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Abstract: As we know that the transportation sector is playing most important role in our life and most of
the person want to use personal vehicle to transportation but not having any personal vehicle to
transportation so in this case Uber taxi cab company provides the 3 & 4 wheeler vehicle according to the user
need and time. According to the facts whenever users uses the own vehicle for the transportation then time is
more saves ad easy to go anywhere and anytime as compare to uses private vehicle. Uber company provides
this type of facility to the peoples and user feel the comfortable and easy to use. Uberis a ride-hailing
company that offers the Uber mobile app, which you can use to submit a trip request that is automatically
sent to an Uber driver near to you, alerting the driver to your location. The accepting Uber driver will then
come and pick you up and drive you to your requested destination. The Uber app automatically figures out
the navigational route for the driver, calculates the distance and fare, and transfers the payment to the driver
from your selected payment method, without you having to say a word or grab your wallet. This type of
acility works o the mobile based technology. now we try to analysed the user data to Uber uses your
personal data in an anonymised and aggregated form to closely monitor which features of the Service are
used most, to analyze usage patterns and to determine where we should offer or focus our Service.
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L. INTRODUCTION

For nearly five decades, liveability has been referenced as a key attribute for community and urban planning
worldwide [1], [2]. More recently, it has been firmly placed in the global policy lexicon by its inclusion in
three of the principles and commitments of the New Urban Agenda (NUA) adopted by the UN in 2016 [3].
The NUA is notable as it represents a significant international policy commitment in support of the
Sustainable Development Goals (SDG), and more specifically SDG11, and what some have referred to as a
pro-urban future [4], [5]. SDGI11 sets out a goal for the international community to “make cities inclusive,
safe, resilient and sustainable”. While it is clear that the authors of the NUA perceived liveability as playing
a role in eradicating poverty (Paragraph 14a), and as an indicator of both social inclusion and cohesion
(Paragraph 40) and sustainable urban transport and transit systems (Paragraph 114) [3], no where within the
NUA or supporting documents the concept of liveability is defined [3], [6]. This is not entirely surprising.
Indeed, authors have commented on the widespread use of the term, despite the ambiguity in meaning in
policy documents and scholarly articles [7], [8]. According to Newton [7], liveability can be defined as a set
of attributes of a place, encompassing housing, neighborhood and region aspects that contribute to residents’
quality of life and well-being. A recent review of the literature on relevant indicators of liveability suggests a
broad range of contributory indicators across 11 policy domains (the natural environment, crime and safety,
education, employment and income, health and social services, housing, leisure and culture, food and other
goods, public open space, transport, social cohesion and local democracy), although the relative importance
of each is unclear [1].

Uber is a mobile app taxi program. A car owner with a private car can earn money by verifying that it is a
driver of Uber. Passengers can call online or reserve an Uber driver. Passengers must pay for the fare
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online.Over time, Uber has developed into a variety of ride modes including carpooling. Its price is
generally cheaper than a taxi. Therefore, the development of Uber is very rapid.

TAXICABS INNEW YORK CITY:-

Taxi is a common public transportation in the city. Unlike public transportation such as buses and subways,
taxi lines are not fixed and random. The density of taxis varies greatly from region to region. It is non-
commuting and frequent. The main means of transportation, and its travel path, time, and get-off point
information are closely related to human activities, which can better reflect the behavior patterns of urban
residents [1]. Taxicab is a very important part of New York City's transportation architecture. They come in
two varieties: yellow and green. Taxis painted canary yellow are able to pick up passengers anywhere in the
five boroughs. Those painted apple green are allowed to pick up passengers in Upper Manhattan, the Bronx,
Brooklyn, Queens (excluding LaGuardia Airport and John F. Kennedy International Airport), and Staten
Island. Both types have the same fare structure.

II MACHINE LEARNING

Machine learning teaches computers to do what comes naturally to humans and animals: learn from
experience. Machine learning algorithms use computational methods to “learn” information directly from
data without relying on a predetermined equation as a model. The algorithms adaptively improve their
performance as the number of samples available for learning increases.

REAL-WORLD APPLICATIONS

With the rise in big data, machine learning has become particularly important for solving problems in areas
like these:

» Computational finance, for credit scoring and algorithmic trading

* Image processing and computer vision, for face recognition, motion detection, and object or diseases
detection

» Computational biology, for tumor detection, drug discovery, and DNA sequencing

* Energy production, for price and load forecasting * Automotive, aerospace, and manufacturing, for
predictive maintenance

* Natural language processing

HOW MACHINE LEARNING WORKS

Machine learning uses two types of techniques: supervised learning, which trains a model on known input
and output data so that it can predict future outputs, and unsupervised learning, which finds hidden patterns
or intrinsic structures in input data.
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DATA SCIENCE:- Data Science is a blend of various tools, algorithms, and machine learning principles with
the goal to discover hidden patterns from the raw data. But how is this different from what statisticians have

been doing for years?

