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ABSTRACT

Flight delay is a major problem in the aviation sector. During the last two decades, the

growth of the aviation sector has caused air traffic congestion, which has caused flight delays.

Flight delays result not only in the loss of fortune also negatively impact the environment. Flight

delays also cause significant losses for airlines operating commercial flights. Therefore, they do

everything possible in the prevention or avoidance of delays and cancellations of flights by

taking some measures. In Tree Regression this paper, using machine learning models such as

Logistic Regression, Decision Bayesian, Ridge, Random Forest Regression and Gradient

Boosting Regression we predict whether the arrival of a particular flight will be delayed or not.
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CHAPTER 1

INTRODUCTION
Flight delay is studied vigorously in various research in recent years. The growing demand

for air travel has led to an increase in flight delays. According to the Federal Aviation

Administration (FAA), the aviation industry loses more than $3 billion in a year due to flight

delays and, as per BTS, in 2016 there were 860,646 arrival delays. The reasons for the delay of

commercial scheduled flights are air traffic congestion, passengers increasing per year,

maintenance and safety problems, adverse weather conditions, the late arrival of plane to be used

for next flight. In the United States, the FAA believes that a flight is delayed when the scheduled

and actual arrival times differs by more than 15 minutes. Since it becomes a serious problem in

the United States, analysis and prediction of flight delays are being studied to reduce large costs.

1.1. MACHINE LEARNING
Machine learning is a growing technology which enables computers to learn automatically

from past data. Machine learning uses various algorithms for building mathematical models and

making predictions using historical data or information. Currently, it is being used for various

tasks such as image recognition, speech recognition, email filtering, Facebook auto-tagging,

recommender system, and many more.

Machine Learning is said as a subset of artificial intelligence that is mainly concerned with

the development of algorithms which allow a computer to learn from the data and past

experiences on their own. The term machine learning was first introduced by Arthur Samuel in

1959. We can define it in a summarized way as: “Machine learning enables a machine to

automatically learn from data, improve performance from experiences, and predict things

without being explicitly programmed”.

A Machine Learning system learns from historical data, builds the prediction models, and

whenever it receives new data, predicts the output for it. The accuracy of predicted output

depends upon the amount of data, as the huge amount of data helps to build a better model which

predicts the output more accurately.

Suppose we have a complex problem, where we need to perform some predictions, so instead

of writing a code for it, we just need to feed the data to generic algorithms, and with the help of



2

these algorithms, machine builds the logic as per the data and predict the output. Machine

learning has changed our way of thinking about the problem. The below block diagram explains

the working of Machine Learning algorithm:

1.1.1. Features of Machine Learning:
 Machine learning uses data to detect various patterns in a given dataset.

 It can learn from past data and improve automatically.

 It is a data-driven technology.

 Machine learning is much similar to data mining as it also deals with the huge amount of

the data.

1.1.2. Classification of Machine Learning
At a broad level, machine learning can be classified into three types:

1. Supervised learning

2. Unsupervised learning

3. Reinforcement learning

1) Supervised Learning

Supervised learning is a type of machine learning method in which we provide sample

labeled data to the machine learning system in order to train it, and on that basis, it predicts the

output.

The system creates a model using labeled data to understand the datasets and learn about

each data, once the training and processing are done then we test the model by providing a

sample data to check whether it is predicting the exact output or not.
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The goal of supervised learning is to map input data with the output data. The supervised

learning is based on supervision, and it is the same as when a student learns things in the

supervision of the teacher. The example of supervised learning is spam filtering.

Supervised learning can be grouped further in two categories of algorithms:

 Classification

 Regression

2) Unsupervised Learning

Unsupervised learning is a learning method in which a machine learns without any

supervision. The training is provided to the machine with the set of data that has not been labeled,

classified, or categorized, and the algorithm needs to act on that data without any supervision.

The goal of unsupervised learning is to restructure the input data into new features or a group of

objects with similar patterns.

In unsupervised learning, we don't have a predetermined result. The machine tries to find

useful insights from the huge amount of data.

It can be further classifieds into two categories of algorithms:

 Clustering

 Association

1.2. LOGISTIC REGRESSION ALGORITHM

Logistic regression is one of the most popular Machine Learning algorithms, which comes

under the Supervised Learning technique. It is used for predicting the categorical dependent

variable using a given set of independent variables. Logistic regression predicts the output of a

categorical dependent variable. Therefore the outcome must be a categorical or discrete value. It

can be either Yes or No, 0 or 1, true or False, etc. but instead of giving the exact value as 0 and 1,

it gives the probabilistic values which lie between 0 and 1.

Logistic Regression is much similar to the Linear Regression except that how they are used.

Linear Regression is used for solving Regression problems, whereas Logistic regression is used

for solving the classification problems. In Logistic regression, instead of fitting a regression line,
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we fit an "S" shaped logistic function, which predicts two maximum values (0 or 1). The curve

from the logistic function indicates the likelihood of something such as whether the cells are

cancerous or not, a mouse is obese or not based on its weight, etc.

