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ABSTRACT

This project analyzes the US domestic flights dataset using pyspark data
frames. This will aim to predict which flight/flight carrier is most likely to be
cancelled or delayed. Using Pyspark, a big data technology tool, we can therefore
work with RDDs/Data frames/Datasets in Python. In this analysis will help us find
out what are the top airlines with the maximum delays/cancellations in the US.
Also, this project will investigate whether there are any factors that cause flight
delays/cancellations. Further, this project predicts if a flight will get cancelled or
not. In order to build the predictory system Machine learning models were
incorporated, where we modeled a binary classification problem with categorical
variables, logistic regression, decision tree classifier, random forest and gradient
boosted trees.
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CHAPTER 1
INTRODUCTION

The dataset was taken from Kaggle, comprised 7 CSV files containing data from 2009
to 2015, and was about 7GB in size. It contained information about airlines, delay information,
location details (origins and destinations), and cancellation (reasons labelled as cancellation
codes). It also had certain technical details such as the time that the plane was stationary on

ground.

My approach revolved around Apache Spark, specifically using PySpark with AWS EMR
cluster support. This virtual set-up uses distributed, in-memory data structures to improve
speeds for many data processing workloads by several orders of magnitude. As a unified

analytics engine, it allows us to parallelize large data processing tasks on a distributed cluster.

1.1 PYSPARK

PySpark is also great for exploratory data analysis at scale, building machine learning
pipelines, and creating ETLs (extract, transform, load) tools. Once the EMR cluster was
‘running,” | connected to Jupyterlab available as notebooks under AWS services and loaded
the data from S3 buckets by importing it through the Kaggle website. | performed exploratory

data analysis and model prediction.

One of the main concerns in air transport, and specifically in Air Traffic Management
(ATM), is the optimisation of trajectories to allow aircraft to reach their destinations in the
shortest possible time. A suboptimal trajectory has clear economic consequences, both for
passengers (i.e., longer travel times) and airlines (i.e., higher fuel and crew costs); but it also
affects the environment, as more fuel burnt implies larger quantities of pollutant emissions - to
illustrate, a medium range aircraft contributes to climate change with around 1.5Kg of CO2 per
minute of flight [1]. While prima facie the best trajectory is expected to be a straight (or
geodesic) one, real operations are more complex, with multiple factors modifying this trivial
solution. For instance, planners try to avoid enroute headwinds, and to take advantage of
tailwinds; and they further have to comply with the structure of airspaces and routes, designed
to ensure an effective air traffic control, and hence the safety of operations. Research efforts
to define and measure efficiency in air transport have been focused on three complementary

aspects. On one hand, several works have tried to assess how efficient the actual system is



from a global perspective, i.e. its capacity of matching flights offer with demand. Examples of
this include focusing on the transportation demand of the state of Indiana; focusing on the hub-
and spoke network of the Java Island; and analysing the efficiency of 24 major international
airports. Moving the focus to flights themselves, a second set of works have been focused on
understanding the efficiency of different airspaces and on comparing them. Specifically,
proposed a set of metrics to define the lateral and vertical deviation from an ideal trajectory,
and to evaluate the additional fuel needed because of these deviations. A similar problem was
tackled by finding that vertical deviations account for a 3% increase in fuel consumption in the

US airspace. Comparable analyses were performed for Japan, US, Europe and China.



CHAPTER 2

LITERATURE SURVEY

Literature survey is the most important step in software development process. Before
developing the tool, it is necessary to determine the time factor, economy and company
strength. Once these things are satisfied, then the next step is to determine which operating
system and language can be used for developing the tool. Once the programmers start building
the tool the programmers need lot of external support. This support can be obtained from senior
programmers, from book or from websites. Before building the system, the above consideration

is taken into account for developing the proposed system.

The major part of the project development sector considers and fully survey all the
required needs for developing the project. For every project Literature survey is the most
important sector in software development process. Before developing the tools and the
associated designing it is necessary to determine and survey the time factor, resource
requirement, man power, economy, and company strength. Once these things are satisfied and
fully surveyed, then the next step is to determine about the software specifications in the
respective system such as what type of operating system the project would require, and what
are all the necessary software are needed to proceed with the next step such as developing

the tools, and the associated operations.

2.1 Data analytics development of FDR (Flight Data Recorder) data for airline

maintenance operations

In this article, we propose a data analytics development to detect unusual patterns of
flights from a vast amounts of FDR (flight data recorder) data for supporting airline maintenance
operations. A fundamental rationale behind this development is that if there are potential issues
on mechanical parts of an aircraft during a flight, evidences for these issues are most likely
included in the FDR data. Therefore, the data analysis of FDR data enables us to detect the
potential issues in the aircraft before they occur. To this end, in a data pre-processing step, a
data filtering, a data sampling, and a data transformation are sequentially performed. And then,
in this analysis, all-time series data in the FDR are classified into three types: a continuous

signal, a discrete signal, and a warning signal. For each type of signal, a high-dimensional



vector by arranging the time series data is chosen as features. In the feature section process,
a correlation analysis, a correlation relaxation, and a dimension reduction are sequentially
conducted. Finally, a type of k-nearest neighbor approach is applied to automatically identify
the FDR data in which the unusual flight patterns are recorded from a large amount of FDR
data. The proposed method is tested with using a realistic FDR data from the NASA’s open

database.

2.2 Big Data Analytics on Aviation Social Media: The Case of China Southern Airlines on

Sina Weibo

The proposed model; (3) using sentiment analysis to study the case of China Southern
Airlines on Sina Weibo, and illustrating Weibo users’ attitudes toward China Southern Airlines.
This study also discusses the practical implications for airlines to manage their social media
platforms. With the combination of a passenger’s social media value and passenger’s other

offline behavior information, we can establish a comprehensive profile for travelers.

