analyze it with big data
technologies, and return
results to users

Taxi Data Analysis . Datab
Results h atabase




Data Processing Architecture

Local File System
Raw Data Scala Code
Upload Data 1 1 Upload Code
HPC Cluster
Spark
Data Filtering Data Aggregation
Data Profiling MLIib
Data Analysis Classification
I Compare Store 11 Retrieve
MapReduce Hive
Data Analysis [ Data Analysis
.‘_ gm— —
Data Adjusting Database




 Data Analytics and Visualization

 Application Specifics




Pick Ups by Day

= Plots daily pickup numbers
against day of month.

= Insight: Daily pickups differ
from Green Taxi to Yellow Taxi
to Uber, but all showing periodic
patterns

< Put more focus on certain days.

120,000

‘ 100,000
80,000
60,000

40,000

Number of Pickups

20,000

0

Uber

-‘\/,/ ‘.‘\\_"‘_,.-/./\_r,.——-.’""\ /’.\

0

3 6 9 12

~ 2014

600,000

Number of Pickups

250,000

80,000

&, 70,000

Number of Picku

60,000
50,000
40,000
30,000
20,000
10,000

0

550,000
500,000
450,000
400,000
350,000

300,000

Yellow Taxi

0 3 6 9 12 15

Date

18 21 24 27 30

|- 2013 ~ 2014 ~ 2015

Green Taxi

AAAAL

Nt D /

0

3 6 9 12 15 18 21 24 27 30
Date
2013 2014 — 2015




Pickups by Hours — Yellow Taxi

+ The diagram shows hourly pickups
of yellow taxi on the same date in
different years

“ Hourly pickups peak around 6-7pm,
hits bottom around 4-5am, showing
an average drop of 700% from peak
to bottom

= Insight: Periodic patterns for the
same date in different years reveal
that we can use historic pickups
data to predict future pickups
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Heatmaps By Hours — Yellow Taxi

= Plots pickup

heatmaps by hour of
day (Red — most
activity)

Comparing 2014 with
2015, shows a
strikingly similar
trend

Insight: can now
confidently use
historic data to
predict where a large
number of pick-ups

will occur in the future
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Pickups by Hours - Uber

= Similar periodic
patterns apply to
Uber as well
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Pickups By Month

= Plot monthly pick up
numbers for 2011-2015.

= Yellow taxi numbers
declining. Green taxi
increasing initially, then
plateaus. Uber increasing.
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Pickups By Month - Combined

= Compare percentage
of shares reveals
growth pattern:
Uber increasing
Yellow decreasing
Green staying flat

< Insight: we can make
an assumption from
the diagram that the
rise in Uber causes
the decline of yellow
taxi.
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Location Heatmaps
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Pickup Numbers

Location by Boroughs - Uber

=~ Plots daily and monthly Uber pick ups over 6 months
in 2015 by each borough

= Insight: pick up numbers gradually increasing for all
boroughs, but increase rates of Brooklyn and
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Queens & Brooklyn Zones - Uber

= Plots pickup numbers by different zones (districts inside a borough)

= Zones in Queens and Brooklyn vary a lot in terms of pickups and
concentrate in only a few zones. This information can be used by drivers

= Insight: chance of getting a ride increases for zones with a high number of
pick ups
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Total pick up numbers
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Classification — Spark MLIib

= Classify a new point on the map to be one of three
categories: yellow, green or Uber.

= Train classifiers to find the dominating category for
each region.

Uber Yellow Taxi

Green Taxi



Classifier — Logistic Regression

= Classifier Kernel: Multi-label Logistic Regression with
Limited-Memory BFGS

= Datasets: Pickup coordinates of Yellow/Green/Uber
= Input: given any location in NYC

= Qutput: suggestion to users on whether to choose
Yellow Taxi, Green Taxi or Uber in terms of pickups
frequency in that location

= Training/Testing data split: 80%/20%

= Accuracy: 60%



Model Inputs and Outputs

Given a point from user

= Take adequate random points around
the given point

= Spark-Submit

= Output prediction based on the top

result, which in this case is Uber



Combine the model with Ul

Address given by user = Google Geocoding API

= Fetch coordinate as the input
= Output prediction based on the given point among
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Recommendation System

We propose a recommendation system as follows:

= Feature: Given a new point, obtain the points region,
then classify the region into yellow, green or Uber

= For passengers: given any location in NYC, can
suggest to passengers whether yellow taxi, green
taxi or Uber is an optimal choice

= For Taxi drivers: spatially avoid areas predicted to
be dominated by Uber and temporally focus on the
dates with higher historical pickups

= For Uber drivers: spatially focus on the zones with
higher historical pickups



Applying Model — Test assumption

= Sample: 3 million random location points for testing

= Predicting on 2014-04 model: 599895 points were
classified as Uber

= Predicting on 2014-08 model: 798479 points were
classified as Uber, predicted 200K more points as
Uber

= Conclusion: Uber is directly affecting the number of
taxi pickups, previous taxi heavy regions are
gradually taken by Uber

= Insight: NYC Taxi Commission needs to change
strategy on which locations to send taxi



Location Heatmaps - Uber

= Heatmaps also
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Future Works

= Improve classification accuracy
“ Try different classifiers and compare results

= lncorporate more features into the service
architecture



Thank You!



