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Exploring the Impact of Weather on Flight Delays

Vasanth Kassa

23408936

1. Introduction

The paper is a configuration manual that provides technical guidelines on the implementation
of the flight delay prediction system that was developed in the dissertation, Exploring the
Impact of Weather on Flight Delays. It specifies the software requirements, data preprocessing,
model configuration settings, and deployment guidelines of the XGBoost-based prediction
system with 98.45% accuracy.

2. System Configuration

It is running on Windows 11 Home (Build 22631.6199) and 11 th -11th-generation Intel Core i3-
1115G4 processor (3.00GHz, 8.00GB RAM). The 64-bit architecture is efficient in processing huge data
sets. The model execution and the data handling require Python 3.8 and the libraries scikit-learn,
XGBoost, pandas, and NumPy.

System > About

@ Device specifications Copy ~

Device name LAPTOP-VDSJIGSN

Processor 11th Gen Intel(R) Core(TM) i3-1115G4 @ 3.00GHz 3.00 GHz
Installed RAM 8.00 GB (7.80 GB usable)

Device ID 33A79B4B-8776-48AD-8E47-09FCABSCI01E

Product ID 00356-24607-24669-AA0OEM

System type 64-bit operating system, x64-based processor

Pen and touch ~ No pen or touch input is available for this display

Related links  Domain or workgroup ~ System protection  Advanced system settings

== Windows specifications Copy

~

Edition Windows 11 Home Single Language
Version 23H2

Installed on 02/02/2023

OS build 22631.6199

Serial number PF3XZON2
Experience Windows Feature Experience Pack 1000.22700.1108.0

Microsoft Services Agreement
Microsoft Software License Terms




2.1 Recommended Hardware

GPU NVIDIA GeForce GTX 1650 or higher (4GB VRAM) for accelerated model
training

RAM 16GB DDR4 (minimum 8GB for basic operations)

CPU Intel Core i5 11th Gen or AMD Ryzen 5 (3.0GHz+, quad-core minimum)

Storage 256GB SSD with at least 50GB free space for datasets and model files

2.2 Software Requirements

Operating System

Windows 10/11

[ ]

e Anaconda Navigator

e Jupyter Notebook 7.2.2

e macOS

e Linux (Ubuntu highly recommended)
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2.3 Python Version

Initializing a new watchdog thread: []

Successfully initialized a watchdog thread: [25896]

Extension package aext_toolbox took 0.741ld4s to import
Extension package panel.io.jupyter_server_extension took 3.0537s to import
aext_assistant | extension was successfully linked.

aext_core | extension was successfully linked.

aext_panels | extension was successfully linked.
aext_share_notebook | extension was successfully linked.
aext_toolbox | extension was successfully linked.

jupyter_lsp | extension was successfully linked.
jupyter_server_terminals | extension was successfully linked.
jupyterlab | extension was successfully linked.

notebook | extension was successfully linked.

notebook_shim | extension was successfully linked.
panel.io.jupyter_server_extension | extension was successfully linked.
nb_conda_kernels | enabled, 1 kernels found.

notebook_shim | extension was successfully loaded.

Registered aext_assistant server extension

aext_assistant | extension was successfully loaded.
Registered aext_core server extension

aext_core | extension was successfully loaded.

Registered aext_panels server extension

aext_panels | extension was successfully loaded.

Registered aext_share_notebook_server server extension

Python 3.10 or 3.11 recommended
2.4 Required Libraries

The project uses the following major libraries:

Category Libraries Used

Data

Manipulation pandas 1.5.3, NumPy 1.24.3

Machine

Learning scikit-learn 1.2.2, XGBoost 1.7.5, imbalanced-learn 0.10.1

Visualization Matplotlib 3.7.1, Seaborn 0.12.2
Data Processing | SciPy 1.10.1

Development Jupyter Notebook 6.5.4, Python 3.8+
Environment

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.preprocessing import LabelEncoder

from sklearn.model_selection import train_test_split

from imblearn.over_sampling import SMOTE

from sklearn.preprocessing import StandardScaler

from sklearn.linear_model import LogisticRegression

from sklearn.svm import SVC

from sklearn.ensemble import RandomForestClassifier

from xgboost import XGBClassifier

from sklearn.pipeline import Pipeline

from sklearn.metrics import (
accuracy_score, classification_report, confusion_matrix,
roc_auc_score, RocCurveDisplay, ConfusionMatrixDisplay

