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Abstract: This project focuses on flight delay prediction using data analysis
techniques. Various machine learning algorithms were benchmarked to determine
the most effective method. Through experimentation, it was discovered that the
random forest algorithm yielded the best results. The developed system was
successfully deployed for real-time flight delay prediction, providing valuable
insights for airlines and passengers alike.
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1. Introduction

Flight delays can cause significant disruptions to air travel operations, resulting in inconvenience for
passengers and financial losses for airlines. To address this issue, accurate prediction of flight delays
has become a critical area of research. In this project, a flight delay prediction system was developed
using data analysis and machine learning techniques. The objective was to identify the best algorithm
for predicting flight delays among several benchmarked methods.

The project involved a comprehensive analysis of historical flight data, including attributes such as
arrival time, actual elapsed time, origin, destination, and delay occurrence. Various machine learning
algorithms, including random forest, were benchmarked to determine their performance in predicting
flight delays. The evaluation process involved training models on a subset of the dataset and testing
their accuracy using an evaluation set. The results of the benchmarking process revealed that the random
forest algorithm outperformed other methods in predicting flight delays. This research study contributes
to the field of flight delay prediction by demonstrating the effectiveness of data analysis and machine
learning algorithms. The findings highlight the significance of accurate prediction models in the
aviation industry and lay the foundation for further research in this area.
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2. Literature Review
2.1 Machine Learning

Machine learning means "the programming of a digital computer to behave as human while involving

the process of learning [7]. Machine learning are mainly divided into four categories which are
supervised learning, unsupervised learning, semi supervised learning and enhanced learning.
Supervised learning which is used in this project requires manually giving input and required output, in
addition to providing feedback about the prediction accuracy in the training process.
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Figure 2(a): The workflow diagram of machine learning algorithm.

2.1.1 Gradient Boosting

Gradient boosting is a machine learning technique for regression and classification tasks. It gives a
prediction model in the form of a set of weak prediction models, usually a decision tree. The resulting
algorithm, known as gradient-boosted trees, typically outperforms random forest when a decision tree
is the weak learner. It trains each model to correct the errors made by the previous ones, resulting in
improved accuracy and robustness.
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Figure 2(b): The algorithm of gradient boosting
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2.1.2  Multinomial Logistic Regression

Multinomial logistic regression is a classification algorithm used when the target variable has more
than two categories. It estimates the probabilities of each category using a logistic regression model
and assigns the class with the highest probability as the predicted class.
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Figure 2(c): The algorithm of Multinomial Logistic Regression

2.1.3 Naive Bayes Classification

Naive Bayes is a probabilistic classification algorithm based on Bayes' theorem. It assumes that the
features are conditionally independent, given the class, resulting in a simple and efficient model. It
calculates the probability of each class based on the feature values and assigns the class with the
highest probability as the predicted class.

-

-~ R
| Load training dataset |

R

! ™y
| Preprocess data |
\. Y.

—

- ~,
| Split data into training and testing sets |
\ /

v

~ ~,
| Initialize class probabilities and feature likelihoods |

2

- ~\
| Train Naive Bayes model |

P 2

7 ™y
| Load testing dataset |

—

[ For each instance in the testing dataset:
:Calculate class probabilities using Bayes' theorem

v

re T
| Assign instance to class with highest probability |

&

®

-,

Figure 2(d): The flowchart of algorithm of Naive Bayes Classification
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2.1.4 Random Forest

Random Forest is an ensemble learning algorithm that combines multiple decision trees to create a
robust and accurate model. It randomly selects subsets of features and data samples to build individual
decision trees. Each tree independently predicts the outcome, and the final prediction is determined by
aggregating the predictions of all trees. Random Forest is known for its ability to handle high-
dimensional data, handle missing values, and mitigate overfitting.
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Figure 2(e): The flowchart of random forest algorithm

