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ABSTRACT 

 
ARTICLE INFO 

The primary goal of model proposed in this seminar is to predict airline delays caused 

by inclement of weather conditions using data mining and supervised machine 

learning  algorithm (Random Forest). 2008 US domestic flight data and weather data  

was extracted  for training and prediction. Four different models were developed to  

for analysis of  behavior  of different parameters. Departure and Arrival delays were  

separately determined. OOB  score was calculated to determine optimum number of  

trees. Sampling techniques (SMOTE)  were then applied on data to improve the  

performance of model. Every model’s performance was compared using precision,  

recall, F1 score, Accuracy, Confusion matrix, and AUC under ROC. 

 

Keywords: Data Science, Data mining, Machine Learning, Delay Prediction, Weather,  

Imbalanced Training data, Sampling Techniques 

Article History 

Received: 10
th  

December 2017 

Received in revised form : 

10
th 

December 2017 

Accepted: 13
th

 December 2017 

Published online : 

14
th

 December 2017 

 

I. INTRODUCTION 

Pothole With the reduction of operating costs in the 

aviation industry due to fuel efficient aircraft, the  cost 

reduction by leveraging modern technology and the increase 

in household disposable income,  the volume of air travel 

increased from 450 billion passenger-miles in 1997 to 600 

billion passenger-miles in 2014. (BTS, US Passenger Miles 

Table) [1] 

 

The higher passenger traffic and the increase in the 

number of flights offered by airlines,  means that during bad 

weather conditions the National Airspace System (NAS) 

capacity in the United  States is challenged to handle the 

number of scheduled flights. Passengers can book flights up 

to one year before the departure date, which is usually when 

an airline publishes its flight schedule. However, the 

planned and published  flight schedule does not account for 

the potential impact of weather that may occur on the day of  

the flight. Instead, the schedule is mainly set according to  

profit  and market share considerations. As a result, the  

imbalance between flight demand and NAS capacity  in the  

US yields flight delays. The average load factor in a flight  

for domestic operations in 2012 was close to 83%. Flight 

delays not only cause time loss  for passengers but also 

create multiplicative  inefficiency, wreaking havoc  

downstream by disrupting airport runway operations and the 

planning  of airlines. the annual cost of domestic flight   

delays to the US economy was estimated to be $31-40billion 

in 2007 (Joint Economic Committee, US Senate  2008). 

Correctly predicting flight delays  allows passengers  to be 

prepared for the disruption of their journey and allows 

airlines to pro-actively respond to the potential causes of the 

flight delay to mitigate their  impact.  The abundant research 

efforts from data scientists, researchers, companies and 

government  agencies on airline flight delays confirms that 

this is an important area. In particular, the main benefits  of 

better flight prediction are significant operational cost 

savings and a non-negligible improvement  in quality of life  

for those who use air as an important mean of transport. An  
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accurate online flight  delay predictor would certainly 

generate a lot of interest in the world of air travel.The goal 

of work done in this seminar is to use exploratory analysis 

and to develop machine  learning models to predict airline's 

departure and arrival delays. Based on the literature reviews, 

this  type of problem is actively examined by many 

researchers and GE even brought out a flight quest  

challenge with an award of $250,000 to the team who can 

most accurately predict flight  delays. 

 

II. LITERATURE SURVEY 

 

The increase in delays in the National Airspace System 

(NAS) has been the subject of studies in recent years. The  

literature on delay analysis and its potential remedies 

extends back over several decades. Levine (1969) argues  

that pricing is a better means  of allocating scarce airport 

capacity to meet the demand than other mechanisms being 

considered at the time, such as slot allocation. The Federal 

Aviation Administration (FAA) describes the increase in 

delays and 10 cancellations from 1995 through 1999.  

 

Schaefer and Miller (2001) found that the current 

system for collecting causal data does not provide the 

appropriate data for developing strong conclusions for delay 

causes and recommend changes to the current data 

collection system.  