)

from sklearn.metrics import accuracy_score, precision_score, recall_score, fl_score




3. Data Sources & Linking

The data exploration stage demonstrates the structure of the data set, which consists of
1,936,758 flight records over 30 running features, providing the basis of the analytical process
of predicting weather delays. The data is selected from Kaggle

# Inserting Dataset
df = pd.read_csw('DelayedFlights.csw')

Exploring Insights of Data

Rows

# First Few
df .head(5)

Unnam .dn Year Month DayofMonth DayOfWeek DepTime CRSDepTime ArrTime CRSArrTime UniqueCarrier .. Taxiln TaxiOut Cancelled CancellationCode
@ 0 2008 i 3 4 2003.0 1955 22110 2225 WHN . 4.0 8.0 0 N
1 1 2008 1 3 4 754.0 735 10020 1000 WN . 5.0 10.0 L] N
2 2 2008 1 3 4 6280 620 B804.0 750 WN . 30 17.0 0 N
3 4 2008 1 3 4 1829.0 1755 1959.0 1925 WN . 3.0 10.0 0 N
4 5 2008 1 3 4 19400 1915 21210 2110 WN 4.0 10.0 [1] N

5 rows x 30 columns

4. Data Cleaning & Feature Engineering

The missing value analysis shows that there is a great existing gap in delay-related columns
(689,270 nulls). The systematic strategies in dealing with the data are the dropping of the
unnamed index column, filling the gaps of missing data with suitable statistical indicators, and
the elimination of duplicates in order to have 1,936,756 valid cases.

import pandas as pd

# Drop the 'Unnamed' column

df = df.drop(columns=["'Unnamed: ©'], errors='ignore')
# Handling Null Values

# 1. TailNum - very few missing (5) » fill with 'UNKNOWN'
df['TailNum'] = df['TailNum'].fillna('UNKNOWN')

# 2. ArrTime, TaxiIn -» missing values Llikely mean cancelled/diverted » fill with @
df[ 'ArrTime'] = df['ArrTime'].fillna(0)

df['TaxiIn'] = df['TaxiIn'].fillna(®)

# 3. ActualElapsedTime, AirTime, ArrDelay - missing due to cancellation/diversion > fill with @

df[ 'ActualElapsedTime'] = df['ActualElapsedTime'].fillna(0)
df['AirTime'] = df['AirTime'].fillna(®@)
df['ArrDelay’'] = df['ArrDelay'].fillna(®)

# 4. CRSElapsedTime - small number missing (198) - impute with mean
df[ 'CRSElapsedTime'] = df['CRSElapsedTime'].fillna(df['CRSElapsedTime’'].mean())

# 5. TaxiOut > some missing - fill with median (robust to outliers)
df['TaxiOut'] = df['TaxiOut'].fillna(df['TaxiOut'].median())

# 6. Delay columns (CarrierDelay, WeatherDelay, NASDelay, SecurityDelay, LateAircraftDelay)

delay_cols = ['CarrierDelay', 'WeatherDelay', 'NASDelay', 'SecurityDelay’,'LateAircraftDelay’
df[delay_cols] = df[delay_cols].fillna(®@)

5. Data Visualization

Box plots—ittustrate distributions—of —arrival—detays—on—weekdays—with—consistent median




distributions, whereas bar charts illustrate the delay hours and the main causes of the delays,
with carrier delays as the largest. The scatter plot indicates that there is a positive correlation
between the delays on the departure and arrival sides and which is high, and this means there
is delay propagation
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6. Data Preprocessing

Label encoding transforms the categorical variables (UniqueCarrier, Origin, Dest,
CancellationCode) into numerical form, which allows the algorithm to process the set of
categorical relationships. The step displays a dichotomous target variable, such as
WeatherDelaylndicator, which transforms continuous WeatherDelay scores into classification
categories (no delay 0 and delay 1).

ategorical columns (objec

m

g He
w LUuc]

Identify

cat_cols = df.select_dtypes(include=["'object', 'category']).columns

% Trs N | » wo a2 - ool
# Initialrze Label encodaer

le = LabelEncoder()

for col in cat_cols:
dffcol] = le.fit_transform(df[col].astype(str))

print("Categorical columns encoded:\n", cat_cols.tolist())
print(df.head())

7. Logistic Regression

The Logistic Regression has been found to have an accuracy of 93.70% and ROC-AUC of
0.96, which implies its good discriminative performance. The confusion matrix shows that
there are 3469 true negatives and 161 true positives, 207 false positives, and 37 false negatives.

o 0 8 02 e - 5 P 8 B W P € S P D W P 5 S U P S P W 90

> Pipeline

» StandardScaler
I

» LogisticRegression

1




8. Evaluation Metrics

Accuracy percentage, precision, recall, F1-score are used as evaluation matrices for each ML
models.