2.3 Confusion Matrix

A confusion matrix, also known as an error matrix, is a particular table layout that enables visualization
of the performance of an algorithm, typically a supervised learning one, in the field of machine learning
and more specifically the problem of statistical classification. In this project, the confusion matrix is
derived as a measure to evaluate the performance of the trained models in predicting flight delays. The
confusion matrix is a 2x2 matrix that shows the counts of true positives, true negatives, false positives,
and false negatives. These values are obtained by comparing the predicted flight delay labels with the
actual flight delay labels in the validation dataset
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Table 2.6.1 shows the comparison between the existing technique and proposed system

Author and Method/ Framework Considered factors
Year
(Qiang Li et ST-Random Forest Spatial features of the aviation network, the

al., 2022) [6]

temporal correlations of weather conditions and
airport/aviation network crowdedness, delay of
previous flights, scheduled turnaround time, average
turnaround time, distance, scheduled fly time and
average fly time

(Belcastro
et al. 2016)
(4]

Random forest

Origin and destination airport, scheduled departure
and arrival time, weather condition in origin and
destination airports

(Thiagarajan

Levenberg-Marquart (LM)

Origin and destination airport, quarter of year,

etal. 2017)  algorithm month, time-of-day, day-of-week, scheduled

[8] departure and arrival time, weather condition at
destination airport

(Lambelho LightGBM, multilayer Airline, route type code, departure airport, arrival

et al. 2020) perceptron and random airport, scheduled day and hour of departure,

[5] forest scheduled day and hour of arrival

(Yuetal., Deep belief network Time-of-day, day-of-week, month-of-year, number

2019) [9] of passengers, aircraft capacity, air route situation,
airline properties, boarding option, origin or pass-by
flight, flight terminal, gap between check-in time,
scheduled departure time, closing time of gate,
closing time of cargo-hold door, and ready time of
shuttles or jet bridge etc.

Proposed Gradient Boosting, Departure time, scheduled arrival time, scheduled

System Multinomial Logistic elapsed time, origin airport and destination airport

Regression, Naive Bayes

Classification, Random Forest
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3. Methodology

3.1 Research Framework

The research process is shown in Appendix A to understand the flow of research activities.

3.1.1 Data collection phase

In this phase, we import and choose samples of flight data from 2004 to 2006 [1][2][3] from Harvard Dataverse.
The historical flight delay data is gathered for analysis and model development. The sub-activities include
identifying relevant data sources and obtaining access to the data. Then, the necessary data attributes, such as
departure time, origin, destination, and elapsed time, are extracted. The data is cleaned by removing irrelevant or
inconsistent entries, and it is stored in a suitable format for further analysis. The figure of the raw data of flight
historical data is in Appendix C.

3.1.2  Data Pre-processing phase

The data pre-processing phase aims to prepare the collected data for analysis. The sub-activities in this phase
involve cleaning the data by handling missing values, outliers, and inconsistencies. Techniques such as data
imputation, outlier detection, and data normalization are employed. Tools like RStudio or software like Excel

are used for data pre-processing. The figure of pre-processing the flight historical data is in Appendix D.

Calculate : . Perform
Descriptive Statistics e Correlation Analysis
Figure 3(a): Flowchart of data data pre-processing phase
3.1.3  Exploratory Data Analysis Phase

In the exploratory data analysis phase, the focus is on understanding the characteristics and patterns in the data.
The sub-activities include calculating descriptive statistics, visualizing data using graphs and charts, and
performing correlation analysis. Tools like Jupyter Notebook and RStudio are used for data visualization and
exploration. The figure of visualizing the data is in Appendix E.

Import Data —> Identify Variables }—) Clean Data —){ Handle Missing Values ——> Handle Outliers

|

Perform Correlation Analysis <«—— Calculate Descriptive Statistics <—— Perform Data Visualization

Figure 3(b): Flowchart of Exploratory Data Analysis Phase
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3.1.4  Algorithm Selection and Training Phase

In the algorithm selection and training phase, the aim is to identify and train machine learning algorithms for
flight delay prediction. The sub-activities include benchmarking and evaluating various algorithms such as
Naive Bayes, decision trees, random forests, or support vector machines. Tools like Python's scikit-learn library
are used.