—  Business Administration

Analyst

- Exploratory Data Analysis <—

Machine Learning &

Advanced Algorithms <« Data Scientist

Data Product Engineering <+

R LANGUAGE:- R is a language and environment for statistical computing and graphics. It is a GNU
project which is similar to the S language and environment which was developed at Bell Laboratories
(formerly AT&T, now Lucent Technologies) by John Chambers and colleagues. R can be considered as a
different implementation of S. There are some important differences, but much code written for S runs
unaltered under R.

R provides a wide variety of statistical (linear and nonlinear modelling, classical statistical tests, time-series
analysis, classification, clustering, ...) and graphical techniques, and is highly extensible. The S language is

© 2021, IJSREM | www.ijsrem.com | Page 3



http://www.ijsrem.com/
http://www.gnu.org/
http://www.gnu.org/

2 3
’%JSREN%

e-Journal

) International Journal of Scientific Research in Engineering and Management (IJSREM)
ReSLSAI~  Volume: 05 Issue: 06 | June - 2021 ISSN: 2582-3930

often the vehicle of choice for research in statistical methodology, and R provides an Open Source route to
participation in that activity.

One of R’s strengths is the ease with which well-designed publication-quality plots can be produced,
including mathematical symbols and formulae where needed. Great care has been taken over the defaults for
the minor design choices in graphics, but the user retains full control.

R is available as Free Software under the terms of the Free Software Foundation’s GNU General Public
License in source code form. It compiles and runs on a wide variety of UNIX platforms and similar systems
(including FreeBSD and Linux), Windows and MacOS.

III. RESEARCH AND METHODOLOGY

A. Data Quality Analysis: A critical stage in data analysis is to identify and characterize missing data
in the target data set. By identifying missing data and taking it in to account, awareness of data
quality issues can guide the data handling strategy for further and deeper analyses. A missing data
accounting and visualization toolset

B. Preliminary Mean ETA Analysis by neighborhood: To understand high level differences between
regions and Uber variants, the mean ETAs by service variant and neighborhood was calculated and
visualized. Figure 5 shows a grouped bar chart representing mean ETAs for both Uber variants for
selected neighborhoods, for both normal and rush hour periods. For these neighborhoods, the chart
highlights an overall consistent mean ETA difference between Uber variants, while only a small
deviation in mean ETAs between normal and rush hour periods. This suggests that choice of service
variant may be more impacting in ETA than the choice of taking service at normal or in rush hours.

C. Time-Series Analysis of Hourly and Daily Mean ETAs: Mean ETA data was plotted (i) hourly
by Uber service variant (see Figure 6, and (ii) daily by both service variant and region for the month
of February 2018 (see Figure 7). The former illustrates, as expected, an increase in mean ETAs
during rush hour periods that explained by increased traffic, traffic jams and demand for the Uber
Service. Also as expected, a great increase in ETA is observed late in the night, probably due to a
lower demand or low availability of drivers. The latter month-wide analysis is more insightful. The
clustered and distinct curves in Figure 7 reveals that different city regions have a different Uber ETA
profile. Visual peak detection analysis clearly identifies numerous peaks that cursory desk research
can reveal to be context-sensitive. They are related to (i) city-wide events, in this case, Carnival, and
(i) weather events e.g. Natal experienced a very rainy period in February 2018. Increased ETAs
during Carnival may a result of demand surges from tourists or lower driver supply during the
holiday period. Increased ETAs during rainy days may indicate infrastructural or public transit
problems in the city. This analysis in particular highlights both the potential but limits of Uber data
for urban livability research.

D. Spatial Analysis: Once collected, ETA estimates depend on geographic coordinates, a choropleth
map in which neighborhoods are colored according to their mean ETA measurements can be
constructed with the folium [42] Python library. A choropleth map constructed from the
geographical features of Natal and Uber X ETA data is presented in Figure 8. It visually ratifies
some findings of previous analysis. For example, it is possible to notice that northern and western
neighborhoods are subject to higher waiting times. Note that Uber X variant was chosen for this
choropleth because it is the most used variant among Uber products in Brazil [43].

E. Uber as an Urban Livability Index: Correlational Analysis Data analysis up to this point yielded a
reasonable ground for suspecting that Uber service performance may be influenced by socio-
economic factors and that Uber ETA has potential as an urban livability indicator. We have shown
that Uber data is relatively easy to collect in real-time, can be manipulated and visualized so that it
can be easily understood, provides different levels of geographic and temporal granularity, and is
context-sensitive. To explore its potential as an urban livability indicator further, the results of
Araujo and C " andido [15], [16] study on " urban expansion and quality of life in Natal (ULQI)
discussed in Section II and demographic information (population and density) on Natal (2016) [32]
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were combined to build a Natal Quality of Life (NQoL) data set. An illustrative sample of such data
is presented in Table II. By correlating the Uber ETA data and the NQoL data sets, a preliminary
assessment of the utility of Uber ETA data as an urban livability indicator can be assessed”.