# Classification report
print("\nClassification Report:")
print(classification_report(y_test, y pred xgb, digits=3))

Classification Report:

precision recall fl-score support

9. Train-Test Split

The optimal technique is split into an 80-20 train-test split with data divided into training (80%
samples) and a testing set (20%) randomly with random_state=42

& Feotures (X) and Target (y

X = df_subsample.drop(columns=! “"WeatherDelayIndicator"])

y = df_subsample{ "WeatherDelayIndicator"

2 Train-Test Split (86% troin, 28X test)

X_train, X_test, y_train, y_test = train_test_split(
X, v, test_size=0.2, random_state=42, stratify=y

)
print(“Train shape:", X_train.shape, y_train.shape)

print("Test shape:", X_test.shape, y_test.shape)

10. Model Comparison

The high number of measures explained by XGBoost as a better choice makes the effective
decisions of flight delays by weather prediction, which presents practitioners with a solid and
stable predictive tool to improve airline services.




# Fvaluate on the untouched test set
rows = []
for name, model in models.items():
if not hasattr(model, "predict"):
raise ValueError(f"Model {name} is not a fitted estimator.")
yv_pred = model.predict(X test)

acc = accuracy_score(y test, y pred)
prec = precision_score(y_test, y pred, average="binary", zero division=@)
rec = recall score(y_test, y pred, average="binary", zero division=@)
f1 = f1 score(y test, y pred, averagez"binary", zero division=@)
rows.append({

"Model": name,

"Accuracy (%)": 188%*acc,

"Precision (%)": 180#*prec,

"Recall (%)": 1@@#*rec,

"Fl-score (%)": 108%f1
1)

# Rank by Accuracy (%)

summary_df = (
pd.DataFrame(rows)
.sort_values(by=["Accuracy (%)"], ascending=False)
.reset_index(drop=True)

# Display the tahle
print(summary df.to string(index=False, formatters={
"Accuracy (%)": lambda x: f"{x:.2f}",

"Precision (%)": lambda x: f"{x:.2f}",
"Recall (%)": lambda x: f"{x:.2f}",
"Fl-score (%)": 1lambda x: f"{x:.2f}"

1))




LR:

# Pipeline: 5cale -> lLogistic Regression
logreg pipe = Pipeline(]
("scaler", StandardScaler()),
("logreg", LogisticRegression(max_iter=2008, solver="lbfgs"))

1)

# Fit on SMOTE-resampled training data
logreg pipe.fit(X train_res, y train_res)

SVC:

# Pipeline: Scale -> SWM (RBF)
svm_pipe = Pipeline([
("scaler”, StandardScaler()),
("svm", SVC(kernel="rbf", C=1.8, gammaz="scale", probability=True, random_state=z42))

1)

# Fit on SMOTE-resampled training data
svm_pipe.fit(X_train_res, y_train_res)

RF Classifier:

# Pipeline:-> Random Forest
rf_pipe = Pipeline([

("rf", RandomForestClassifier(
n_estimators=300,
max_depth=None,
min_samples split=2,
min_samples leaf=1,
n_jobs=-1,
random_state=42

))

1)

# Train on SMOTE-resampled data
rf pipe.fit(X_train_res, y_train_res)




XGB Classifier:

# Pipeline: (no scaler needed) -> XGBoost
xgh_pipe = Pipeline(][

("xgb", XGBClassifier(
n_estimators=400,
max_depth=6,
learning_ rate=0.88§,
subsample=0.9,
colsample bytree=0.9,
reg_lambda=1.8,
objective="binary:logistic",
eval metric="logloss",
n_jobs=-1,
random_state=42,
tree method="hist"

))
1)

# Train on SMOTE-resampled data
xgb pipe.fit(X _train_res, y_train_res)




Repositories:
Kaggle:

Data Source: https://www.kaggle.com/

Dataset Link: https://www.kaggle.com/datasets/giovamata/airlinedelaycauses/data

References

Python: https://www.python.org
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