2.3 Big Data Analytics in Airlines: Efficiency Evaluation using DEA

This study aims to quantitively evaluate the operational efficiency in the airline scheduling
and execution process by implementing big data analytics approach. Parameters for calculation
are obtained from prior studies. These parameters are calculated using Data Envelopment
Analysis (DEA) method to get efficiency scores for each operation process every month.
Finally, we argue that the data analytics approach is beneficial to be implemented in airlines

and find a decreasing trend in the efficiency score of the sample airline during 2017-2018.



CHAPTER 3
AIM &SCOPE
3.1 Aim

The main purpose of the project to explore detailed analysis on airline data sets such as
listing airports in the India, list of airlines having zero stops, list of airlines operating with code

share which country has highest airports and list of active airlines in united states.

3.2 Objectives

The main purpose of the project to explore detailed analysis on airline data sets such as
listing airports in the India, list of airlines having zero stops, list of airlines operating with code
share which country has highest airports and list of active airlines in united states. The main

objective is the processing bigdata sets using spark technology.

3.3 Advantages

e By using airline data analysis users time can be saved.

e Cost Savings

3.4 Landing Efficiency

As a first overview to the results, reports the distribution of the landing time for all airports.
As previously detailed, here landing time refers to the time from crossing an altitude of 10; 000
feet to touchdown. This time is of importance in operations, as flying at low altitude is slower
and implies higher fuel consumption; hence, a reduction of this time implies both savings in
costs, and a reduction of the environmental impact. Grey bands of correspond to the 15th-85th
percentiles range, while black and red horizontal lines respectively to the average and median
of the distribution. Two relevant observations can already be made. First of all, and opposed
with what may be intuitive ,airports are characterised by a great variability in the landing time -
for instance, it varies between 12 and 20 minutes for aircraft landing at London Heathrow
(EGLL).



This suggests that landing procedures are not fixed, and that important variations in
efficiency can be experienced. Secondly, large airports (e.g., EGLL, EHAM) are generally less
efficient than small ones (as, for instance, LSZH or EDDL), pointing towards the complexity of
the airspace as the main cause behind inefficiencies. The case of Zurich Airport (LSZH) is
especially noteworthy, as it presents a small average landing time and dispersion, even though
it is surrounded by mountains and its approach is considered one of the most complex in
Europe. If traffic seems to be globally associated to less efficient approaches, the same may
hold true at a more micro-level; in other words, one may expect a larger landing time in those

days with a higher volume of traffic.

To test this hypothesis, reports a scatter plot for each airport, depicting the median
landing time of each day as a function of the number of operations. Note that, in order to obtain
a more reliable estimation, this latter number includes all detected landings, thus not just those
fulfilling the filters described in Sec. Il. If these was a relationship between landing times and
traffic volumes, this would appear as structures in the scatter plot; instead, points are forming
clouds, thus suggesting no clear relationship. At the same time, a test indicates that, at least
for 7 of the considered airports, such hypothesis can be accepted in a statistically significant
way, with increases in the average landing time of around a 10%. We further analyse whether
the hour of the day and the season have an effect on the average and spread of the landing
time. As can be seen in, depicting the distribution of landing times as a function of respective
Ilythe hour of the day and the season, clear trends appear, at least in some airports. For
instance, Amsterdam Airport Schiphol (EHAM) and Barcelona-El Prat (LEBL) present a clear
positive correlation between mean landing time and traffic, with peaks in the 8h-12h time band.
On the other hand, the situation is less clear in the case of seasons, with some airports even
presenting a negative correlation; this is probably due to the too low resolution of an analysis
based on four consecutive months. In order to better spot the 7 presence of an overall

correlation, reports two scatter plots, with the deviation of landing time .



CHAPTER 4

SYSTEMS & MODULES

4.1 EXISISTING SYSTEM

In Existing system, an airport has huge amount of data related to number of flights, data
and time of arrival and dispatch, flight routes, number of airports operating in each country, list
of active airlines in each country. The problem they faced till now it's, they have ability to

analyze limited data from databases.

This study proposes a passenger value model based on a social media platform. Using the
case of China Southern Airlines on Sina Weibo, this study illustrates how big social data
analysis can help an airline company to understand better the passengers and improve
customer relationship management. The objectives of this study are threefold: (1) developing
a model of passengers' social media value, (2) discussing the possible application scenarios
for the proposed model, (3) using sentiment analysis to study the case of China Southern
Airlines on Sina Weibo, and illustrating Weibo users' attitudes toward China Southern Airlines.
This study also discusses the practical implications for airlines to manage their social media
platforms. With the combination of a passenger's social media value and passenger's other

offline behavior information, we can establish a comprehensive profile for travelers.

Airline schedule planning is a crucial issue in airline operation typically designed most
efficiently and effectively. Even so, the plan execution, including recovery actions to any
prevailed irregularities, has a considerable impact on airline efficiency. Those activities produce
a vast amount of operational data which contains valuable insights for businesses. This study
aims to quantitively evaluate the operational efficiency in the airline scheduling and execution
process by implementing big data analytics approach. Parameters for calculation are obtained
from prior studies. These parameters are calculated using Data Envelopment Analysis (DEA)
method to get efficiency scores for each operation process every month. Finally, we argue that
the data analytics approach is beneficial to be implemented in airlines and find a decreasing

trend in the efficiency score of the sample airline during 2017-2018.

4.2 PROPOSED SYSTEM

We want to analyze data regarding domestic flights to predict flight cancellations in the



US. We will analyze the cancellation including delay time, number of passengers, airline carrier,

scheduled and actual departure and arrival times, and reason of delay.