Logistic Regression is a significant machine learning algorithm because it has the ability to

provide probabilities and classify new data using continuous and discrete datasets. Logistic

Regression can be used to classify the observations using different types of data and can easily

determine the most effective variables used for the classification. The below image is showing

the logistic function

1.2.1. Logistic Function (Sigmoid Function):

 The sigmoid function is a mathematical function used to map the predicted

values to probabilities.

 It maps any real value into another value within a range of 0 and 1.

 The value of the logistic regression must be between 0 and 1, which cannot go

beyond this limit, so it forms a curve like the "S" form. The S-form curve is

called the Sigmoid function or the logistic function.
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 In logistic regression, we use the concept of the threshold value, which defines

the probability of either 0 or 1. Such as values above the threshold value tends

to 1, and a value below the threshold values tends to 0.

1.3. DECISION TREE ALGORITHM

 Decision Tree is a Supervised learning technique that can be used for both classification

and Regression problems, but mostly it is preferred for solving Classification problems. It

is a tree-structured classifier, where internal nodes represent the features of a dataset,

branches represent the decision rules and each leaf node represents the outcome.

 In a Decision tree, there are two nodes, which are the Decision Node and Leaf Node.

Decision nodes are used to make any decision and have multiple branches, whereas Leaf

nodes are the output of those decisions and do not contain any further branches.

 The decisions or the test are performed on the basis of features of the given dataset. It is a

graphical representation for getting all the possible solutions to a problem/decision based

on given conditions. It is called a decision tree because, similar to a tree, it starts with the

root node, which expands on further branches and constructs a tree-like structure.

 In order to build a tree, we use the CART algorithm, which stands for Classification and

Regression Tree algorithm.

 A decision tree simply asks a question, and based on the answer (Yes/No), it further split

the tree into subtrees.

Below diagram explains the general structure of a decision tree:
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There are various algorithms in Machine learning, so choosing the best algorithm for the

given dataset and problem is the main point to remember while creating a machine learning

model. Below are the two reasons for using the Decision tree:

 Decision Trees usually mimic human thinking ability while making a decision, so it is

easy to understand.

 The logic behind the decision tree can be easily understood because it shows a tree-like

structure.

In a decision tree, for predicting the class of the given dataset, the algorithm starts from the

root node of the tree. This algorithm compares the values of root attribute with the record (real

dataset) attribute and, based on the comparison, follows the branch and jumps to the next node.
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For the next node, the algorithm again compares the attribute value with the other sub-nodes

and move further. It continues the process until it reaches the leaf node of the tree. The complete

process can be better understood using the below algorithm:

 Step-1: Begin the tree with the root node, says S, which contains the complete dataset.

 Step-2: Find the best attribute in the dataset using Attribute Selection Measure (ASM).

 Step-3: Divide the S into subsets that contains possible values for the best attributes.

 Step-4: Generate the decision tree node, which contains the best attribute.

 Step-5: Recursively make new decision trees using the subsets of the dataset created in

step -3. Continue this process until a stage is reached where you cannot further classify

the nodes and called the final node as a leaf node.

1.4. RANDOM FOREST ALGORITHM

Random Forest is a popular machine learning algorithm that belongs to the supervised

learning technique. It can be used for both Classification and Regression problems in ML. It is

based on the concept of ensemble learning, which is a process of combining multiple classifiers

to solve a complex problem and to improve the performance of the model.

As the name suggests, "Random Forest is a classifier that contains a number of decision

trees on various subsets of the given dataset and takes the average to improve the predictive

accuracy of that dataset." Instead of relying on one decision tree, the random forest takes the

prediction from each tree and based on the majority votes of predictions, and it predicts the final

output.

The greater number of trees in the forest leads to higher accuracy and prevents the

problem of overfitting.

Below are some points that explain why we should use the Random Forest algorithm:

 It takes less training time as compared to other algorithms.

 It predicts output with high accuracy, even for the large dataset it runs efficiently.
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 It can also maintain accuracy when a large proportion of data is missing.

Random Forest works in two-phase first is to create the random forest by combining N

decision tree, and second is to make predictions for each tree created in the first phase.

The Working process can be explained in the below steps and diagram:

 Step-1: Select random K data points from the training set.

 Step-2: Build the decision trees associated with the selected data points (Subsets).

 Step-3: Choose the number N for decision trees that you want to build.

 Step-4: Repeat Step 1 & 2.

 Step-5: For new data points, find the predictions of each decision tree, and assign the new

data points to the category that wins the majority votes.

