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This paper presents a machine-learning approach to predict flight delays. Whereas neural
networks are extensively studied for predictive capabilities, they involve non-intuitive design and
extensive analysis, particularly in training and optimization processes. Instead, the proposed
framework employs Gaussian Processes as a supervised learning technique for flight delay
prediction. This data-driven approach trains the model using prior information, specifically the
mean and covariance tied to existing data. The proposed Gaussian Process Regression (GPR)
model employs the day of flight as a pivotal feature for delay forecasting. We analyze flights
from various routes and gauge the accuracy of the presented learning technique by comparing
the predicted delays with the actual ones. Given the inherent challenges in precisely forecasting
delays, we predict the delays with a 95 % confidence interval. Also, an error propagation analysis
in the prediction horizon is carried out to determine the optimal time frame for prediction.
The proposed method for flight delay prediction is important as airlines can strategize flight

operations and issue timely advisories.

I. Introduction
N recent years, the volume of aircraft flying within global airspace has increased notably. The significant impact of
Ithis substantial increase is most evident within the United States national airspace. In addition, flight delays are more
frequent, potentially affecting the reputation and business of airlines [1]]. The most common types of delays include
carrier delays, weather delays, security delays, and airspace-related delays. Carrier delays are attributable to the airline’s
management, including delays resulting from maintenance, flight crews, aircraft refueling, etc. Similarly, weather delays
arise from extreme weather conditions, airspace delays emanate from congested national airspace, air traffic controller

delays, and low visibility impacting aerodrome operation, while security delays are induced by security-related issues.
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The United States Department of Transportation (DOT), Bureau of Transportation Statistics (BTS) publishes the monthly
Air Travel Consumer Report with details on all flights, including the arrivals and departures, delays, cancellations, and
diversions. As per the report of 2022, only 76.72 % of flights in the U.S. arrived on time, with 22.81% of the flights
delayed at Dallas/Fort Worth International Airport [2l]. Therefore, using a flight delay prediction model, airlines can
have prior information on delays and develop operational plans to mitigate the underlying causes within their control.

Flight delay, a stochastic process, is affected by random factors like weather, air traffic, etc. These uncertainties cause
an impact on flight delays and are inherent. We can employ a mathematical model to quantify and propagate uncertainty
within a stochastic process. A mathematical model describing the flight operation is always approximate, and evaluating
such a mathematical model can be practical depending on the ability to quantify its uncertainties [3]]. It involves
randomly sampling uncertain parameters from a probability distribution and propagating the uncertainty. However, the
results can be inaccurate if the assumed probability differs from the actual probability distribution. Furthermore, if
numerous uncertain variables govern the system, solving mathematical models with Stochastic Differential Equations
(SDEs) can be computationally costly. Alternatively, we can consider flight delay prediction as a machine-learning
problem. Machine learning refers to methods or algorithms that can "learn" from available information, enabling them
to carry out desired tasks [4]. In supervised learning, for instance, we can predict future delays based on prior data on
flight schedules and delays.

In the literature, various machine-learning techniques have been implemented for flight delay prediction. Gui et al.
[S]], used Long Short-Term Memory (LSTM) neural networks and random forest-based models for predicting flight
delays using big data. For a binary classification problem, the random forest-based model had a prediction accuracy
0of 90.2 % . Kim et al. [6] employed Recurrent Neural Networks (RNNs) to predict air traffic delays. Similarly, Yu
et al. [[7] studied patterns in flight delays by implementing deep learning to large datasets. Esmaeilzadeh et al. []]
evaluated interdependence between flight delays using a Support Vector Machine (SVM) regression model. However,
very few research in the literature typically considers the uncertainty associated with the predictions. Mueller et al. [9]
modeled the delay-time probability density function using a statistical approach and showed that departure delay fits
better with Poisson distribution and arrival delays with Normal distribution. Similarly, Tu et al. [10] estimated departure
delay distribution by implementing a statistical approach, and Wesonga et al. [11] used a logistic model to estimate the
probability of aircraft delays at Entebbe International Airport. Perez-Rodriguez et al. [12]] implemented an asymmetric
Bayesian logit model to determine aircraft delay probability. The study showed a strong correlation between the
departure and arrival delay for a particular flight. Using Bayesian RNN-LSTM, Vandal et al. [13] predicted aggregate
delays in US airports and also implemented the Monte-Carlo Dropout technique for uncertainty quantification. The
analysis of the model showed difficulty in predicting flight delays where the RSME was above 10 minutes. Zoutendijk
et al. [14] applied Mixture Density Networks and Random Forest Regression to predict flight delays. However, no

prediction results are shown for multiple flight days as a time series. Also, weather information is considered a feature



that, for a future flight day itself, depends on a prediction model. Similarly, Wang et al. [[15] proposed machine learning
techniques to predict the distribution of delays. But this paper also presented the results for a single flight day. Our
work stands out from others in its unique focus on predicting flight delays for multiple days for a specific route and a
particular flight, whereas most existing work has concentrated on predicting delays at specific airports. Moreover, as
airlines frequently change their flight number, this study focuses on using compact training datasets because data for a
particular flight are often limited in size. This methodology can give more precise predictions regarding individual
flights and routes.