Benchmark Algorithms ——> Evaluate Algorithms ———> Select Best Model

Figure 3(c): The flowchart of Algorithm Selection and Training Phase
3.1.5  Model Validation Phase

The model validation phase focuses on assessing the performance and accuracy of the trained models. The sub-
activities include evaluating the models using validation techniques like cross-validation, confusion matrices, and
accuracy metrics. Tools such as Python's scikit-learn library or statistical software packages are used for model

validation.

Split Data into Training and Validation Sets ——> Train Models ——> Evaluate Models ——> Select Best Model

Figure 3(d): The flow chart of model validation phase
3.1.6  Evaluation Phase

In this phase, we evaluate the outcome of the data. After determining whether the outcome met the expectation,
we will proceed to the finding of the results. During the conclusion and report writing process, the final output
will be presented. If the outcome does not meet the expectations, we will restart the research process again. The
figure of testing accuracy of trained model using Excel is in Appendix F.

Evaluate Outcome —— > Compare Results ——> Conclude and Report

Figure 3(e): The flowchart of evaluation phase
3.1.7  Implementation Phase

Several tasks were accomplished in developing the flight delay prediction system using Microsoft Studio and
integrating Microsoft Azure Machine Learning Studio. Firstly, the development environment was set up in
Microsoft Studio, which involved installing the necessary software components and configuring the development
environment for coding and model building. Next, the flight delay prediction system was implemented using
appropriate programming languages, such as Python or R, within Microsoft Studio. This included writing code to
pre-process the data, train the machine learning models, and perform predictions on new data. The figure of

implanting the flight delay prediction system using Microsoft Studio is in Appendix G.
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3.17 Testing Phase

In the testing phase, various activities were conducted to ensure the functionality and reliability of the flight delay
prediction system. Firstly, the system was deployed to a web host to make it accessible to users. This involved
configuring the necessary hosting environment, setting up the required infrastructure, and ensuring proper
connectivity between the system and the web host. Once the system was deployed, rigorous testing was performed
to validate its output. Test scenarios were designed to cover different use cases and input scenarios, including
various flight parameters and historical data. The system's response to different inputs was observed and compared

against expected outcomes. The figure of deploying the data to web hosting server is in Appendix H.
3.2 Data Selection

In this research study, dataset from flight data from 2004 to 2006 in Harvard Dataverse is used. These files are
part of "Data Expo 2009: Airline on time data". Each of the database file are consists of over millions of datasets
of historical flight records. Each record have variety of information such as date of flight, scheduled arrival time,

origin airport, destination airport, distance of flight, cancelled flight and etc.
3.3 Data Pre-processing

In the data pre-processing phase, various procedures are performed to prepare the dataset for analysis and model
training in the flight delay prediction system. These procedures include data cleaning, smoothing, and grouping.
Data cleaning involves identifying and removing rows with missing data. Smoothing techniques are applied to
eliminate noise or inconsistencies in the data. Data grouping involves categorizing the data into bins or categories.
Furthermore, the dataset is modified to classify flight arrival delays as either delayed or non-delayed, with specific
criteria for labeling each category. Overall, data pre-processing aims to improve the accuracy and quality of the

dataset before applying machine learning algorithms.
3.3 Parameter Selection

To implement the proposed system methodology, there are a few parameters of the dataset to be considered in the
research experiment. The parameters used are the scheduled arrival time, scheduled elapsed time, origin airport,
and destination airport. We also created a new parameter “isDelayed”. The parameters and the value set of

“isDelayed” and the benchmark grid setting parameters and values are shown in Table 3(a) and 3(b) below.