1.5. LITERATURE REVIEW

[1] Title: Development of a predictive model for on-time arrival

flight of airliner by discovering correlation between flight and

weather data

Authors: Noriko Etani - 2019

Description:

An important business of airlines is to get customer satisfaction. Due to bad weather, a

mechanical reason, and the late arrival of the aircraft to the point of departure, flights delay and

lead to customer dissatisfaction. A predictive model of on-time arrival flight is proposed with

using flight data and weather data. The key research in this paper is to discover the correlation

between flight data and weather data. The relation between pressure pattern and flight data of

Peach Aviation, which is LCC (low-cost carrier) in Japan, are clarified, and it is found that the

sea-level pressures of 3 weather observation spots, which are Wakkanai as the most northern

spot, Minami-Torishima as the most eastern spot, and Yonagunijima as the most western spot,

can classify the pressure patterns. As a result, on-time arrival fight is predicted at 77% of the

accuracy with using Random Forest Classifier of machine learning. Furthermore, feasibility of

the predictive model is evaluated by developing a tool of on-time arrival flight prediction.
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[2] Title: Flight delay prediction for commercial air transport: A deep learning approach
Authors: SobhanAsian - 2019

Description:

This study analyzes high-dimensional data from Beijing International Airport and

presents a practical flight delay prediction model. Following a multifactor approach, a novel

deep belief network method is employed to mine the inner patterns of flight delays. Support

vector regression is embedded in the developed model to perform a supervised fine-tuning within

the presented predictive architecture. The proposed method has proven to be highly capable of

handling the challenges of large datasets and capturing the key factors influencing delays. This

ultimately enables connected airports to collectively alleviate delay propagation within their

network through collaborative efforts (e.g., delay prediction synchronization).

[3] TITLE: A Review on Flight Delay Prediction

Authors: Alice sternberg, Jorge Soares, Diego Carvalho, Eduardo Ogasawara – 2017

Description:

Flight delays hurt airlines, airports, and passengers. Their prediction is crucial during the

decision-making process for all players of commercial aviation. Moreover, the development of

accurate prediction models for flight delays became cumbersome due to the complexity of air

transportation system, the number of methods for prediction, and the deluge of flight data. In this

context, this paper presents a thorough literature review of approaches used to build flight delay

prediction models from the Data Science perspective. We propose a taxonomy and summarize

the initiatives used to address the flight delay prediction problem, according to scope, data, and

computational methods, giving particular attention to an increased usage of machine learning

methods. Besides, we also present a timeline of significant works that depicts relationships

between flight delay prediction problems and research trends to address them.

[4] Title: Flight Arrival Delay Prediction And Analysis Using Ensemble Learning
Authors: Xiaotong Dou - 2020

Description:

With the development of the civil aviation transportation industry in recent years, the

volume of civil aviation transportation has increased rapidly. Increased carrier costs and reduced

airport operating efficiency caused by flight delays have become issues that need to be addressed.

How to improve the accuracy of predicting flight arrival delay time is of great significance for
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improving airport transportation efficiency, rationally scheduling flights and improving

passenger comfort. In this paper, the Cat-boost model is utilized on the U.S Domestic airline on-

time performance data from U.S. Transportation Administration, combined with the

characteristics of the model to determine the influencing factors, and to predict the arrival delays

of flights within the United States. The accuracy;precision and some other criterion of the model

are given to evaluate the performance on the data. A better effect is obtained: the accuracy reach

80.44% in this case. Finally, the specific delay time is predicted, we found that the support vector

machine has the best prediction result for the flight delay time, the average prediction error is

9.733 min, which has a certain reference value for flight operation and airport scheduling.

[5] Title: A statistical approach to predict flight delay using
gradient boosted decision tree

Authors: Suvojit Manna , Sanket Biswas , Riyanka Kundu , Somnath Rakshit

Description:

Supervised machine learning algorithms have been used extensively in different domains

of machine learning like pattern recognition, data mining and machine translation. Similarly,

there has been several attempts to apply the various supervised or unsupervised machine learning

algorithms to the analysis of air traffic data. However, no attempts have been made to apply

Gradient Boosted Decision Tree, one of the famous machine learning tools to analyse those air

traffic data. This paper investigates the effectiveness of this successful paradigm in the air traffic

delay prediction tasks. By combining this regression model based on the machine learning

paradigm, an accurate and sturdy prediction model has been built which enables an elaborated

analysis of the patterns in air traffic delays. Gradient Boosted Decision Tree has shown a great

accuracy in modeling sequential data. With the help of this model, day-to-day sequences of the

departure and arrival flight delays of an individual airport can be predicted efficiently. In this

paper, the model has been implemented on the Passenger Flight on-time Performance data taken

from U.S. Department of Transportation to predict the arrival and departure delays in flights. It

shows better accuracy as compared to other methods.
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CHAPTER 2
PROBLEM STATEMENT

2.1 EXISTING SYSTEM
The Existing system proposed that, The expected growth in air travel demand and the

positive correlation with the economic factors highlight the significant contribution of the

aviation community to the U.S. economy. On‐time operations play a key role in airline

performance and passenger satisfaction. Thus, an accurate investigation of the variables that

cause delays is of major importance. The application of machine learning techniques in data

mining has seen explosive growth in recent years and has garnered interest from a broadening

variety of research domains including aviation. This study employed a support vector machine

(SVM) model to explore the non-linear relationship between flight delay outcomes. These

findings provide insight for better understanding of the causes of departure delays and the

impacts of various explanatory factors on flight delay patterns.