This research applies machine learning to predict flight delays based on prior flight schedules and delay information.
The main objective of this research is to learn the trend and periodicity in training data and use them for future delay
prediction. While different machine learning methods provide regression models, they don’t have the capability to give
the uncertainty of their predictions. Predicting flight delays is a critical task, and accounting for uncertainty in these
predictions is equally important for the reliability of prediction. Hence, it is essential to implement a machine learning
method that can give a prediction and measure of confidence. Gaussian Process Regression (GPR), a probabilistic
machine learning framework, has gained significant importance in recent years due to its flexibility, and effectiveness in
addressing stochastic problems. This differs from the predominant utilization of more complex methods like neural
networks for similar tasks, while also allowing us to calculate the degree of confidence in our predictions. Gaussian
Process (GP) has been used in various applications, including uncertainty quantification in aerodynamics [16]], model
predictive control of quadrotor [17], forecasting time series data [[18]], and predicting travel time for a vehicle based on
traffic data [19]]. Furthermore, Amer et al. [20] integrated GPR with other methods for probabilistic damage detection
and structural health monitoring, and Mohanty et al. [21] implemented GP to predict the fatigue life of the material. For
predicting flight delays with a machine learning technique, working directly with a large dataset is daunting, and it is
important to first gain a proper understanding of the correct approach to tackle the problem. The selection of kernels and
identifying important features is a critical aspect of GPR. Thus, we can first apply the technique to a familiar problem,
such as a periodically excited time series, to understand how kernels capture the system with trends and periodicity,
characteristics that are also being examined in flight delay prediction, ensuring a more accurate application of GPR to
the task at hand.

The structure of this paper is outlined as follows. Section II discusses the mathematical foundations of the GP, and
Section III gives a concise overview of the GPR. In Section IV, an application of GPR to a time series with periodic
excitation is discussed. Section V focuses on the application of GPR for flight delay prediction. The meaningful
discussion of results is given in Section VI, followed by the conclusion in Section VII. Finally, in Section VIII, the paper

explores the limitations of the proposed method and future work..



II. Mathematical Preliminaries

In this section, we provided the mathematical concepts to understand stochastic and Gaussian Processes.

A. Gaussian Random Variable, Multivariate Distribution, and Gaussian Random Vectors
A random variable is defined as a variable whose value depends on a random phenomenon. Any random variable X
is said to be Gaussian or normally distributed if its probability density function, fx(x), is given by

1 L =-p?

fx(x) = oy exp( 27) forallx e R Q)

where p = E[X] is the mean or expected value and o2 is the variance of X.

Multivariate distribution is a distribution of multiple random variables. The correlation among the random variables
is generally represented by a symmetric, positive semi-definite matrix known as the covariance matrix. In the covariance
matrix, the off-diagonal elements represent the covariance between different random variables while the diagonal
element represent the variances of random variables. To that end, let us denote the covariance matrix among X;,
i=1,2...,nrandom variables with K = KT € R"*"_ For all i,j=1,2,...,n,the (i, j) element of K represents the

covariance between X; and X; denoted by cov[X;, X;] = E [(Xi -E[XiD(X; - ]E[Xj])] such that

cov[Xi, X1] cov[Xy, Xa] oo+ cov[Xy, X,]
cov[Xp, X1] cov[Xp, Xp] -+ cov[Xp, X,]
K= (2
cov[ Xy, X1] cov[X,,Xa] -+ cov[Xy, Xu]
Now, let us consider a random vector X = [ X, X5, ...., X},] T e R™ and let the distribution of X be multivariate Gaussian.

Then its probability density function is given by

(3) = e exp 5 (x — 1)K (x 10) G

V(2" K]

where u = [E[X;],E[X2],...,E[X,]]" is the mean vector and K as defined in Eq. is the covariance matrix of X.
In Eq. (@), | - | denotes the determinant operator. The +/|K| ensures that the total volume under the probability density

function is one, thus making it a valid probability density function.

B. Gaussian Processes
Gaussian Processes (GPs) are stochastic processes that can be used to model continuous functions and, in addition,

are a generalization of the multivariate normal distribution to infinite dimensions [22]. A function f : R® —» Risa



sample drawn from a GP denoted as

f(x) ~ GP(m(x),K(x,x')) 4)

if the probability density function of f at any input x € R" is jointly Gaussian. In Eq. @), m(x) = E[f(x)] is the mean

function or the expected value of functions present in GP evaluated at x and K(x, x’) is the covariance function given by

Kx,x) =E[(f(x) = u(x)) (f(x') = u(x))] ®)

The covariance function K : R X R maps two vector inputs to a scalar output. It is a measure of the similarity
between two input vectors. In the GP, kernel functions K(x, x”) are used to specify the covariance function [23]] and
therefore capture the similarity between inputs x and x’. To that end, a larger value for K(x, x") corresponds to the high
correlation between the GP outputs f(x) and f(x’) and thus, these outputs tend to be similar for both inputs x and
x’ [22]]. Further, the covariance matrix K associated with the covariance function must be positive semi-definite [24]].
A symmetric matrix M is said to be positive semi-definite if all the eigenvalues are non-negative. There are several
covariance functions for selection, and we can also develop new covariance functions using a combination of existing
covariance functions as required. The choice of covariance function depends on the characteristics of the model, such as

how smooth the model is, how scattered are the model data, and how unpredictable the model is [25]].

I1I. Learning Time Series Patterns Using Gaussian Process Regression

It is not always feasible to represent a time series with mathematical models because of challenges in formulating
such models. In these scenarios, understanding the underlying trends using machine learning becomes important for
forecasting. Given the inherent uncertainty in such data, predicting a point value may not be meaningful. Therefore,
it’s necessary to implement the techniques that give predictions along with associated uncertainties. In the context of
time series analysis, the non-parametric characteristic and adaptability to a diverse range of time series of GPR offer
notable advantages. A notable feature of GPR is its capability to provide a predictive distribution rather than just a point
prediction, which is important for uncertainty quantification. Numerous works in the literature have studied applying
GPR for time series forecasting. Yadav et al. [26] implemented GPR for electric load forecasting and demonstrated the
superior performance of GPR as compared to Decision Trees and Artificial Neural Networks. Liu et al. [27] applied
GPR to predict the volatility of foreign exchange returns. In this work, both non-coregionalized and coregionalized
GP were implemented to reduce predictive uncertainty. The GPR is a suitable approach for the nature of the task at
hand, predicting flight delays. This is relevant as we need to quantify uncertainty and recognize trends and periodicity
inherent in the dataset — capabilities that GPR is well-equipped to handle.

In linear regression techniques, the main objective is to relate a function f(x) to a specific model (e.g., f(x) = mx+c)).