Using these values, we plan to future calculate delays caused by the airport, get the
count of the flights delayed with respect to the total number of flights etc. We also aim to
calculate the average airline delay time, which airline has the greatest number of delays, at
what time of the day do we see a greater number of delays in flights. We also want to see if
there are any seasonal delays i.e. if delays are mostly during the holiday season. We will use
Spark’s MLIib to create powerful machine learning models alongside the Data Frame syntax

and spark. We will set up on Amazon Web Services EC2 for big data analysis.

4.3 SYSYTEM REQUIREMENTS
4.3.1 HARDWARE REQUIREMENTS
e System: Pentium Dual Core.
« Hard Disk: 120 GB.
e Monitor: 15” LED
e Input Devices: Keyboard, Mouse
« Ram: 4 GB.

4.3.2 SOFTWARE REQUIREMENTS

e Operating system: Windows 7/10.
« Coding Language :Python
« Database: MYSQL

4.4 MODULES

« Data Profiling
e Data Wrangling

e Data Cleaning and Preparation



o Statistical Data Analysis
e Model Prediction

e Decision Tree classifiers

4.4.1 Data Profiling
To get a quick glance at the data, we loaded the 2009 csv file into a Resilient Distributed
Dataset (RDD) which is Spark’s representation of a dataset that is distributed across RAM, in
the memory of a cluster of many machines. Through this Spark session, | found that there was
about 27 unnamed variables and multiple null values. After combining the dataset (2009 to
2015 data), | created 3 major categorical CSV files namely: flight- cancellation, flight- delays,

and flight-profile. This was essential to debug.

4.4.2 Data Cleaning and Preparation
Originally, there was 28 variables to work with. After removing the unnamed columns, the
remaining 19 were checked for null values (as shown below). In addition, only columns with
relevant data about the flight profile, delay, and cancellation information were kept. With time
sensitive data, it was hard to recreate the null values with either mean or median of the data,
so | had to drop these records which boils down to over 6+ million records to still work with.
After cleaning out the date column, it contained only the yearly information which was used in

the analysis.

4.4.3 Statistical Data Analysis

e From the profile sub-dataset, there were 61,556,964 flight profile records including 7605
US domestic flights in total, around 380 unique origins and 378 unique destinations.
This information was populated in temporary tables ins 378 unique destinations. This
information was populated in temporary tables inside the Spark session to query

specifics.

e From the delay sub-dataset, there were negative values in the departure delay column
indicating that around 3,1204,918 flights were actually ahead of their scheduled time;
that is roughly 50% of the dataset. This means that 50% of the time flights were delayed.

¢ Within the cancellation sub-dataset, the cancel column is categorical data represented



by either a 0 or a 1 (not cancelled or cancelled respectively).

4.4.4 Model Prediction

To predict whether the flight would be cancelled or not, the dataset was

modeled as a binary classification problem with categorical variables.

« Prepare the data for machine learning: use String Indexer, One Hot

Encoder, and Vector Assembler to transform our features.

¢ Split the data into a 70/30 test and train ratio.
- Apply models: logistic regression, decision tree classifier, random forest

and gradient boosted trees

* Compare all the models’ accuracy for predicting cancellations.

4.4.5 Decision Tree Classifiers

Decision Tree Classifiers can handle categorical variables well and are able to
capture non-linearity. With the aid of the pyspark.ml. classification library, the Decision
Tree Classifier was imported. This was essential to show the probability of each

prediction and evaluate the model.

10



CHAPTER 5

SOFTWARE DEVELOPMENT METHODOLOGY

5.1 DESCRIPTION DIAGRAM
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Fig 5.1: Architecture

In fig 5.1 The data set is taken from Kaggle and then send these data to the simple data
pipes in that they will see whether the weather is good or suitable for travelling and the data set

will be trained these can be sent to jupyter notebook.

5.2 DATA FLOW DIAGRAM

Data Flow Diagram (DFD) is a graphical representation of the "flow" of data through an

information system. A DFD is created to provide an overview of the system

11
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Fig 5.2. Context Level Diagram
In fig 5.2 represents the context level diagram of airline data user will give information

to the system and then the administrator will update or modify the information these processed

information will get the user.

5.3 ALGORITHMS
5.3.1 Random Forest Algorithm:

Random forest is a supervised classification machine learning algorithm which uses
ensemble method. Simply put, a random forest is made up of nhumerous decision trees and
helps to tackle the problem of overfitting in decision trees. These decision trees are randomly
constructed by selecting random features from the given dataset. Random forest arrives at a
decision or prediction based on the maximum number of votes received from the decision trees.
The outcome which is arrived at, for a maximum number of times through the numerous

decision trees is considered as the final outcome by the random forest.

12



5.3.2 Working of Random Forest:

Random forests are based on ensemble learning techniques. Ensemble, simply means
a group or a collection, which in this case, is a collection of decision trees, together called as
random forest. The accuracy of ensemble models is better than the accuracy of individual
models due to the fact that it compiles the results from the individual models and provides a

final outcome.

How to select features from the dataset to construct decision trees for the Random Forest?

Features are selected randomly using a method known as bootstrap aggregating or bagging.
From the set of features available in the dataset, a number of training subsets are created by
choosing random features with replacement. What this means is that one feature may be

repeated in different training subsets at the same time.

5.3.3 Decision Tree Algorithm:

A decision tree is a flowchart-like tree structure where an internal node represents feature
(or attribute), the branch represents a decision rule, and each leaf node represents the
outcome. The topmost node in a decision tree is known as the root node. It learns to partition
on the basis of the attribute value. It partitions the tree in recursively manner call recursive
partitioning. Thisflowchart- like structure helps you in decision making. It's visualization like a
flowchart diagram which easily mimics the human level thinking. That is why decision trees are
easy to understand and interpret. Decision Tree is a white box type of ML algorithm. It
shares internal decision-making logic, which is not available in the black box type of algorithms
such as Neural Network. Its training time is faster compared to the neural network algorithm.
The time complexity of decision trees is a function of the number of records and number of
attributes in the given data. The decision tree is a distribution-free or non-parametric method,
which does not depend upon probability distribution assumptions. Decision trees can handle

high dimensional data with good accuracy.