The primary contribution of Existing study is to investigate the possibility of using SVM

models for analysis of the causes of flight delay and investigation of flight delay patterns. The

maximum precision achieved was 79.7% with gradient booster as a classifier with a limited data

set

2.1.1 DISADVANTAGES
 There is import of training and testing dataset is very small to predict the flight delays.

 Less accuracy prediction when testing the new dataset.

 Taken huge time to predict the Flight error.
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CHAPTER 3

DEVELOPMENT PROCESS

3.1. REQUIREMENT ANALYSIS

Requirements are a feature of a system or description of something that the system is

capable of doing in order to fulfil the system’s purpose. It provides the appropriate mechanism

for understanding what the customer wants, analyzing the needs assessing feasibility, negotiating

a reasonable solution, specifying the solution unambiguously, validating the specification and

managing the requirements as they are translated into an operational system.

3.1.1 PYTHON:

Python is a dynamic, high level, free open source and interpreted programming language.

It supports object-oriented programming as well as procedural oriented programming. In

Python, we don’t need to declare the type of variable because it is a dynamically typed

language.

For example, x=10 .Here, x can be anything such as String, int, etc.

Python is an interpreted, object-oriented programming language similar to PERL, that has gained

popularity because of its clear syntax and readability. Python is said to be relatively easy to learn

and portable, meaning its statements can be interpreted in a number of operating systems,

including UNIX-based systems, Mac OS, MS-DOS, OS/2, and various versions of Microsoft

Windows 98. Python was created by Guido van Rossum, a former resident of the Netherlands,

whose favourite comedy group at the time was Monty Python's Flying Circus. The source code is

freely available and open for modification and reuse. Python has a significant number of users.

Features in Python

There are many features in Python, some of which are discussed below

 Easy to code

 Free and Open Source

 Object-Oriented Language

 GUI Programming Support
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 High-Level Language

 Extensible feature

 Python is Portable language

 Python is Integrated language

 Interpreted Language

3.2. RESOURCE REQUIREMENTS:
SOFTWARE REQUIREMENTS:

Ope r a t i ng Sys t em Windows 7 or la t e r

Simulation Tool Anaconda (Jupyter notebook)

Documen ta t i on Ms – Office

HARDWARE REQUIREMENTS:

CPU type Intel Pentium

Ram size 4GB

Hard disk capacity 80 GB

Keyboard type Internet keyboard

Monitor type 15 Inch colour monitor

CD -drive type 52xmax
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3.3 SYSTEM DESIGN

Fig. 1 System Architecture

3.3.1 PROPOSED SYSTEM
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 Our proposed model does everything possible in the prevention or avoidance of delays

and cancellations of flights by taking some measures.

 In this model, using machine learning models such as Logistic Regression, Decision Tree

Regression, Bayesian Ridge, Random Forest Regression and Gradient Boosting

Regression

 We predict whether the arrival of a particular flight will be delayed or not.

 We develop a system that predicts for a delay in flight departure based on certain

parameters. We train our model for forecasting using various attributes of a particular

flight, such as arrival performances, flight summaries, origin/destination, etc.

3.3.2 ADVANTAGES
 The system collects huge number of dataset to train to the model and predict the flight

delay error calculation.

 Speed and accuracy score is high.

 Prediction rate is high.

3.4 SYSTEM ARCHITECTURE

3.5 MODULE DESCRIPTION:
1. Module 1: Data collection

2. Module 2: Pre-Processing

3. Module 3: Feature Extraction

4. Module 4: Evaluation

Module 1: Data collection
To predict flight delays to train models, we have collected data accumulated by the

Bureau of Transportation; U.S. Statistics of all the domestic flights taken in 2015 was used. The

US Bureau of Transport Statistics provides statistics of arrival and departure that includes actual

departure time, scheduled departure time, and scheduled elapsed time, wheels-off time, departure

delay and taxi-out time per airport. Cancellation and Rerouting by the airport and the airline with
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the date and time and flight labelling along with airline airborne time are also provided. The data

set consists of 25 columns and 59986 rows. Fig. 1 shows some of the fields of the original

dataset. There were many lines with missing and null values. The data must be pre-processed for

later use

The methodology here uses the supervised learning technique to gather the advantages of

having the schedule and real arrival time. Initially, some specific monitoring algorithms with a

light computation cost were considered candidates and therefore the best candidate was perfected

for the final model.

We develop a system that predicts for a delay in flight departure based on certain

parameters. We train our model for forecasting using various attributes of a particular flight, such

as arrival performances, flight summaries, origin/destination, etc
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Fig. 2. Snapshot of Dataset

Module 2: Pre-Processing
Once the data is extracted from the twitter source as the datasets, this information has to

be passed to the classifier. The classifier cleans the dataset by removing redundant data like stop

words, emoticons in order to make sure that non textual content is identified and removed before

the analysis.