In GPR, the function f(x) is not specific and allows data to define the model [28]]. GPR is a non-parametric Bayesian
approach where target variables are assumed to be random and extracted from the probability distribution. It is
a non-parametric approach because the parameters increase with training data. A non-parametric model though
computationally complex, is very flexible for data fitting [29]. Let x = [x, X2, ..., x,,]7 denotes a vector of predictor
variables, y = [y1, 2, ..., y»]” denotes a vector of target variables, and X denotes all the observed data associated with
predictor variables. Then, the probability distribution of the latent function f* at new points X*, conditioned on the

observed data X is specified by Bayes theorem as follows [30]:

pyIAHp(f, 11X, X7)
p(yIX)

p(f1X,y, Xx) = (6)

where p(y|f) represents likelihood of the observed output y given the latent function f, p(f, f*|X, X*) represents prior
probability and p(y|X) is normalization constant. Marginal probability is computed by integrating over all the possible

latent function values f.

p(yIX) = / p(1)P(fIX) df )

In GPR, for Gaussian likelihood, the predictive distribution is also Gaussian. This is because any finite subsets from
the GP are jointly Gaussian. For instance, let us consider a new dataset X*. Then the posterior predictive distribution

f(X*) in GP is Gaussian with

w =K (K+02D)7'X
3
T, = KX, X)) -KJ(K+01) 'K,

where p. is the predictive mean, X, is the predictive variance, the vector K. gives covariance between training data X
and new data X* and K is the covariance matrix of X with itself.

The accuracy of the GP depends on selecting the covariance function and its hyperparameter because incorrect
selection can give poor results. So, hyperparameters of kernels are optimized using the maximum log marginal likelihood

[24]. The log marginal likelihood is written as
| — 1 d
log p(ylf,$) = -5 X"K"'X - - log K| - 5 log 27 9)

where X € R" is given data , ¢ are hyperparameters and K is the covariance matrix. The terms in log marginal likelihood

1
relation penalize different features [31]. The term —EXTK‘ !X penalizes how well the hyperparameter values currently



1
used fit the data. If the data fits well this term should have a small value. Similarly, the term ) log |K] is the penalty
for complexity and the large value of the determinant of covariance matrix represents a large volume in function space.
d o .
The final term - 5 log 27 is a constant for normalization. The log marginal likelihood can be maximized by taking the

partial derivative of the log marginal likelihood relation with respect to ¢.

A. Kernels or Covariance Functions
Kernels are functions that describe the similarity between two points in input space. This research implements

several distinct kernels, which are outlined as follows.

1. Squared Exponential (SE) Kernel
One of the most common covariance functions is the Squared Exponential, also known as the Radial Basis Function

(RBF) kernel, which is given by

1
K(x,x") = 0% exp ) (x-x)TA'(x=x)]|, forx,x’ e R" (10)
where o2 is the signal variance of the function and A = diag(|[/ f, l%, ...,12]) is a diagonal matrix of squared characteristic
length-scales [;,i = 1,2, ...,n. The RBF kernels are useful for capturing non-linear patterns and trends.

2. Matern32 Kernel

The Matern32 kernel is represented as

K(x,x) = o? (l +V3|x - X'Ill) exp (—\/§||x - x’||1) , forx,x’ e R" (11)

7\ 2

where o2 is the signal variance of the function, ||x — X’||; = A (xi;xi ) is the distance metric, and 1 is length-scale

vector. The Matern32 kernel is not infinitely differentiable and has the ability to represent varying levels of smoothness.

3. Exponential Sine Squared (ESS) Kernel
The Exponential Sine Squared (ESS) kernel, also called the periodic kernel, defines periodicity in prior data. The

Exponential Sine Squared kernel is given by
K(x,x) = exp ((—2 sin’ (7r x-x)Tp'(x- x’))) A*I) , forx,x’ e R" (12)

where o2 is the signal variance of the function, A = diag( [l%, l%, e, lﬁ]) is a diagonal matrix of squared characteristic

length-scales /;,i = 1,2, ...n, and p represents the periodicity. The periodic kernel is used for learning time series data



with periodic patterns.

4. Periodic Exponential Kernel
The Periodic Exponential kernel merges the characteristics of the exponential (Laplacian) kernel with a periodic
component. This kernel identifies functions that show periodic behavior, yet their amplitude diminishes or shows other

changes as one moves farther from a reference point. The Periodic Exponential kernel is represented as
K(x,x") = exp (— x-x)TA ' (x- x')) cos (27r x-x)Tp ' (x- x')) , forx,x’ e R" (13)
where A = diag([/1, 2, ...,1,]) is a diagonal matrix of length-scales /;, i = 1,2, ...n, and p represents the periodicity.

5. Cosine Kernel

In Gaussian Processes, the cosine kernel is implemented to identify cyclic trends within the data and is given by

K(x,x') = cos (27r(x - X’)Tw) (14)

where w is a frequency vector in R".

6. Combined Kernels

There are two ways of combining kernels to create a new kernel: Multiplication and Addition. Multiplying kernels is
the same as an AND operation because the new covariance function will have high covariance only if the covariance of
both functions is high. Similarly, adding kernels is equivalent to the OR operation because the new covariance function

will have a high covariance if one of them has a high covariance.

B. Regression Metrics
Regression metrics are used to evaluate the performance of the regression model. It measures how well the actual
and predicted values match in regression. There are various metrics used for regression based on the application. In this

section, we discuss different regression metrics used in the flight delay prediction application.

1. Mean Absolute Percentage Error

Mean Absolute Percentage Error (MAPE) calculates the average percentage error between actual and predicted
values. A more accurate model has a lower MAPE, while a higher MAPE suggests a larger error between actual and
predicted values. However, it can be largely affected by outliers in prediction. The MAPE is calculated using the given

formula.



n

MAPE = lz

n
i=1

YTVl 100 (15)
Yi

where y; is the actual value, and y; is the predicted value.