How does the Decision Tree algorithm work?

e The basic idea behind any decision tree algorithm is as follows:

13



Select the best attribute using Attribute Selection Measures (ASM) to split the records.

® Make that attribute a decision node and breaks the dataset into smaller subsets.

Starts tree building by repeating this process recursively for each child until one of the

conditions will match:

All the tuples belong to the same attribute value.

There are no more remaining attributes.

There are no more instances.

5.3.4 Linear Regression:

Linear Regression is a supervised machine learning algorithm where the predicted
output is continuous and has a constant slope. It's used to predict values within a continuous
range, (e.g., sales, price) rather than trying to classify them into categories (e.g., cat, dog).

There are two main types:

Simple linear regression uses traditional slope-intercept form, where mm and bb are
the variables our algorithm will try to “learn” to produce the most accurate predictions. xx

represents our input data and yy represents our prediction.

y=mx+by=mx+b A

A more complex, multi-variable linear equation might look like this, where ww represents

the coefficients, or weights, our model will try to learn.

f(x,y,z)=wix+w2y+w3zf(x,y,z)=w1x+w2y+w3z ......... 2

The variables x,y,zx,y,z represent the attributes, or distinct pieces of information, we have about
each observation. For sales predictions, these attributes might include a company’s advertising

spend on radio, TV, and newspapers.

Sales=w1Radio+w2TV+w3News ........... 3

14



CHAPTER 6

RESULTS AND DISCUSSION

6.1 Results
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Fig 6.1 Collected Data

In Fig 6.1 This is the collected data from Kaggle and then load the data.
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Glossary

FL_DATE = Date of the Flight
OP_CARRIER = Airline Identifier

OP_CARRIER_FL_NUM = Flight Number

ORIGIN = Starting Airport Code

DEST = Destination Airport Code

CRS_DEP_TIME = Planned Departure Time

DEP_TIME = Actual Departure Time

DEP_DELAY = Total Delay on Departure in minutes

TAXI_OUT = The time duration elapsed between departure from the origin airport gate and wheels off
WHEELS_OFF = The time point that the aircraft's wheels leave the ground

WHEELS_ON = The time point that the aircraft'ss wheels touch on the ground

TAXI_IN = The time duration elapsed betwsen wheels-on and gate arrival at the destination airport
CRS_ARR_TIME = Planned arrival time

ARR_TIME = Actual Arrival Time = ARRIVAL_TIME - SCHEDULED_ARRIVAL

ARR_DELAY = Total Delay on Arrival in minutes

CANCELLED = Flight Cancelled (1 = cancelled)

CANCELLATION_CODE = Reason for Cancellation of flight: A - Airline/Carrier; B - Weather; C - National Air System; D - Security
DIVERTED = Aircraft landed on different airport that the one scheduled

CRS_ELAPSED_TIME = Planned time amount needed for the flight trip

ACTUAL_ELAPSED_TIME = AIR_TIME+TAXI_IN+TAX|_OUT

AIR_TIME = The time duration between wheels_off and wheels_on time

DISTANCE = Distance between two airports

CARRIER_DELAY = Delay caused by the ailine in minutes

WEATHER_DELAY = Delay caused by weather

NAS_DELAY = Delay caused by air system

SECURITY_DELAY = caused by security reasons

LATE_AIRCRAFT_DELAY = Delay caused by security

EDA_T - Jupyter Notebook - -

[

Fig 6.2 Glossary of Attributes
In fig 6.2 explains the glossary of the attributes the attributes are
FL_DATE=Date of Flight
OP_CARRIER=AIrline Identifier, etc.
These are the some of the attributes used in this project.

Downlosds/Flight-Delay-Predict %

G @ localhost

t-Dela;

ster/Flight-

Prediction-master/Flight_De

" Jupyter Flight Delay-Model_Prediction-checkpoint (unsaved changes) @ | Logu

File Edit View Insert Cell Kernel Widgets Help Not Trusted | ython 3 O

+|c @ B 2 & MRN B C W Makdown V| =

(2719418, 14)

Year Month DayofMonth DayOfWeek Carrier OriginAirportiD DestAirportD CRSDepTime DepDelay DepDel5 CRSArTime ArDelay ArDelt5 Cancell

0 2013 4 19 5 DL 11433 13303 837 -30 00 1138 10 0.0 |
1 2013 4 19 5 DL 14869 12478 1706 00 00 2336 80 0.0 |
2 2013 4 19 5 DL 14057 14869 600 40 00 851 -15.0 0.0 |
3 2013 4 19 5 oL 15016 11433 1630 280 10 1903 240 1.0 |
4 2013 a 19 5 DL 11193 12892 1615 50 00 1808 -11.0 0.0 |

In [4]:  #Gives the number of missing values in each column as ismull()
dfFlight.apply(lambda x: sum(x.isnull()),axis=0)
print(dfFlight. shape)

(2719418, 14)

In [5]: | ## Removes rows with missing values
dfFlight = dfFlight[~pd.isnull(dfFlight).any(axis=1)]
print(dfFlight. shape)

(2690385, 14)