Text pre-processing is an essential a part of any NLP method and the significance of the

NLP pre-processing are

 To minimize indexing (or knowledge) records dimension of the textual content records

1. Stop words bills 20-30% of total phrase counts in a special textual content record

2. Stemming may just diminish indexing size as much as forty- 50%
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 To make stronger the efficiency and effectiveness of the IR method

1. Stop words aren't valuable for shopping or textual content mining

2. Stemming used for matching the similar words in a text record

Tokenization:

Tokenization is the process of breaking a circulate of textual content into phrases, phrases,

symbols, or different significant factors called tokens .The aim of the tokenization is the

exploration of the phrases in a sentence. The list of tokens turns into input for further processing

akin to parsing or textual content mining. Tokenization is valuable both in linguistics (where it's

a form of textual content segmentation), and in laptop science, the place it forms a part of lexical

analysis. Textual knowledge is simplest a block of characters at the starting.

All strategies in know-how retrieval require the words of the data set. For that reason, the

requirement for a parser is a tokenization of records. This might be sound trivial because the text

is already saved in computing device-readable codecs. However, some problems are nonetheless

left, like the removing of punctuation marks. Different characters like brackets, hyphens, and so

on require processing as well.

Stop word Removal:

Stop phrases are very more often than not used fashioned phrases like ‘and’, ‘are’, ‘this’

etc. They don't seem to be useful in classification of records. So they must be removed. However,

the development of such stop phrases record is problematic and inconsistent between textual

sources. This process also reduces the text knowledge and improves the approach performance.

Each textual content report offers with these phrases which are not vital for text mining

applications.

Stemming and Lemmatization:
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The aim of both stemming as well as lemmatization is to scale down inflectional types &

mostly derivationally associated varieties of a phrase to a fashioned base kind.

Stemming usually refers to a crude heuristic process that chops off the ends of words in

the hope of accomplishing this goal accurately more often than not, and quite often involves the

removal of derivational affixes.

Lemmatization often refers to doing matters competently with the usage of a vocabulary

and morphological analysis of phrases, in most cases aiming to eliminate inflectional endings

only and to come back the base or dictionary type of a word, which is often called the lemma.

Fig 3. Flight Delay Prediction
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Fig 4. Flight Delay error

Module 3: Feature Extraction

We have studied from various sources to find out which parameters will be most appropriate

to predict the departure and arrival delays. After several searches, we conclude the following

parameters:

 Day Departure

 Delay Airline

 Flight Number

 Destination Airport

 Origin Airport
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 Day of Week

 Taxi out

Module 4: Evaluation

After pre-processing and feature extraction of our dataset, 60% of the dataset was selected for

training and 40% of the dataset was selected for testing. For error calculation, we are using

scikit-learn metrices. Results are divided between two sections, Departure Delay(A) and Arrival

Delay(B).

A. Departure Delay

our results for departure delay which compares different Machine Learning models, i.e. Logistic

Regression, Decision Tree Regressor, Bayesian Ridge, Random Forest Regressor and Gradient

Boosting Regressor, based on various evaluation metrics. Further, we compare each model

concerning one evaluation metric at a time.

B. Arrival Delay

our results for arrival delay which compares different Machine Learning models, i.e. Logistic

Regression, Decision Tree Regressor, Bayesian Ridge, Random Forest Regressor and Gradient

Boosting Regressor, based on various evaluation metrics. Further, we compare each model

concerning one evaluation metric at a time.

CHAPTER 4

SYSTEM STUDY

4.1. FEASIBILITY STUDY
The feasibility of the project is analyzed in this phase and business proposal is put forth N with a

very general plan for the project and some cost estimates. During system analysis the feasibility

study of the proposed system is to be carried out. This is to ensure that the proposed system is not a
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burden to the company. For feasibility analysis, some understanding of the major requirements for

the system is essential. Three key considerations involved in the feasibility analysis are

i. Economical Feasibility

ii. Technical Feasibility

iii. Social Feasibility

4.1.1. Economic Feasibility
This study is carried out to check the economic impact that the system will have on the

organization. The amount of fund that the company can pour into the research and development of

the system is limited. The expenditures must be justified. Thus, the developed system as well

within the budget and this was achieved because most of the technologies used are freely available.

Only the customized products had to be purchased.

4.1.2. Technical Feasibility

This study is carried out to check the technical feasibility, that is, the technical requirements

of the system. Any system developed must not have a high demand on the available technical

resources. This will lead to high demands on the available technical resources. This will lead to

high demands being placed on the client. The developed system must have a modest requirement,

as only minimal or null changes are required for implementing this system.