2. Mean Absolute Error
Mean Absolute Error (MAE) measures the average absolute difference between the actual and predicted values. A

lower MAE value indicates that the model fits well with the data. The MAE is calculated as follows.

RN .
MAE:Z;'”_”' (16)

where y; is the actual value, and y; is the predicted value.

3. Mean Squared Error
Mean Squared Error (MSE) measures the average of the squared difference between the actual and predicted values.

If a model fits well with the data, the value of MSE is small. The given formula calculates the MSE.

1 & )
MSE = ;Zl(yi—yiﬁ (17)

where y; is the actual value, and y; is the predicted value.

4. Root Mean Squared Error
The Root Mean Square Error (RMSE) provides the square root of the average of the squared differences between the

predicted values and the actual observed values. The formula for RMSE is written as

1IN e
RMSE = n;()ﬁ ¥i) (18)

where y; is the actual value, and y; is the predicted value.

IV. Application of Gaussian Process Regression to Analyze Time Series with Periodic
Excitation

In this section, we employed the GPR to predict a time series with periodic excitation. This is relevant for determining
the appropriate kernel applicable to data having trend and periodicity, characteristics that are also being studied in flight

delay prediction.



A. Methodology

For the training dataset, numerical solutions based on a mathematical model are employed [32]]. The numerical
solutions for a specific time period are used as training data for the GPR model. Furthermore, a seasonal decomposition
technique, using the statsmodel Python library, is applied to decompose the time series data into three distinct
components: trend, seasonal, and residual. The choice of the kernel is determined by a visual examination of these three

components. The framework for prediction using GPR is shown in Fig. [T

Fig.1 Framework for Gaussian Process Regression-based prediction.

B. Predicting Time Series Outcomes with Initial Condition Uncertainty
First, we utilized seasonal decomposition to determine the suitable kernel type for the model. As shown in Fig.
there exists a clear trend in data with significant periodic patterns, which is obvious for a harmonic system. To

achieve that, the potential kernels should display a trend, periodic cycle, or both. In Table[I} we present the performance
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assessment of various kernels, including Linear, RBF, Periodic, Cosine, Matern32, (RBF + Periodic), and (RBF +
Periodic Exponential). The maximum and minimum MAE:s are highlighted in red and green boxes respectively. The
training dataset comprised the initial ten seconds of the numerical solution. From the performance assessment results,
it was observed that both RBF and (RBF + Periodic Exponential) kernels are favorable choices because of minimal
MAE. The Matern32 kernel appeared to overfit the training data, with all the regression metrics having negligible
values. Thus, we excluded Matern32 from subsequent analysis. We further evaluated the potential kernels for different
testing horizons as shown in Table[2] The regression metrics suggest that the (RBF + Periodic Exponential) kernel has
good performance over extended testing horizons. Although the MAE is lowest for a testing horizon of 5 seconds, the
predicted mean appears to converge towards the mean of the dataset. This behavior, often observed during extrapolation
with GPR, cannot be interpreted as a reliable prediction. Therefore, a prediction horizon of 3 seconds appeared optimal

for the given case as shown in Fig. [3|

Fig.2 Seasonal decomposition of training data subject to initial condition uncertainties.

From the obtained results, it can be inferred that GPR can capture both the trend and periodicity inherent to time

series data, but only up to a specific testing horizon. Hence, utilizing the proposed GPR framework, we can predict the
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Table1 Performance evaluation of various kernels on periodically excited time series using a 10-second training
dataset and 1-second testing period.

Kernels Training Data Testing Data
MAE MSE RMSE  MAPE MAE MSE RMSE  MAPE
Linear 0.9693 1.7455 1.3212 99.99 0.1847  0.0429 02071 100
RBF 0.0001  2304e-08  0.00015  0.0213 0.0059 | 5.72¢:05  0.0075 747
Periodic 1.7455 1.3212 99.99 0.1847 00429 02071 100
Cosine 0.5585 0.5633 0.7505 132.55 0713 0.8444 426.03
Matern32 123e-08|  1.86e-15  4.32¢-08 3.557¢-06 02084 00883 02971  305.694
RBF + Periodic 00001  2314e-08 0.00015  0.02138 002596  0.00157  0.03966  41.07166

RBF + Per. Exponential 0.0001 2.325e-08  0.00015 0.0331 0.0181 5.9e-06  2.437e-03 249274

Table 2 Performance comparison of RBF and (RBF + Periodic) kernels on periodically excited time series
using a 10-second training dataset on different testing horizons.

RBF RBF + Periodic Exponential

Testing Horizon (seconds)
MAE MSE RMSE MAPE MAE MSE RMSE MAPE

1 0.0059 | 5.72¢-05 0.0075 7.47 0.0181 5.9e-06 2.437e-03 249274
2 0.108 0.0441 0.21 290.44 0.062 0.01 0.1 151.71

3 0.5675 0.815 0.902  1179.79 0.02 0.144 152.976
5 0.6561 0.8932  0.9451 2919.22 0.093 0.016 0.1263 135.2470

@ (b)

Fig. 3 Prediction using (RBF + Periodic Exponential) kernel for prediction horizon of a) 1 second and b) 3
seconds.

time series outcomes that exhibit trends and periodic patterns.

V. Application to Flight Delay Prediction
In this section, we employed GPR to predict arrival/departure delays of a particular flight on a specific flight route.
The flight data source for this study is the database maintained by the United States Department of Transportation,

Bureau of Transportation Statistics. This database contains information on all commercial flights operating within the
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national airspace. The available flight information includes airline flight number, departure airport, arrival airport,
scheduled time of departure, the actual time of departure, scheduled time of arrival, the actual time of arrival, and flight
time. The flights taken into account are from either before the COVID pandemic or after it, as flight scheduling was

greatly disrupted during the COVID phase.