 

Allan et al. (2001) examined delays at New York City 

Airports from September 1998 through August 2000 to 

determine the major causes of delay that occurred during the 

first year of an Integrated Terminal Weather System (ITWS) 

use and delays that occurred with ITWS in operation that 

were “avoidable” if enhanced weather detection. The 

methodology used in the study has considered major causes  

of delays (convective weather inside and well outside the 

terminal area, and high winds) that have generally been 

ignored in previous studies of capacity constrained airports 

such as Newark International Airport (EWR). The research 

found that the usual paradigm of assessing delays only in 

terms of Instrument Meteorological Conditions (IMC) and 

Visual Meteorological Conditions (VMC) and the 

associated airport capacities is far too simplistic as a tool for 

determining which air traffic management investments best 

reduces the “avoidable” delays.  

 

Schaefer and Miller (2001) use the Detailed Policy 

Assessment Tool (DPAT) to model the propagation of delay 

throughout a system of airports and sectors. To estimate 

delays, throughputs, and air traffic congestion in a typical 

scenario of current operations in the U. S., DPAT models 

the flow of approximately 50,000 flights per day throughout 

the airports and airspace of the U. S. National Airspace 

System (NAS) and can simulate flights to analyze delays at 

airports around the world. They obtained results for local 

flight departure and arrival delays due to IMC, propagation 

for IMC, comparisons to 11 VMC results,  and a 

comparison of propagated delays to entire system.  

 

Rosen (2002) measures the change in flight times 

resulting from infrastructure-constant changes in passenger 

demand. Results indicate that delays rise with the ratio of 

demand to fixed airport infrastructure, decreasing average 

flight times by close to seven minutes after the sharp 

decrease in demand in the Fall of 2001. Flight time 

differences between the airlines in the sample are small, 

though the larger United had shorter average flight times in 

the winter quarter than America West, the smaller airline in 

the data sample.  

 

Janic(2003) presents a model for assessment of the 

economic consequences of large-scale disruptions of an 

airline single hub-and-spoke network expressed by the costs 

of delayed and  cancelled complexes of flights. The model 

uses the scheduled and affected service time of particular 

complexes to determine their delays caused by disruption. 

During the last decade, a considerable attention has been 

given to proactive schedule recovery models as a possible 

approach to limit flight delays associated with Ground 

Delay Programs (GDP) (Abdelghany et al., 2004; Clarke, 

1997). In these models, the impact of any reported flight 

delays, due to GDP or any other reason, is propagated in the 

network  to determine any possible down-line disruptions 

(Monroe and Chu, 1995).  

 

Wu (2005) explores the inherent delays of airline 

schedules resulting from limited buffer times and stochastic 

disruptions in airline operations. It is found that significant 

gaps exist between the real operating delays, the inherent 

delays (from simulation) and the zero-delay scenario. 

Results show that airline schedules must consider the 

stochasticity in daily operations. Schedules may become 

robust and reliable, only if buffer times  are embedded and 

designed properly in airline schedules. 

 

III. PROPOSED SYSTEM 

 

 
 

Random forest algorithm is a supervised classification 

algorithm. As the name suggest, this algorithm creates the 

forest with a number of trees. In general, the more trees in 

the forest the more robust the forest looks like. In the same 

way in the random forest classifier, the higher the number of 

trees in the forest gives the high accuracy results. If you 

know the decision tree algorithm. You might be thinking are 

we creating more number of decision trees and how can we 

create more number of decision trees. As all the calculation 

of nodes selection will be same for the same dataset. Yes. 

You are true. To model more number of decision trees to 

create the forest you are not going to use the same apache of 
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constructing the decision with information gain or gini 

index approach.  

 

IV. CONCLUSION 

 

From the analysis done on Flight data, The delay 

distribution were centered around zero. Some flights were 

delayed by more then 2 hours. December has largest amount 

of delays mainly due to snowstorms also June and July have 

delays due to summer vaccations. October and november 

are the months with least amount of delays. we see a marked 

"V" shaped decline in delay with the lowest delays in early 

morning hours. Both departure and arrival delays © 2017, 

IERJ All Rights Reserved Page 3 accumulate from the 

earlier morning hours reaching their peaks in the evening 

hours indicating Flight Delay Propagation.  
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