4.1.3. Social Feasibility

The aspect of study is to check the level of acceptance of the system by the user. This

includes the process of training the user to use the system efficiently. The user must not feel

threatened by the system, instead must accept it as a necessity. The level of acceptance by the users
solely depends on the methods that are employed to educate the user about the system and to make
him familiar with it. His level of confidence must be raised so that he is also able to make some
constructive criticism, which is welcomed, as he is the final user of the system.

CHAPTER 5

TESTING

The purpose of testing is to discover errors. Testing is the process of trying to discover

every conceivable fault or weakness in a work product. It provides a way to check the functionality

of components, sub – assemblies, assemblies and/or a finished product It is the process of

exercising software with the intent of ensuring that the

Software system meets its requirements and user expectations and does not fail in an unacceptable

manner. There are various types of test. Each test type addresses a specific testing requirement.

5.1. TYPES OF TESTS

5.1.1. UNIT TESTING
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Unit testing involves the design of test cases that validate that the internal program logic is

functioning properly, and that program inputs produce valid outputs. All decision branches and

internal code flow should be validated. It is the testing of individual software units of the

application .it is done after the completion of an individual unit before integration. This is a

structural testing, that relies on knowledge of its construction and is invasive. Unit tests perform

basic tests at component level and test a specific business process, application, and/or system

configuration. Unit tests ensure that each unique path of a business process performs accurately to

the documented specifications and contains clearly defined inputs and expected results.

5.1.2. INTEGRATION TESTING

Integration tests are designed to test integrated software components to determine if they

actually run as one program. Testing is event driven and is more concerned with the basic outcome

of screens or fields. Integration tests demonstrate that although the components were individually

satisfaction, as shown by successfully unit testing, the combination of components is correct and

consistent. Integration testing is specifically aimed at exposing the problems that arise from the

combination of components.

5.1.3. FUNCTIONAL TEST

Functional tests provide systematic demonstrations that functions tested are available as

specified by the business and technical requirements, system documentation, and user manuals.

Functional testing is centered on the following items:

Valid Input : identified classes of valid input must be accepted.

Invalid Input : identified classes of invalid input must be rejected.

Functions : identified functions must be exercised.

Output : identified classes of application outputs must be exercised

Procedures : interfacing systems or procedures must be invoked.

Organization and preparation of functional tests is focused on requirements, key functions,

or special test cases. In addition, systematic coverage pertaining to identify Business process flows;

data fields, predefined processes, and successive processes must be considered for testing. Before

functional testing is complete, additional tests are identified and the effective value of current tests

is determined.

5.1.4. SYSTEM TEST

System testing ensures that the entire integrated software system meets requirements. It

tests a configuration to ensure known and predictable results. An example of system testing is the

configuration oriented system integration test. System testing is based on process descriptions and

flows, emphasizing pre-driven process links and integration points.
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5.1.5. WHITE BOX TESTING

White Box Testing is a testing in which in which the software tester has knowledge of the

inner workings, structure and language of the software, or at least its purpose. It is purpose. It is

used to test areas that cannot be reached from a black box level.

5.1.6. BLACK BOX TESTING

Black Box Testing is testing the software without any knowledge of the inner workings,

structure or language of the module being tested. Black box tests, as most other kinds of tests, must

be written from a definitive source document, such as specification or requirements document, such

as specification or requirements document. It is a testing in which the software under test is treated,

as a black box .you cannot “see” into it. The test provides inputs and responds to outputs without

considering how the software works.

5.1.7. UNIT TESTING:

Unit testing is usually conducted as part of a combined code and unit test phase of the

software lifecycle, although it is not uncommon for coding and unit testing to be conducted as two

distinct phases.

Test strategy and approach

Field testing will be performed manually and functional tests will be written in detail.
Test objectives

 All field entries must work properly.

 Pages must be activated from the identified link.

 The entry screen, messages and responses must not be delayed.

integration test. System testing is based on process descriptions and flows, emphasizing pre-driven

process links and integration points.
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RESULT :

Fig 5. Variable distribution's distance



26

Fig 6. The week's day

By using Pandas, NumPy, Statistical Methods, and Data Visualisation

packages, this is an unavoidable and important step in fine-tuning the dataset in

a different method of evaluation to understand the additional insight of the key

characteristics of various organisations of the data set such as column(s),

row(s), and data visualisation packages.
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Fig.7. Graph of accuracy algorithms

i. Logistic regression is a technique for supervised machine learning.

Random Forest is a technique for learning in groups.

ii. The Gaussian Nave Bayes classifier is a common machine learning

classifier that is both easy and effective to use.

iii. A training algorithm for learning classification and regression rules from

data is referred to as logistic regression.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

Machine learning algorithms were applied progressively and successively to predict flight

arrival & delay. We built five models out of this. We saw for each evaluation metric considered the

values of the models and compared them. We found out that: -

In Departure Delay, Random Forest Regressor was observed as the best model with Mean

Squared Error 2261.8 and Mean Absolute Error 24.1, which are the minimum value found in these

respective metrics. In Arrival Delay, Random Forest Regressor was the best model observed with

Mean Squared Error 3019.3 and Mean Absolute Error 30.8, which are the minimum value found in

these respective metrics.