A. Input Feature Selection

For input feature selection, we implemented the Random Forest feature importance, and Permutation feature
importance method to calculate the feature importance score. We considered three different flights, AA2754, AA1331
(LAX-DFW), and AA1331 (DFW-LAX), to determine which features have more importance in flight delays. Importance
scores calculated from both techniques are compared for feature selection. For each of the flights, flight day has a
significantly large importance score compared to other features. For flight AA1331, the random forest feature importance
score for weekday was approximately 0.35. However, the importance score with permutation feature importance was
significantly less compared to flight day. Since both methods showed higher importance to flight day in each flight,
we selected flight day as the only feature for predicting arrival and departure delays. Figure @] 5] and [6]shows feature

importance scores for various features studied on various flights.

(a) (b)

Fig. 4 AA2754 feature importance Score using (a) Random Forest feature importance and (b) Permutation
feature importance method.
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(a) (b)

Fig. 5 AA1331 (DFW-LAX) feature importance Score using (a) Random Forest feature importance and (b)
Permutation feature importance method.

(a) (b)
Fig. 6 AA1331 (LAX-DFW) feature importance Score using (a) Random Forest feature importance and (b)

Permutation feature importance method.

B. Prediction Framework
For this application, we are utilizing the same framework discussed in Section [[V} In regression, training is less

effective when the data is scattered. Therefore, we pre-processed the data before feeding it into the training model. Based
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on our observations, the outliers are infrequent and typically arise from unforeseen factors. These outliers will appear
recurrently in predictive outcomes if we incorporate them into the training data, which doesn’t align with real-world
flight delay patterns. As a result, in this study, we have set an acceptable range of + 60 minutes for filtering out outliers.
Initially, outliers were removed from the dataset, and after that, flights diverted from their intended destination airport
were also excluded because of prolonged flight times. Moreover, data normalization was carried out case-by-case
depending on the model’s suitability. The main focus of this application was to capture seasonal patterns, and removing
outliers shouldn’t affect the prediction results. Due to non-stationarity, the kernels selected for seasonal patterns can fail
to capture peak delays. However, implementing a non-stationary kernel is out of the scope of this application. Readers
interested in the non-stationary kernel for GPR can refer to the literature [33|].

Numerous machine-learning libraries exist to implement a GPR. In this study, we employed GPy, a Python library
tailored for classification and regression [34]. GPy library has an extensive collection of built-in covariance functions or
kernels. As discussed earlier, these kernels can be combined as required to create a new kernel, reflecting the specifics
of the problem at hand. When employing priors with zero mean and unit variance, the target variable’s values can be
standardized by scaling them to a unit variance. In this work, we used the gradient-based L-BFGS-B optimizer to tune
hyperparameters. In addition, the Gaussian noise variance was also considered as a hyperparameter to be optimized.

In machine learning problems, it’s important to include only those features in the training dataset that significantly
impact the target variable. When predicting flight delays, the target variable is the flight’s arrival/departure delay.
Incorporating irrelevant features adds computational overhead and can degrade the prediction outcomes. For a particular
flight, as determined by the random forest feature importance and permutation feature importance scores, the arrival
delay is primarily influenced by the day of flight [35]. Therefore, in this research, only flight day was integrated as
a feature in the training data. Also, the seasonal decomposition detailed in section [IV] guided the kernel selection.
However, the final decision on the kernels was made strictly based on the regression metrics. The regression metrics

MAE, MSE, RMSE, and MAPE are expressed in minutes, minutes squared, minutes, and percentages respectively.

C. Arrival Delay Prediction for American Airlines Flight AA1331 (LAX-DFW)

The American Airlines flight AA1331 was scheduled to fly from Los Angeles International Airport (LAX) to
Dallas-Fort Worth International Airport (DFW), in 2022. The training dataset was limited to 180 days, as airlines
frequently change their flight numbers for specific routes. From the seasonal decomposition, we observed a trend and
periodicity in the dataset as shown in Fig. [/l In addition, the residuals from seasonal decomposition suggested noise

within the data. Thus, the potential kernels should show a trend, periodicity, or both.
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(a) (b)

Fig.7 Seasonal decomposition of training data for AA1331, assuming a periodicity of (a) 15 days and (b) 30
days.

1. Kernel Performance Comparative Analysis

The performance assessment of various kernels with the given training dataset of AA1331 is shown in Table 3]
The maximum and minimum MAEs are highlighted in red and green boxes. The results show that the Periodic and
RBF kernels give similar outputs. Also, the combined (RBF + Periodic) kernel and the (RBF + Periodic Exponential +
Periodic) kernel show identical results. Additionally, the MAE in minutes for the (RBF + Periodic) kernel was low
during training, but it significantly rose when applied to the testing data. From this observation, we can infer that
complex kernels may not be effective for training datasets of smaller sizes. The delay predictions for flight AA1331,

utilizing two distinct kernels, are illustrated in Fig. [8]

Table 3 Performance evaluation of various kernels on a 180-day training dataset (unnormalized) with a 7-day
testing period for flight AA1331.

Kernels Training Data Testing Data
MAE MSE RMSE MAPE MAE MSE RMSE MAPE

Linear 11.27| 23892 1545 96.26 18.87| 619.72 24.894  88.85
RBF 1049 20875 1445 120.16 17.69  658.72  25.66 81.55
Periodic 1049 20878 14.44 120.16 17.69 65871  25.66 81.55
Cosine 10.67 21059 1451 126.25 18.00 647.19 2544 80.03
Matern32 10.34  204.66  14.30 117.71 17.74  660.04  25.69 81.78
RBF + Periodic 8.91 15430 1242 107.27 1495 48249 2196 62.11

RBF + Per. Exponential + Periodic 8.91 15430 1242 107.27 1495 48249  21.96 62.11

From Fig. [§] it is evident that the 95% confidence interval is wide. This can be attributed to the use of Gaussian

noise variance as a hyperparameter that undergoes optimization. Considering the MAE, the predictions are sufficiently
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(a) (b)

Fig. 8 Arrival delay prediction for AA1331 using 180 days of training data (normalized) and a 10-day testing
period using (a) RBF and (b) (RBF + Periodic) kernels.

accurate to provide insights into potential delays or early arrivals. Based on this information, airlines can make informed

decisions and plan their operations accordingly.