In [6]: dfFlight.describe()

out[6] Year Month  DayofMonth  DayOfWeek OriginAirportiD DestAirportiD CRSDepTime. DepDelay DepDell5s  CRSAmTime Ar

count 26903850 2690385e+06 2.690385e+06 2690385e+06  2690385e+06

2 21690385606 2 2 269038!
mean 20130 6985231e+00 1579720e+01 3901087e+00  1274199e+04 1274232e+04 1325569e+03 1051261e+01 2.021666e-01 1504450e+03 663768
std 0.0 1985857¢+00 8.806017e+00 1987864e+00  1.502799e+03 1.502908e+03 4.713835¢+02 3.603309e+01 4.016159e-01 4.939494e+02 ' 3.86458

min 20130 4000000e+00 1.000000e+00 1000000e+00  1014000e+04 1.014000e+04

6300000801

1 -9.40000(
25% 20130 5000000e+00 8.0000002+00 2000000e+00  11292008+04 1.129200e+04 9.2000002+02 -4.000000e+00 0.000000e+00 1.118000e+03 -1.10000(

Flight Delay-Model Prediction-- X | & Flight Defay-checkpaint - Jupyic X | & AirDelsy-checkpoint-Jupyterll X | 4 —

Fig 6.3 Data Loading

In fig 6.3 The collected data has been loaded.
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" Downloads/Predicting_Flight D+ x & EDA1- Jupyter Notebook x [ — 0
G @ locathost:8888/notebooks/Downloads/Predicting_Flight_Delays-main/Predicting_Flight Delays-main/Predicting_Flight_... 18 = i} 3

: Jupyter EDA_1 Last Checkpoint: Last Monday at 1:10 PM  (autosaved) @ Lo

File  Edit  View  Inset  Cell  Kemel  \idgels  Help Not Trusted | Python 3 ©

B o+ 3 & B 4 ¥+ | HRin B|C M| Markdown v =
df_fp.head(28)

out[14]: OP_CARRIER DELAYED_FLIGHTS TOTAL_FLIGHTS PERCENTAGE_DELAYED
0 AlaskaAifines 89483 242079 36,83
1 Allegiant Air 39754 95192 4176
2 American Alrlines 355079 839527 3947
3 Detta Airlines 278336 943837 2950
4 Endeavor Air 74553 236403 31.54
5 Envoy Air 111435 284497 3847
6 ExpressJet 71497 186583 36,37
7 Frontier Aifines 54203 117523 4512
8 Hawallan Airlines 30381 83375 3644
9 JetBlue Always 131673 297758 2422
10 Mesa Airline 84277 209094 4031
" PSAAifines 113097 265784 4255
12 RepublicAlways 105360 305261 3452
13 SkyWest Alriines 280846 760796 36.91
14 Southwest Airlines 543141 1331608 40,79
15 Spirit Airlines 59486 174129 34,16
16 United Alrlines 225978 614915 3075

ﬂ £ Type here to search

Fig 6.4 Percentage Delayed by Airlines

In fig 6.4 These are the Percentage delayed by the airlines with flight
identifier, delayed flights, total flights.

AVERAGE ARRIVAL DELAY BY AIRLINE (mins)

Alaska Airlines B

Delta Airlines |
Hawaiian Airlines
Virgin America
Republic Airways
Endeavor Air
Southwest Airlines
Spirit Airlines
Envoy Air
American Airlines
United Airlines
SkyWest Airlines
PSA Airlines
ExpressJet
Mesa Airline
Allegiant Air
JetBlue Airways
Frontier Airlines

OP_CARRIER

o
[h*]
E=N

6 8
AVERAGE DELAY BY AIRLINE (min}

-
o
s
%]
-
i

Fig 6.5 Average Arrival Delay by airline
In fig 6.5 explains the average delay by airline

X axis-average delay by airline
Y axis-Flight Identifier
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Downloads/Flight-Delay-Predict X | &' Fiight Delay - Jupyter Notebock X | & Flight Delay-Model Prediction-« X | & Flight Delay-checkpoint - lupyte X

C @ localhos

otebooks/Downloads/Flig

Dela

Prediction

ster/Fligh

: Jjupyter Flight Delay Last checkpoint: 07/25/2017 (autosaved)

File ~ Edit  View Inset  Cell  Kemel

+ % & B4 ¥ MR B|C »

In[]:

Model prediction

Widgets

Markdown

Help

ay-Prediction-ma

yipynb 0 R

& AirDslay-checkpoint - Jupyter i X |

@ | Logout

Not Trusted | Python 3 ©

As earlier stated in the introduction, XGBoost regreessor will be used to predict flight delay time in minutes.

In [14]: #import model Libraries
import scipy.stats as st

from xgboost. sklearn import XGBRegressor

from sklearn.preprocessing import StandardScaler
from sklearn.model_selection impert train_test_split, RandomizedSearchCV
From sklearn.metrics import mean_absolute_error
#Import module for saving scikit-learn models - Joblib is an alternative to Python's pickle package

from sklearn.externals import joblib

In [15]: dfFlight.head()

Out[15]:  Month DayofMonth DayOfWeek Carrier OriginAiportlD DestAirportlD CRSDepTime CRSAnTime ArmDelay
0 4 19 5 DL 11433 13303 837 1138 10
1 19 oL 14869 12478 1705 2336 8.0
2 4 19 5 DL 14057 14869 600 851 -15.0
3 4 19 5 DL 15016 11433 1630 1903 240
4 4 19 5 DL 1193 12892 1615 1805 10
In [16]: Y dfFlight.ArrDelay

dfFlight. drop([‘ArrDelay’], axis=1)