In the rest of the metrics, the value of the error of Random Forest Regressor although is not

minimum but still gives a low value comparatively. In maximum metrics, we found out that

Random Forest Regressor gives us the best value and thus should be the model selected.

The future scope of this paper can include the application of more advanced, modern and

innovative pre-processing techniques, automated hybrid learning and sampling algorithms, and

deep learning models adjusted to achieve better performance. To evolve a predictive model,

additional variables can be introduced. e.g., a model where meteorological statistics are utilized in

developing error-free models for flight delays. In this paper we used data from the US only,

therefore in future, the model can be trained with data from other countries as well. With the use of

models that are complex and hybrid of many other models provided with appropriate processing

power and with the use of larger detailed datasets, more accurate predictive models can be

developed. Additionally, the model can be configured for other airports to predict their flight

delays as well and for that data from these airports would be required to incorporate into this

research.

6.2.APPENDIX:

6.2.1 SAMPLE CODE
#import packages

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt

import re
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#pip install numpy

from sklearn.model_selection import train_test_split

from sklearn import metrics

from keras.preprocessing.text import Tokenizer

from keras.preprocessing.sequence import pad_sequences

from keras.models import Sequential

from keras.layers import Dense, Embedding, LSTM, SimpleRNN, SpatialDropout1D

flight = pd.read_csv("Tweets.csv")

flight

flight.shape

flight.head()

flight.tail()

flight.describe()

flight.info()

flight.isnull().sum()

flight = flight[flight['airline_sentiment_confidence'] > 0.6]

flight

flight = flight[['text', 'airline_sentiment']]

flight.head()

def clean_train_data(x):

text = x

text = text.lower()

text = re.sub('\[.*?\]', '', text) # remove square brackets

text = re.sub(r'[^\w\s]','',text) # remove punctuation

text = re.sub('\w*\d\w*', '', text) # remove words containing numbers

text = re.sub('\n', '', text)

return text

flight['text'] = flight.text.apply(lambda x : clean_train_data(x))

flight.head()

data = flight.copy()

data

flight = flight[flight['airline_sentiment'] != 'neutral']

flight.head()

print("POsitive:",len(flight[flight['airline_sentiment'] == 'positive']))
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print("\nNegative",len(flight[ flight['airline_sentiment'] == 'negative']))

print("\nNeutral",len(flight[ flight['airline_sentiment'] == 'neutral']))

model1_data = flight.copy()

model1_data

max_features = 2000

token = Tokenizer(num_words=max_features, split = ' ')

token.fit_on_texts(flight['text'].values)

X = token.texts_to_sequences(flight['text'].values)

X = pad_sequences(X)

X.shape

embed_dim = 128

lstm_out = 196

model = Sequential()

model.add(Embedding(max_features, embed_dim, input_length = X.shape[1]))

model.add(SpatialDropout1D(0.4))

model.add(LSTM(lstm_out, dropout=0.2, recurrent_dropout=0.2))

model.add(Dense(2, activation='softmax'))

model.compile(loss='categorical_crossentropy', optimizer='adam', metrics=['accuracy'])

model.summary()

Y = pd.get_dummies(flight['airline_sentiment']).values

Y.shape

X_train, X_test, y_train, y_test = train_test_split(X,Y, test_size=0.33, random_state=42)

X_train

X_test

y_train

y_test

batch_size = 25

history = model.fit(X_train, y_train, epochs=10, batch_size=batch_size, verbose=2)

# score = model.predict(X_test)

score, acc = model.evaluate(X_test, y_test, batch_size=batch_size, verbose=2)

print('score', score)
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print('accuracy', acc)

import pandas as pd

import numpy as np

import seaborn as sns

from matplotlib import pyplot as plt

import emoji

#!pip install emoji

!pip install catboost

from sklearn.model_selection import train_test_split, GridSearchCV

from catboost import CatBoostClassifier, Pool

from sklearn.metrics import confusion_matrix

from sklearn import preprocessing

from sklearn.naive_bayes import GaussianNB

from sklearn.ensemble import RandomForestClassifier

from sklearn.neighbors import KNeighborsClassifier

from xgboost import XGBClassifier

data = pd.read_csv('2020_feb_flight_delay.csv')

data

data.shape

data.head()

data.tail()

data.info()

data.describe()

data.columns

data.notnull().sum()

#drop unnamed column

data = data.drop(['Unnamed: 9'],axis=1)

data

# distribution of our target

data['DEP_DEL15'].value_counts()