2. Comparison of GPR with Other ML Techniques

In this section, we compared the results of the GPR model with the Long Short-Term Memory (LSTM) and Support
Vector Machine (SVM) regression model. For LSTM, the number of LSTM layers was 200, and the number of iterations
was 1000. Since we had a single output model, we set the number of the sequence input layers and fully connected
layers as 1. Similarly, we used a polynomial kernel for SVM. For both techniques, a bootstrapping method was used to
calculate the confidence interval. The size of the training and testing datasets were kept the same as used in GPR for an
unbiased comparison. The computational cost of each method is given in Table[d The SVM model predicts delays with
less computational time and MAE than GPR. However, if we observe the predicted mean for 10 seconds, it is a linear
line, and the predicted confidence interval is smaller than the 2-sigma of the actual data. Similarly, the LSTM model
also has a confidence interval that is smaller than that of GPR. The predicted mean of LSTM shows some nonlinearity
captured, but it is very small as compared to the predicted mean of GPR. In addition, very high computational cost
makes the LSTM less effective than GPR. The predicted mean and confidence interval for each methods are shown in
Fig. Ol

Table 4 Computational cost comparison of various methods for arrival delay prediction of flight AA1331 (180
days of normalized training data and a 10-day testing period).

Method Computational Time (in seconds) MAE

GPR 0.506 s 17.04 min
LSTM 227.6s 18.62 min
SVM 0.2344 s 16.49 min
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Fig. 9 Arrival delay prediction for flight AA1331 using 180 days of training data (normalized) and a 10-day
testing period using different methods.

D. Arrival Delay Prediction for American Airlines Flight (DCA-DFW)

In this section, we focused on predicting arrival delays for an American Airlines flight that was scheduled to
fly from Ronald Reagan Washington National Airport (DCA) to Dallas/Fort Worth International Airport (DFW)
between 9:00 AM and 10:00 AM from January 2016 through October 2017. In contrast to the previous scenario,
instead of targeting a particular flight number, we had chosen flights based on a specific time frame. First, we applied
seasonal decomposition to determine the most appropriate kernel types for this model. Figure[I0]displays the seasonal
decomposition, highlighting a prominent trend feature with some degree of periodicity evident in the arrival delay

dataset.

1. Kernel Performance Comparative Analysis

In this section, we evaluated the performance of various kernels for the given training dataset for DCA-DFW route.
The assessment was conducted using regression metrics: MAE, MSE, RMSE, and MAPE, which are expressed in
minutes, minutes squared, minutes, and percentages, respectively. From the performance metrics shown in Table[5] the

low MAE for the training dataset was achieved when using the RBF, (RBF + Periodic), and (RBF + Periodic Exponential
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(a) (b)

Fig. 10 Seasonal decomposition of training data for DCA-DFW flight route, assuming a periodicity of (a) 15
days and (b) 30 days.

+ Periodic) kernel. Furthermore, when predicting using (RBF + Periodic Exponential + Periodic) kernel for a prediction
horizon of 30 days as shown in Fig. [TT] the results had an MAE of 8.78 minutes and a MAPE of 114.68%. Therefore, we
employed an Exponentiated Weighted Moving Average (EWMA) approach to enhance data smoothness. The primary
purpose of employing EWMA was to smooth out abrupt variations in delays, which could otherwise negatively impact
model training. When the training data exhibits a pronounced periodic pattern, using a low smoothing factor in EWMA
can help maintain that periodicity. The evaluation of various kernels with smoothed data is shown in Table [6] The
maximum and minimum MAEs are highlighted in red and green boxes. The evaluation results show that all the kernels
perform better on the smoothed dataset, indicated by lower MAE values. Based on the MAE of the training dataset, four
potential kernels, namely RBF, (RBF + Periodic), (RBF + Periodic Exponential), and (RBF + Periodic Exponential
+ Periodic), were selected for further evaluation. The performance of selected kernels on various testing horizons is
shown in Table[/| It is apparent that the combination of (RBF + Periodic Exponential + Periodic) gives the best results
for all testing horizons, with an MAE of 5 minutes for a testing period of 60 days.

We further evaluated the kernel performance on various training horizons with a fixed testing dataset of 30 days
as shown in Table @ It was observed that the MAE for the training horizons of 100, 200, 400, and 500 days were
comparable. However, when trained on a 300-day dataset, the prediction MAE was higher. This suggested that the
chosen kernel didn’t train the model effectively with a 300-day training dataset. This indicates that model performance
doesn’t always improve with an increase in the size of the training data. Hence, it can be inferred that increasing the size
of the training dataset might degrade the model’s performance when the data are contaminated with noise. Another

possibility is that the chosen kernel failed to grasp relevant characteristics within this particular span of training data.
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Table 5 Performance evaluation of various kernels on a 450-days training dataset (unnormalized) with a 7-day
testing period for the DCA-DFW flight.

Kernels Training Data Testing Data
MAE MSE RMSE MAPE MAE MSE RMSE MAPE
Linear 13.09| 25384 1593 11844  6.72 72.65 8.52 159.40
RBF 6.61 63.22 7.95 46.49 13271 11.52 100
Periodic 10.53 163.79 12.79 115.96 7.85 95.29 9.76 106.01
Cosine 12.40 232.11 15.23 128.98 6.02 68.15 8.25 107.98
Matern32 1059  167.17 1292  116.64  7.67 111.47  10.55 76.41
RBF + Periodic 6.84 69.42 8.33 75.59 5.71 67.01 8.18 123.36

RBF + Per. Exponential + Periodic 6.91 72.12 8.49 71.89 6.02 68.07 8.25 108.25

(a) (b)

Fig. 11 Arrival delay prediction for the DCA-DFW route using 450 days of training data (normalized) and a
30-day testing period using (a) (RBF + Periodic Exponential) and (b) (RBF + Periodic Exponential + Periodic)
kernels.