Applying Ordinal Encoding to Categoricals

Fig 6.6 Model Prediction

In fig 6.6 Prediction of flight whether it will cancel or delayed.
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CHAPTER 7
CONCLUSION
CONCLUSION
The project was able to identify whether the airline is likely to cancel with an accuracy
of 63%. GBT performed the best for this case. From the data, the most likely flight to be
cancelled was ExpressJet Airlines and the least likely was Delta Airlines. However, airline

identity was not a meaningful predictor of delay time. This suggests that delay of flight is likely

to be for reasons other than the airline, such as weather conditions or airport.
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AIRLINE DATA ANALYSIS USING SPARK TECHNOLOGIES
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Abstract— Our project analyzes the US domestic
flights dataset using pyspark dataframes. We aim to
predict which flight/flight carrier is most likely to be
cancelled or delayed. Using Pyspark, a big data
technology tool, we can therefore work with
RDDs/Dataframes/Datasets in Python. Our analysis
will help us find out what are the top airlines with the
maximum delays/cancellations in the US. Also, our
project will investigate whether there are any factors
that cause flight delays/cancellations. Further, our
project predicts if a flight will get cancelled or not.In
order to build the predictory system Machine learning
models wereincorporated, where we modeled a binary
classification problem with categorical variables,
logistic regression, decision tree classifier, random
forest and gradient boosted trees.

Keywords—IJupyterlab,Data, Airline,Logistic Regression,

I. INTRODUCTION:

And Kaggle on NBC from 2009 to 2015, included 7 CSV
files with data and a size of 7 GB. Airlines subject to delay
information, location details (origins and locations) and

cancellation (tagged as a new reason code) It also
contained technical details such as the time it was empty
and the aircraft on the ground. In my approach and
Apache Spark, especially when using PySpark AWS
EMR cluster support. But this can be the power of the use
of it is, it is divided falls, for many orders of magnitude
better than in the knowledge of the structure of memory
struggled with a lot of laborious literature. As an analysis
engine that allows us to parallelize an important role in
information processing, clusters are distributed. Even the
great football PySpark Exploratory Data Machine
Learning caurulvadiem division, construction and
creation of etls tools (extract, transform, load). Once the
dried EMR is “running” it is not available on AWS
Jupyterlab Notebooks and Data Services from the loaded
S3 trails as designated by the Kaggle website. I performed
exploratory analysis and model prediction.

II. EXISTING SYSTEM:

In Existing system, an airport has huge amount of data
related to number of flights, data and time of arrival and
dispatch, flight routes, number of airports operating in
each country, list of active airlines in each country. The
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problem they faced till now it’s, they have ability to
analyse limited data from databases.

III. LITERATURE SURVEY:

Studying the literature is the most important step in the
software development process. Before any explanation is
necessary to determine the time of the iron element,
economy and the power of the county court. With all of
these things, the next step is to figure out which operating
system language will be a development tool. When
programmers start building a tool
programmers, a lot of outside help. This assistance can be
obtained from older programmers, from a book or from
websites. Before considering a building system developer

need to for

to develop the argument. It considers the needs and
development of the development project of the region of
the Most of everything is a necessary condition to fully
study the position on the project. The standard area ofthe
survey project is particularly important in the software
development process. Before developing the tools they
need to determine design time and component resource
requirements, a utility company saves money. When all of
this is they have it fully in mind, and the next step is to
establish the truth about the software specifications in
both systems, such as what type of operating system the
project does not even have one that they are all necessary
software are the work of each other as a stage in the
development of technology and thingsassociated.

Data analytics development of FDR (Flight Data
Recorder) data for airline maintenance operations:

Our data was based on the development of new flight
models detecting huge amounts of FDR (Flight Data
Recorder) intentionally promoting the airline's departure.
By their fruits you after the things of this kind of
promotion is the rational that if the potential to be in the
flight of the aircraft by means of mechanical parts, itcan
be most likely to be confirmed, especially in the case of
things included in the FDR data. Therefore, analyzing the
FDR data gives us the information to detect potential
problems as possible before the competition. To this end,
the step of data preprocessing, data filtering, data
transformation and data sampling are continuously
perfected. In addition, with regard to all the givenseries,
the analysis of the FDR in the discrete types of the sign of

the three types of signal being immediately warned. By
arranging the space of time of great dimension, a vector
is chosen, the sign of each type of the nature of the given
series. In the section of the process function, a correlation
analysis, the nature of the relaxation and a reduction of
the pattern is performed. In short, knowing the nature of
things, very close to the k-power approach to data, is
sufficiently FDR FDR avoiding evil, of which it is an
example for our customers. The proposed method is
tested by a realistic FDR of data from the NASA database
is open.

Big Data Analytics on Aviation Social Media: The
Case of China Southern Airlines on Sina Weibo:

The proposed model; (3) the meaning of the China
Southern Airlines case study analysis on WeiBer
Mountain, WeiB users and illustrating attitudes towards
China Southern Airlines. The study of this attempt, too,
to provide and in letters that descend to the custom of
airlines, and that the use of their social media platforms.
Through the combination of traveling travelers and other
social media, information online,

more including

passengers, can create a profile.

Big Data Analytics in Airlines: Efficiency Evaluation
using DEA

The process of achieving his knowledge of the
implementation analysis at the end of the execution of the
large scheduling of this quantitatively assesses the
effectiveness of his innovative research. A set of
calculations obtained from sad studies before. These
parameters are calculated from the data envelopment
analysis (DEA) to measure the efficiency scores for each
of the processing operations. Finally, that it is beneficial
to the trend data analysis approach will be implemented
to decrease the efficiency score will find a sample of
airlines, airline from 2017-2018.

IV. PROPOSED SYSTEM:

We want to analyze data regarding domestic flights to
predict flight cancellations in the US. We will analyze the
cancellation including delay time, number of passengers,
airline carrier, scheduled and actual departure and arrival
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times, and reason of delay. Using these values we plan to
future calculate delays caused by the airport, get the count
of the flights delayed with respect to the total number of
flights etc. We also aim to calculate the average airline
delay time, which airline has the most number of delays,
at what time of the day do we see more number of delays
in flights. We also want to see if there are any seasonal
delays i.e if delays are mostly during the holiday season.
We will use Spark’s MLIib to create powerful machine
learning models alongside the DataFrame syntax and
spark. We will set up on Amazon Web Services EC2 for
big data analysis.