Table 3(a): Benchmark grid setting parameters and values

Parameters Values

Value of cancelled and diverted flight NULL
Arrival delay time less than 0 1
Arrival delay time greater than 0 0
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Table 3(b): Benchmark grid setting parameters and values

Parameters Value
Seed of gradient boosting 100
Ranger of number of trees >50 && <100
Random forest resampling 3
Number of evaluation 20
3.4 Software and Hardware Specification

The data analysis software used in this research study is RStudio. RStudio refers to the integrated development
environment (IDE) of R language. R is the language and operating environment for statistical analysis and drawing.
R is a free, free and open-source software belonging to GNU system. It is an excellent tool for statistical
calculation and statistical mapping. The requirement for RStudio has been specified for developing the system as
shown in Table 3.4.1

Table 3(c): RStudio system requirement

Configuration Recommended requirement
Operating System Microsoft Windows 7 and above
Processor 2.65 GHz and above

Ram 2G of RAM and above
CPU 2 core and above
Core 2 core and above

Storage 200 GB disk and above

4, Research Design and implementation

4.1 Proposed Solution

The flight data analysis and delay prediction system is proposed to achieve the objectives of this research study.
The aim of this paper is to develop a prediction model with practical data. The flight data of the flight database
that we have obtained does not provide real-time prediction, such as weather. Therefore, no one has used its
analysis to find flights that may be delayed. One delayed flight seems to have nothing to do with other delayed
flights, but in fact there is some pattern hidden. Other variables, such as scheduled arrival time, scheduled elapsed

time, origin airport, and destination airport, can be used as reference data for predicting cascading flight delay.
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4.2 Experiment design

This paper presents an experiment design that focuses on training a machine learning model for an effective flight
prediction system. The experiment follows standard procedures shown in Figure 4.3.1 and utilizes historical flight
data obtained from Harvard Dataverse. With a dataset of 800,000 flight samples, a pipeline is established to
connect essential procedures for a comprehensive machine learning training experiment. The experiment involves
steps such as connecting a two-class boosted decision tree algorithm, data splitting (80% train set and 20% test
set), and evaluating the model's accuracy using an evaluation dataset. The final step involves evaluating the
machine learning model's performance based on the historical flight data.

Flight delay prediction » Evaluate Model » Evaluation results
do

2004_new_clean_10000.csv

L
/

T Two-Class Boosted Decision... [ Jeoeac=
I
\
B8 Select Columns in Dataset ~
'\‘" —
split Data )
\\ § . .
9 '
[E] Train Model /.//
. -
N
. False Positive Rate
True Positive  False Negative Accuracy Precision Threshold — AUC
@] Eveluate Model 54886 26857 0.650 0.653 0.5 0.710
]7‘2921‘.3; 4;344 0.6;’1 ;).662
Positive Label Megative Label
1 0
Figure 4(a): The flight delay prediction model Figure 4(b): The evaluation results in
training experiment design. the training experiment

4.3 Parameter and Testing Methods

In this research study, several important parameters are considered and tested using historical flight data and
evaluation data. These parameters include arrival time, actual elapsed time, origin airport, destination airport, and
flight delay occurrence. After setting up the training experiment, a predictive experiment is also conducted. In this
predictive experiment, the parameter "IsDelayed" is removed from the dataset to be used for testing with the 20%

evaluation set. A total of 800,000 flight data samples are extracted from the dataset for the experiment.
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After training the model, the next step involves testing its accuracy using the evaluation dataset. We deployed the

experiment design to a predictive web service and established a connection with Microsoft Excel. In Excel, we

imported 160,000 evaluation data sets and tested the accuracy of the trained model.