Table 6 Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset spanning 450 days
with a 7-Day testing period for the DCA-DFW flight.

Kernels Training Data Testing Data

MAE MSE RMSE MAPE MAE MSE RMSE MAPE

Linear 8.00 | 94.46 972 27882 521 3350 578 13476

RBF 1.68 4.55 213 13262 7138 844 15580

Periodic 6.46 60.59 778 43493 7.049 5420 736 17059

Cosine 7.07 73.01 8.54 98275 244 709 266  56.40

Matern32 3.64e-05 2.08e-09 4.56e-05 00077 626 4493 670  113.51

RBE + Periodic 1.49 3.54 1.88 15471 465 2580 507  85.08

RBF + Per. Exponential 1.68 4.55 213 13277 7138 844 15579

RBF + Per. Exponential + Periodic 4.73 34.61 5.88 372.32 2.38 10.31 3.21 39.54

This could be attributed to an irregular delay pattern in this range of data compared to other intervals. Figure[T2]shows
arrival delay prediction for the DCA-DFW route with 450 days of training and 10-days of testing data using (RBF +

Periodic) and (RBF + Periodic Exponential + Periodic) kernels.

20



Table 7 Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset spanning 450
days with various testing periods for the DCA-DFW Flight.

. . RBF RBF + Periodic
Testing Horizon (Days)

MAE MSE RMSE MAPE MAE MSE RMSE MAPE

10 7.02 5717 7.56 139.40 4.01 20.03 4.47 81.33

15 7845 885 12627 505 3403 58 7513
30 7.99 82.82 9.10 113.13 5.21 36.50 6.04 120.18
60 6.81 64.43 8.02 106.568 6.90 72.618 8.52 294.65
. . RBF + Per. Exponential RBF + Per. Exponential + Periodic

Testing Horizon (Days)

MAE MSE RMSE MAPE MAE MSE RMSE MAPE

10 7.02 5717 7.56 139.39 2.34 8.82 297 47.17

15 7846 885 12626 410 3001 547 5276

30 7.99 82.82 9.10 113.14 4.56 34.74 5.89 70.00

60 6.81 64.43 8.02 106.60 5.00| 37.41 6.11 108.54

Table 8 Performance evaluation of (RBF + Per. Exponential + Periodic) kernel on an EWMA (a = 0.3)
smoothed dataset with different training dataset sizes.

L. . Training Dataset Testing Dataset
Training Horizon (Days)

MAE MSE RMSE MAPE MAE MSE RMSE MAPE
100 3.00 15.25 3.90 2897.32 8.29 85.26 9.23 317.53
200 2.74 12.27 3.50 306.08 8.15 10470  10.23 164.78
300 3,60 22.08 4.699 677.10 588.95 24 1102.70
400 462 3359 5.79 238.33 9.06 129.09 11.36 228.97
500 4.58 34.03 5.83 408.42 8.822 111.55 10.56 289.31
600 W 48.01 6.92 577.92 13.67 216.60 14.71 825.47

(a) (b)

Fig. 12 Arrival delay prediction for the DCA-DFW route using 450 days of training data and 10-day testing
using (a) RBF + Periodic and (b) RBF + Periodic Exponential + Periodic kernels.

From the above results, we can conclude that a combined kernel formed by the addition of RBF, Periodic Exponential,

and Periodic is the suitable kernel for predicting arrival delays for DCA-DFW flights scheduled to fly between 9:00 AM

21



to 10:00 AM. This kernel can predict the moving average of arrival delays with an MAE of 4.56 minutes and MAPE of
approximately 70 %. Also, the optimal prediction horizon for the (RBF + Periodic exponential + Periodic) kernel is 30
days, given that the MAE is less than 5 minutes and other pertinent metrics are similarly low. For the lowest MAE in the
original scale, we can implement weighted transformations or ensemble methods. However, such approaches are beyond
the scope of this study as this research is specifically centered on determining whether GPR can effectively capture

trends and periodicity in flight delay data.

2. Comparison of GPR with Other ML Techniques

We followed the approach discussed in the previous section to compare with the Long Short-Term Memory (LSTM)
and Support Vector Machine (SVM) regression models. In this case, the same parameter values were used as in AA1331
(LAX-DFW). For both techniques, a bootstrapping method was used to calculate the confidence interval, and the number
of samples was the same for consistency. The computational cost of each method is given in Table[0] From the result,
we can observe that both SVM and LSTM models predict delays with less MAE than GPR. However, if we observe the
predicted mean for 30 seconds of testing data, the predicted confidence interval is smaller than the 2-sigma of the actual
data. In addition, the LSTM model has a significantly large computational time. Thus, GPR outperforms both LSTM
and SVM in the predicted 95% confidence interval. The predicted mean and confidence interval for each method are

shown in Fig. [I3]

Table 9 Computational cost comparison of various methods for predicting delays of flight for DCA-DFW route
(450 days of training data and a 30-day testing period).