REST
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Weather

@‘k::

Airports i 0 [T s

i A o o i
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: i G |
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Fig. 1 Proposed System Architecture
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Flight Status
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A. ADVANTAGES OF PROPOSED SYSTEM:

e By using airline data analysis we can save time
of users
e Cost Savings

V. MODULES:

e Data Profiling

e Data Wrangling
e Data Cleaning and Preparation

e Statistical Data Analysis

e Model Prediction
e Decision Tree classifiers

1. Data Profiling
For a quick overview that was given to us in 2009, the

CSV file loaded into the Spark Distributed Dataset (RDD)
is an image, which is distributed by NBC, across the
memory cluster to many machines. During the Spark
session where I found that a large portion of the 27
variables with no name zero value. After combining NBC
(data from 2009 to 2015), created a categorical CSV file
greater than 3, the new flight, the flight delays and the
flight profile. This is essential for debugging.

2. Data Wrangling

First, the 28 variables as needed. After removing the
unnamed columns, the remaining 19 were checked for
null values (see below). In addition, the relevant dataand
columns regarding the flight delay profile data records
were. With time sensitive data that it would be difficult to
recreate the mean or the median, or zero values in the
data, so I had the records, which are still injuries to lose
on the job and over 6 million d 'records. After a day in a
mainland cleaning pillar, but throughout the year said that
as far as, not only in the dataanalysis.

3. Data Cleaning and Preparation

First, the 28 variables as needed. After removing the
unnamed columns, the remaining 19 were checked for null
values (see below). In addition, the relevant data and
columns regarding the flight delay profile data records
were. With time sensitive data that it would be difficult to
recreate the mean or the median, or zero values in the data,
so I had the records, which are still injuries to lose onthe
joband over 6 million d 'records. After a day in a mainland
cleaning pillar, but throughout the year said that as far as,
not only in the dataanalysis.

4. Statistical Data Analysis

A sub-NBC profile, there were 61,556,964 profile
records including the US domestic flight (7) Flight 605
in a single sum of approximately 380 origins and 378
unique bursts. This information was disseminated
during the session to query the specifics sparktables.
The delay of the data subset, negative values of Q delay
the departure flight actually ahead of the column,
indicating that their 3,1204,918 about an hour; or
about 50% of the dataset. This means 50% of the time
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the flight was delayed. In the money sub-NBC, the
column is adamant that the invalid data is either 0 or a
1 (not canceled or canceledrespectively).

5. Model Prediction

To predict whether the flight would be cancelled or not, the
dataset was modeled as a binary classification problem with
categorical variables.

5. Prepare the data for machine learning: use
StringIndexer, OneHotEncoder,

VectorAssembler to transform ourfeatures

and

6. Split the data into a 70/30 test andtrainratio

7. Apply models: logistic regression, decision tree
classifier, random forest and gradient boosted trees

8. Compare all the models’ accuracy for predicting
cancellations.

6. Decision Tree classifiers

Tree classifiers will not be able to fully understand and
process categorical variables. With the help of the spark
.ml. classification library, whichisimported Decision Tree
Classifier. This, however, belongs to the nature of the
probability of showing that he spoke well, and I'll give you
an example.

VI. SCREENSHOTS:

security

airline_carrier

We

VII. CONCLUSION:

The project is to try to identify if the airline cancels 63%
accuracy. GBT best thing to do in this case. Data is likely
to be cut. The Greek means the bow and arrow of the
ExpressJet flight. However, the identity of the airline is
not a long-to-say significant predictor. In this way, the
future, to the violence of the flight delay, which airline or
success.
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C. Source Code

{

"cells": [

{
"cell_type": "markdown",
"metadata": {},
"source": [

"t Exploratory Data Analysis for 2009 - 2015 Flight Delays and

Cancellations"

]
12
{

"cell_type": "markdown",
"metadata": {},
"source": [

"#i## Data Profiling "

]
12
{

"cell_type": "markdown",

"metadata": {},
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"source": [

“HHHAHE Import required libraries”

]
12
{

"cell_type": "code",

"execution_count": 1,

"metadata": {},

"outputs": [],

"source": [

"import findspark\n",

"findspark.init()\n",

"\n",

"import pyspark\n",

"from pyspark.sql.session import SparkSession\n",

SC

pyspark.SparkContext(appName=\"myAppName2\").getOrCreate()\n",
"spark = SparkSession(sc)"
]
12
{

"cell_type": "code",
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"execution_count": 2,

"metadata": {},

"outputs": [],

"source": [

"from pyspark.sql.types import *\n",

"from pyspark.sqgl import functions as F \n",

"from pyspark.sql.functions import isnan, when, count, col\n",

"import pandas as pd "

]
b
{

"cell_type": "markdown",
"metadata": {},
"source": [

"#HH# Create Schema"

]
13
{
"cell_type": "markdown",
"metadata": {},
"source": [
"#HHHEE Flight Profile”

30



b
{

"cell_type": "markdown",
"metadata": {},
"source": [

"#HHH#H Chunking Data"

]
12
{

"cell_type": "markdown",
"metadata": {},
"source": [

"Our null analysis shows that the following features have a lot of null
values: We will delete these rows, and omit some unnecessary columns

as well. "

]
12
{

"cell_type": "markdown",
"metadata": {},

"source": [
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"Verifying that there are no more null columns"