The figure below displays the results of the predicted score labels.
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Figure 4(e): The predicted score label of the experiment
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Subsequently, we merged the actual "IsDelayed" values with the predicted labels and computed the accuracy

using the confusion matrix. The table below illustrates the confusion matrix:

Table 4(a): The confusion matrix to measure the accuracy of the trained model

Actually Dealyed (1) Actually Not Delayed(0) Total
Predicted Delayed (1) 50127 29683 79810
Predicted Not Delayed (0) 28302 51888 80190
Total 78429 81571 160000

4.4 Result and Discussion

We compared the confusion matrix table results with the evaluation results in the training experiment in Table
4(b). The table provides various performance measures for the trained model in predicting flight delays.
Sensitivity represents the proportion of correctly predicted positive cases, while specificity represents the
proportion of correctly predicted negative cases. Precision indicates the accuracy of positive predictions, while

the negative predictive value represents the accuracy of the negative predictions.

The false positive rate and false negative rate show incorrect prediction proportions. Accuracy reflects
the overall correctness of predictions, while the F1 score balances precision and recall. The Matthews Correlation

Coefficient quantifies the overall performance of the model, with a value closer to 1 indicating better performance.

Table 4(b): The overview of the measure in confusion matrix

Measure Value

Sensitivity 0.6391
Specificity 0.6361

Precision 0.6281

Negative Predictive Value 0.6471
False Positive Rate 0.3639

False Negative Rate 0.3609
Accuracy 0.6376

F1 Score 0.6336

Matthews Correlation Coefficient 0.2572

.We noticed that the difference between the accuracy, precision, recall, and F1 score of the evaluation results in

training experiment and the result from the confusion table are all smaller than 0.04
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Table 4(b): The comparison between both result is shown in Figure 4.5.2.

Training experiment result Confusion Matrix Table Difference
Accuray 0.65 0.6376 0.1124
Preicsion 0.653 0.6281 0.0249
Recall 0.671 0.6391 0.0319
F1 Score 0.662 0.6336 0.0284

Hence, it can be observed that the evaluation results using the data sets exhibit only minor variations compared to
the evaluations conducted with the two-class boosted decision tree algorithm. The accuracy of the trained model
is determined by utilizing a ratio of 6:2:2 for the training dataset, validation dataset, and evaluation dataset,
respectively. This ratio ensures a comprehensive assessment of the model's performance across different datasets.

5. Conclusion
5.1 Discussion

Upon reviewing the objectives, it can be concluded that the research study has successfully achieved its goals.
The proposed flight prediction system utilizes multiple supervised machine learning algorithms to find out the
best model for the flight delay prediction system. The parameters relevant to the flight prediction system have
been thoroughly studied and measured through visualizations using tables and charts. Additionally, the chosen
flight data from 2004 to 2006 has been effectively utilized to test the prediction model for a delay prediction
system by assigning the data to clusters in the experiment. Overall, the objectives of this research have been mostly

accomplished.

5.2 Future Work Improve computing efficiency

. In future work, an additional phase will be incorporated into the proposed system research framework, focusing
on performance evaluation. This phase will assess the effectiveness of visualization techniques and decision-
making processes. Moreover, the prediction accuracy of the system will be thoroughly tested and evaluated.
Furthermore, there are plans to deploy the developed system on a web server, enabling users to input parameters
and predict the occurrence of flight delays. It is also worth considering the integration of deep learning algorithms,

such as neural networks, to further enhance the accuracy and efficiency of the system.
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Appendix D: Figure of pre-processing the flight historical data
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Read the migration plan to Notebook 7 to leam about the new features and the actions to take if you are using extensions - Please note that updating to Notebook 7 might break some of your extensions.