IV. LITERATURE REVIEW

Two distinct sources of related works are of interest to this study - publications related to urban liveability
indicators 1 and those related to using Uber data. The Economist Intelligence Unit (EIU) Global
Liveability Index and the Mercer Quality of Living Ranking are two indices referenced widely in policy,
media and academic literature. The EIU Global Liveability Index is an annual rating of 140 cities for
relative comfort based on 30 qualitative and quantitative factors across five broad weighted categories
(stability, healthcare, culture and environment, education, and infrastructure) constructed using a
combination of external data points and the judgment of a group of in-house and external analysts [2]. It is
primarily used for employee mobility. Similarly, the Mercer Quality of Life Ranking evaluates living
conditions in 450+ cities worldwide based on 39 factors, grouped in 10 categories - political and social
environment, economic environment, socio-cultural environment, medical and health considerations,
schools and education, public services and transportation, recreation, consumer goods, housing and natural
environment. Scores are weighted to reflect their importance to expatriates. Like [2], the primary focus is
to support decisions in relation to employee mobility. It should be noted that Mercer do also offer services
to municipalities to assess factors that can improve their quality of living ranking [13]. Recognizing the
need for standardization of city indicators, the World Bank initiated the Global City Indicators Program
(GCIP) in 2006, which is comprised, at the time of writing, of 27 core and 36 supporting indicators [19].
Unlike, the purpose of the GCIP indices is to inform policy making and urban planning. The Global City
Institute Facility (GCIF) manages the GCIP dataset and claims to have data from 255 member cities from
82 countries. They go on to note that the GCIP was the framework for ISO 37120, the first international
standard on city metrics2 . Cities report indicators annually and the benchmark data is provided by the
GCIF including verification services. More recently, the Global Liveable Cities Index (GLCI) has been
proposed [20]. The GLCI comprises five categories of indicators e.g. economic vibrancy and
competitiveness, environmental friendliness and sustainability, domestic security and stability, socio-
cultural conditions, and political governance [20]. The GLCI places more emphasis on governance than,
for example, the GCIP and therefore in their reported analysis of 64 cities, findings are significantly
different. Notably, the GLCI seeks to further categorize cities in terms of their attractiveness to different
personality types and in this way, it integrates a citizen-centric approach however the scientific rigour
behind this classification is lacking in detail. Of specific relevance to this paper, the recent works by Araujo
and C " andido [15], [16] outline the development of © ULQI and its application to Natal and its districts.
Unlike the indices above, the ULQI does not use any subjective data and is based on four variables (Urban
Environmental Infrastructure, Urban Equipment and Services, Socio-economic, and Safety) comprising 23
quantitative indicators [16]. There are a number of observations to note with regards to the indices above.
Firstly, they all comprise indicator sets. As such, they can be complex and difficult to interpret [21].
Secondly, they are all either annual or ad hoc (in the case of GLCI and ULQI) and therefore represent an
assessment at a single point in time and are not sensitive to temporal variations. Thirdly, with the exception
of ULQI, they comprise subjective and objective data and weighting. While [20] attempts comparison, it is
unclear whether this is methodologically sound. Fourthly, for international comparisons, they all require
significant time, effort and funding to collect data. Regarding research using Uber data, no scientific
research on urban liveability using Uber data was identified. This is not surprising as the Uber API has
only be available since 2016 and its use for liveability research is relatively novel. The Transportation
Sustainability Research Center at the University of California, Berkeley has published a series of papers on
the impact of on-demand ride services and its role and impact on urban transportation but not as an
indicator for liveability per se [22], [23]. Similarly, there is a large number of articles on the impact of
Uber on competition, the workforce and the need for regulation (see, for example, [24]—[26]), however
these are not particularly relevant to our research topic. Research studies using the Uber API typically fall
in to a small number of topic clusters, namely understanding pricing phenomena [27], optimizing
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itineraries and payoffs [28], consumer research [29], competitiveness research [30], and to build new
products and services [31].

V. PROPOSED ARCHITECTURE OF SYSTEM TO BE BUILT
This architecture is presented to implementation approach of our system —
The solution of the above problem is to make a software or website. We can understand by the
following system architecture of the given problem.
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Fig.1: System Architecture
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Fig.2:Data Flow Diagram

VIL. CONCLUSION

Uber is using real-time Big Data to perfect its processes, from calculating Uber's pricing to finding the
optimal positioning of taxis to maximize profits. Real-time data analysis is very challenging for the
implementation because we need to process data in real-time, if we use Big Data, it is more complex than
before. Implementation of real-time data analysis by Uber to identify their popular pickups would be
advantageous in various ways. It will require high-performance platform to run their application. So far no
research has been done on real-time analysis for identifying popular Uber locations within Big Data in a
distributed environment, particularly on the Kubernetes environment. To address these issues, we have
created a machine learning model with a Spark framework to identify the popular Uber locations and use
this model to analyze real-time streaming Uber data and deploy this system on Google Dataproc with the
different number of worker nodes with enabling Kubernetes and without Kubernetes environment. With the
proposed Kubernetes environment and by increasing the worker nodes of Dataproc clusters, the performance
can be significantly improved. The future development will consist of visualizing the real-time popular Uber
locations on Google map.
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