]
12
{

"cell_type": "markdown",
"metadata": {},
"source": [

"#HHH# Flight Cancellations”

]

13

{

"cell_type": "code",
"execution_count": 3,
"metadata": {},
"outputs": [],
"source": [

"cancel_schema =  StructType([StructField('date’,  StringType(),

True),\n",

StructField('flight_number', StringType(), True),\n",
" StructField('flight_identifier', StringType(), True),\n",
StructField('cancel', StringType(), True),\n",

StructField('reason’, StringType(), True)])"
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b
{

"cell_type": "code",
"execution_count": 4,
"metadata": {},
"outputs": [

{

"name": "stdout",

"output_type": "stream",

"text": [

"root\n",

" |-- date: string (nullable = true)\n",

" |-- flight_number: string (nullable = true)\n",
" |-- flight_identifier: string (nullable = true)\n",

" |-- cancel: string (nullable = true)\n",

Il\n"

"source": [
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"cancel_df = spark.read.format(‘csv').option(\"mode\",
\"DROPMALFORMED\").load('flight-cancellation.csV', header="true’,

schema=cancel_schema) \n",
"cancel_df = cancel_df.drop(‘reason')\n",
"cancel_df = cancel_df.dropna()\n",
"cancel_df = cancel_df.sample(.1)\n",

"cancel_df.printSchema()"

12
{
"cell_type": "code",
"execution_count": 5,
"metadata": {},
"outputs": [
{
"data": {
"text/plain”: [
"6151854"
]
3

"execution_count": 5,

"metadata": {},
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"output_type": "execute_result"

}
],
"source": [

"cancel_df.count()"

]
b
{

"cell_type": "code",
"execution_count": 6,

"metadata”: {},

"outputs": [],
"source": [
"from pyspark.ml.feature import OneHotEncoderEstimator,

Stringlndexer, VectorAssembler\n",

"categoricalColumns = [\"date\", \"flight_number\",
\"flight_identifier\"]\n",

"#indexers = [Stringlndexer(inputCol=column, outputCol=column +
\"_index\").fit(cancel_df) for column in [\"date\", \"flight_number\",

\"flight_identifier\", \"cancel\", \"reason\"]]"

]
12
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"cell_type": "code",
"execution_count": 7,
"metadata": {},
"outputs": [],
"source": [

"stages = [J\n",

"\n",

"for categoricalCol in categoricalColumns:\n",

" stringlndexer = StringIndexer(inputCol = categoricalCol, outputCol

= categoricalCol + 'Index')\n",

" encoder
OneHotEncoderEstimator(inputCols=[stringIndexer.getOutputCol()],

outputCols=[categoricalCol + \"classVec\"])\n",
" stages += [stringIndexer, encoder]\n",
Il\nll’

"label_stringldx = Stringindexer(inputCol = 'cancel', outputCol

'label')\n",
"stages += [label_stringldx]"
]
12
{

"cell_type": "code",

"execution_count": 8,
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"metadata": {},

"outputs": [],

"source": [

"assemblerlnputs = [c + \"classVec\" for c in categoricalColumns]\n",

"assembler = VectorAssembler(inputCols=assemblerinputs,

outputCol=\"features\")\n",

"stages += [assembler]"

]
13
{
"cell_type": "code",
"execution_count": 9,
"metadata": {},
"outputs": [],
"source": [
"cols = ['date’, 'flight_number'\n",
" 'flight_identifier',\n",

cancel']"

]
12
{

"cell_type": "code",
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"execution_count": 10,
"metadata": {},
"outputs": [
{
"name": "stdout",
"output_type": "stream”,
"text": [
"root\n",
" |-- label: double (nullable = false)\n",
" |-- features: vector (nullable = true)\n",
" |-- date: string (nullable = true)\n",
" |-- flight_number: string (nullable = true)\n",
" |-- flight_identifier: string (nullable = true)\n",
" |-- cancel: string (nullable = true)\n",

"\nll

}

1

"source": [

"from pyspark.ml import Pipeline\n",
"pipeline = Pipeline(stages = stages)\n",
"pipelineModel = pipeline.fit(cancel_df)\n",
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"cancel_df = pipelineModel.transform(cancel_df)\n",
"selectedCols = ['label’, 'features'] + cols\n",
"cancel_df = cancel_df.select(selectedCols)\n",

"cancel_df.printSchema()"

12
{

"cell_type": "code",
"execution_count": 11,
"metadata": {},
"outputs": [

{

"name": "stdout",

"output_type": "stream",

"text": [

"+ + + _ + + + +\n",
"|label] features|date|flight_number]|flight_identifier|cancel|\n",
"+ + + _ + + + +\n",

"| 0.0|(7566,[2,560,7555...|2009| 1212| XE|  O]\n",
"| 0.0|(7566,[2,1076,755...]2009| 1236| XE|  O]\n",
"| 0.0](7566,[2,1494,755...]2009| 2002| XE|  O]\n",
"| 0.0](7566,[2,1827,755...]2009| 2010] XE|  O]\n",
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"| 0.0|(7566,[2,1629,755...[2009

"+ + +  +

2029

XE|

oj\n",

+\nu,

"only showing top 5 rows\n",

Il\n"

}
],
"source": [

"cancel_df.show(5)"

]
12
{

"cell_type": "code",
"execution_count": 12,
"metadata": {},
"outputs": [],

"source": [

"train, test = cancel_df.randomSplit([0.7, 0.3], seed = 2018)"

"cell_type": "code",



"execution_count": 13,

"metadata": {},

"outputs": [],

"source": [

"from pyspark.ml.classification import LogisticRegression\n",

"Ir = LogisticRegression(featuresCol = 'features’, labelCol = 'label')\n",

"I[rModel = Ir.fit(train)"

]
12
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