: Jupyter Flight data analysis Last Checkpoint: Last Tuesday at 4:53 PM (unsaved changes)

File Edit

B+ x

View

@ B 4 ¥ PRun

Loy Dong Xuan, Applied Information Technology and Computer Science Vol.5 No. 1 (2024) p. 475-492

Don't show anymore

A

| Python 3 (ipykemel) O

Logout

Insert  Cell  Kemel  Widgets  Help Not Trusted

B C » | Mmarkdown v =

plt.show() # Show the figure

E:\Temp\ipykernel_6752\1039970994.py:9: UserWarning: Ignoring ~palette because no “hue’ variable has been assigned.
ine = sns.lineplot(data=best_time_of_day, x='DepTime’, y='Avg_ArrDelay’, ax=ax[2], palette=palette,

Average Arrival Delays between 2004 and 2006 by Departure Time

(To Find Best Time of Day to Fly to Minimize Delays)

) T a0 + 2 w00
g = g =0 é 0
3 3 ]
2 200 2 200 2 200
T ] 3
£ j £ 10 g 150
2 100 J 2' 100 ; 100
g e s £ s0
: 0 2o L
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In [40]: best_day_of week - delays_df.groupby(['DayOfieek"]).mean()[['ArrDelay’]]
best_day_of week.sort_values(by=['ArrDelay’], inplace-True)
best_day_of_veek.head(3)
#best_day_of week.plot.bar()
Out[4e]: ArrDelay
DayOfWeek
6 25811750
2 2700138
Appendix E: Visualizing the data using Jupyter Notebook
c D E F G | H J K L M| | ¢~
1 ind nl)ests -Scnrednm:tual Scored Labels Combined
2 128 MEM EWR 0. il 0 10 Actually Delayed (1) |Actually Not Delayed (0) Total
3 | 62 LGA BOS 0.797897 0 1 01 Predicted Delayed (1) 50127 29683 73810
4 | 80 CLE MDW 0.510923 1 1 11 Predicted Not Delayed (0) 28302 51888 80190
5 | 235 EWR OKC 0.359446 o 0 00 Total 78429 81571 160000
6 | 80 1AH PNS 0.529821 1 1 11
7| 88 ABE CLE 0.469045 1 0 10
8 | 91 CLE CcLT 0.690636 1 1 1
9 | 88 HPN CLE 0.469045 1 0 10
10 177 CLE AUS 0.449536 1 0 10
11 81 1AH MOB 0.539781 o 1 01
12 186 IAH VG 0.150184 0 0 00
13 71 1AH SHV 0.435259 o 0 00
14 | 99 1AH MAF 0.360321 0 o 00
15 67 CLE CMH 0.593956 0 1 01
16: 101 T CLE 0.472036 0 0 00
17 69 CLE ABE 0.618866 1 1 11
18 81 BNA CLE 0.483499 1 0 10
13 71 SDF CLE 0.448109 1 0 10
20 | 62 EWR BUF 0.682404 1 1 11
21 93 1AH TUL 0.532693 o 1 01
22 | 76 AEX IAH 0.366906 0 0 00
23 | 109 ATL CLE 0.312276 o 0 00
24 | 67 1AH LFT 0.562615 0 1 01
25 | 99 1AH IcT 0.365047 1 0 10
26 | 58 EWR DCA 0.42765 0 0 00
27 | 167 PSP IAH 0.440638 1 0 10
28 | 101 T EWR 0.587611 1 1 11
29 31 BPT 1AH 0.897687 1 1 11
30_ 131 IAH ELP 0.440271 0 0 00
11 117 GSP EWR 0.377421 0 0 00 -
Sheetl ® « 3
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Appdedix F: Figure of Confusion matrix for testing accuracy of trained model using Excel
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Appendix G: Implementing delay prediction system in Microsoft Studio

Flight delay prediction system

Apart time
Hour: Minute: AMPM: HOUR: 7 minute: 12
2 s~ oA Time Categary: morning
origin Arport: ORIGIN; ABE DESTINATION: DAY
Destination Airport: FLARSE: 12 Flapsed Timo Catogarys Shart
Elapsed Time {seconds): |12 PARSEOHOUR: 112
WillDelay: No

Predict
Prabablity: 0.407851303235206

© 2023 - My ASPNET Application

Appendix H: Testing deploying delay prediction system to web host.
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