# Split the data into positive and negative

positive_rows = data.DEP_DEL15 == 1.0

data_pos = data.loc[positive_rows]

data_neg = data.loc[~positive_rows]

positive_rows.shape
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data_neg.shape

data_pos.shape

data.shape

# Merge the balanced data

data = pd.concat([data_pos, data_neg.sample(n = len(data_pos))], axis = 0)

data

# Shuffle the order of data

data = data.sample(n = len(data)).reset_index(drop = True)

data

data.isna().sum()

data = data.dropna(axis=0)

data

data.info()

plt.figure(figsize=(15,5))

sns.distplot(data['DISTANCE'], hist=False, color="b", kde_kws={"shade": True})

plt.xlabel("Distance")

plt.ylabel("Frequency")

plt.title("Distribution of distance")

plt.show()

plt.figure(figsize=(15,5))

sns.distplot(data['DEP_TIME'], hist=False, color="b", kde_kws={"shade": True})

plt.xlabel("Distance")

plt.ylabel("Frequency")

plt.title("Distribution of distance")

plt.show()

plt.figure(figsize=(15,5))

sns.distplot(data['DEP_DEL15'], hist=False, color="b", kde_kws={"shade": True})

plt.xlabel("Distance")

plt.ylabel("Frequency")

plt.title("Distribution of distance")

plt.show()

plt.figure(figsize=(15,5))

sns.distplot(data['DAY_OF_WEEK'], hist=False, color="b", kde_kws={"shade": True})

plt.xlabel("Distance")

plt.ylabel("Frequency")
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plt.title("Distribution of distance")

plt.show()

print(f"Average distance for delay {data[data['DEP_DEL15'] ==

1]['DISTANCE'].values.mean()} miles")

print(f"Average distance for no delay {data[data['DEP_DEL15'] ==

0]['DISTANCE'].values.mean()} miles")

#Count of carriers in the dataset

plt.figure(figsize=(15,10))

sns.countplot(x=data['OP_UNIQUE_CARRIER'], data=data)

plt.xlabel("Carriers")

plt.ylabel("Count")

plt.title("Count of unique carrier")

plt.show()

plt.figure(figsize=(15,10))

sns.countplot(x=data['DAY_OF_WEEK'], data=data)

plt.xlabel("Day of Week")

plt.ylabel("Count")

plt.title("Count of Day of Week")

plt.show()

data = data.rename(columns={'DEP_DEL15':'TARGET'})

data

def label_encoding(categories):

"""

To perform mapping of categorical features

"""

categories = list(set(list(categories.values)))

mapping = {}

for idx in range(len(categories)):

mapping[categories[idx]] = idx

return mapping

data['OP_UNIQUE_CARRIER'] =

data['OP_UNIQUE_CARRIER'].map(label_encoding(data['OP_UNIQUE_CARRIER']))

data.head()

data['ORIGIN'] = data['ORIGIN'].map(label_encoding(data['ORIGIN']))

data.head()
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data['DEST'] = data['DEST'].map(label_encoding(data['DEST']))

data.head()

data['TARGET'].value_counts()

X = data[['DAY_OF_MONTH', 'DAY_OF_WEEK', 'OP_UNIQUE_CARRIER', 'ORIGIN',

'DEST', 'DEP_TIME', 'DISTANCE']].values

y = data[['TARGET']].values

X.shape

y.shape

# Splitting Train-set and Test-set

X_train, X_test, y_train, y_test= train_test_split(X, y, test_size=0.2, random_state=41)

# Splitting Train-set and Validation-set

X_train, X_val, y_train, y_val = train_test_split(X_train, y_train, test_size=0.25,

random_state=41)

X_train.shape

X_val.shape

y_train.shape

y_val.shape

# Formula to get accuracy

def get_accuracy(y_true, y_preds):

# Getting score of confusion matrix

true_negative, false_positive, false_negative, true_positive = confusion_matrix(y_true,

y_preds).ravel()

# Calculating accuracy

accuracy = (true_positive + true_negative)/(true_negative + false_positive +

false_negative + true_positive)

return accuracy

gnb = GaussianNB()

gnb.fit(X_train, y_train)

from sklearn.linear_model import LogisticRegression

lr = LogisticRegression(random_state=0).fit(X_train, y_train)

rf = RandomForestClassifier(random_state=0)

rf.fit(X_train, y_train)

models = [gnb,lr,rf]

acc = []
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for model in models:

preds_val = model.predict(X_val)

accuracy = get_accuracy(y_val, preds_val)

acc.append(accuracy)

model_name = ['Naive Bayes','Logistic Regression', 'Random Forest']

accuracy = dict(zip(model_name, acc))

print(accuracy)

plt.figure(figsize=(15,5))

ax = sns.barplot(x = list(accuracy.keys()), y = list(accuracy.values()))

for p, value in zip(ax.patches, list(accuracy.values())):

_x = p.get_x() + p.get_width() / 2

_y = p.get_y() + p.get_height() + 0.008

ax.text(_x, _y, round(value, 3), ha="center")

plt.xlabel("Models")

plt.ylabel("Accuracy")

plt.title("Model vs. Accuracy")

plt.show()

test_preds = rf.predict(X_test)

get_accuracy(y_test, test_preds)
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