Method Computational Time (in seconds) MAE

GPR 7.59s 4.57 min
LSTM 39348 s 4.18 min
SVM 0.25s 4.39 min

E. Arrival Delay Prediction for American Airlines Flights on Various Flight Routes

In this section, first, we evaluated the efficacy of various kernels in predicting arrival delays over the course of a year.
The flight sector under study includes arrival to Dallas/Fort Worth International Airport (DFW) from ten of the busiest
airports in the United States: Hartsfield-Jackson Atlanta International Airport (ATL), Denver International Airport
(DEN), O’Hare International Airport (ORD), Los Angeles International Airport (LAX), Harry Reid International
Airport (LAS), Miami International Airport (MIA), Charlotte Douglas International Airport (CLT), Seattle-Tacoma
International Airport (SEA), Minneapolis-Saint Paul International Airport (MSP), and LaGuardia Airport (LGA) as
shown in Fig. [[4] All the analyzed flights were scheduled to depart from their respective origin airports with destinations

set for DFW, during the time frame spanning from 3:00 PM to 6:00 PM. Subsequently, we studied the effectiveness
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Fig. 13 Arrival delay prediction for DCA-DFW route using 450 days of training data and a 30-day testing period
using different methods.

of a specific kernel for predicting arrival delays of different flights. We employed the (RBF + Periodic exponential
+ Periodic) kernel to forecast arrival delays of American Airlines flights across various sectors. The primary aim of
this section was to gauge how well this identical kernel could predict arrival delays for American Airlines flights on
different flight routes. We employed data from the entire year of 2016 as our training set and predicted the delays for
every month in 2017. Additionally, the training data incorporated flight information up to the month prior to the month
being predicted. For instance, to make predictions for March 2017, we utilized data spanning from January 2016 to
February 2017 as our training set. For each case, the kernel’s initial hyperparameters and the smoothing parameter ()

for the EWMA were kept constant.

1. Performance Comparison of Various Kernels on Different Flight Routes

In this analysis, we explored various kernel functions to evaluate performance disparities in predicting arrival delays
across various flight routes. The comparison of various kernels on different flight routes is shown in Table [0} [T] [I2}
and[T3] For each month, the maximum and minimum MAE are highlighted with red and green boxes. For the month of

January, the prediction MAE for arrival delays from the majority of the airports was consistent across all examined
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Fig. 14 Map representation of American Airlines flight route for predicting arrival delays.

kernels. Notably, flights originating from LAX had a distinctive behavior, with none of the investigated kernels having
satisfactory predictions. In the subsequent monthly analysis, for February, most kernels continued to exhibit subpar
performance for flights originating from LAX, with the notable exception of the Cosine kernel. Conversely, the (RBF
+ Periodic) kernel displayed deficient performance for flights arriving from MSP and ORD airports. In March, the
Periodic kernel under-performed for flights associated with LAX and MIA. Similarly, the Cosine kernel had less than
optimal outcomes for flights from MSP and ORD. Noteworthy among these observations, the (RBF + Periodic) kernel
consistently lagged in its predictive accuracy, registering an MAE exceeding 10 minutes for five distinct flight routes.
In April, a decline in performance was observed across all kernels for flights originating from MIA and ORD, with
the combined (RBF + Periodic) kernel being the least accurate. Progressing to May, the flight arriving from MIA
consistently underperformed with all the investigated kernels. Moreover, the RBF and Periodic kernels individually
exhibited large MAE for flights from ORD and SEA, and the combined (RBF + Periodic) kernel underperformed for
LGA and MIA routes. Transitioning into June, flights from ORD and SEA remained problematic for most kernels. The
Cosine kernel, in particular, displayed suboptimal outcomes for additional routes such as LAX and MIA. Unlike the
previous months, the prediction for July was inaccurate primarily for flights from ATL across all kernels, excluding the
(RBF + Periodic) kernel. Performance deficits were also noted for LAS and MIA routes. Notably, the (RBF + Periodic)
kernel demonstrated higher accuracy for most routes this month, maintaining an MAE below 10 minutes. In August, the
predicted MAE for MIA flights was large for all kernels. Furthermore, MSP flights had an MAE exceeding 10 minutes
for three kernel configurations. As we moved into September, flights from LGA and ORD proved challenging for all

kernels, with the (RBF + Periodic) kernel having a large MAE on half of the examined routes. October had pronounced
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deficiencies in five of the six kernels for flights from LGA and MIA. The (RBF + Periodic) kernel had an unusually high
MAE of 45 minutes for the LGA-DFW route and an MAE above 10 minutes for five routes. Again, in November, flights
from ATL had higher MAE across all kernels. The Cosine kernel was notably the least effective, with three out of ten
flight routes yielding an MAE above 10 minutes. Finally, in December, we observed prediction inaccuracy with SEA
flights across all kernels. The (RBF + Periodic) kernel’s performance, while improved in previous months, still had 2
out of 10 routes with an MAE surpassing 10 minutes.

Table 10  Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for arrival delay
prediction across different flight routes (January-March).

Origin Airport and Arrival Delay MAE

Month Kernel
ATL CLT DEN LAS LAX LGA MIA MSP ORD SEA
Linear 4.89 6.63 5.71 5.81 16.47 8.08 7.72 8.59 7.53 6.45
RBF 4.99 7.15 6.77 5.55 17.06 8.55 6.84 7.64 6.58 6.91
January Peri?dic 5.95 7.30 7.10 491 22.79 5.84 5.49 10.17  6.58 7.37
Cosine 5.20 7.13 8.06 5.37 13.57 7.80 498 8.42 7.19 6.48

Matern32 498 17.15 6.78 5.53 15.77 8.61 6.94 742 6.62 6.80
RBF + Periodic 493  7.15 4.69 5.66 42.97 8.55 6.84 7.64 6.57 6.91

Linear 757 735 702 629 872 757 633 552 800  4.07
RBF 753 732 432 609 1330 757 659 562 645 508
February Periodic 764 667 385  8.00 734 481 544 980  6.90
Cosine 797 996 552 537 445 786 576 881 7.07 540

Matern32 761 717 4.30 6.04 12.72 7.56 6.68 5.69 6.16 4.96
RBF + Periodic ~ 7.71  7.32 6.36 7.22 13.30 7.57 488 1465 11.06 435

Linear 493 737 7.68 4.70 8.20 7.83 8.97 7.87 6.71 5.95

RBF 4.85 829 6.61 4.25 8.69 7.35 8.71 9.20 6.82 6.20

March Periodic 478  9.65 6.47 5.18 12.28 8.03 1037 871 6.82 6.44
Cosine 4.89  9.89 6.76 4.56 8.32 9.79 898 1328 11.12  6.60

Matern32 479  8.26 6.63 4.20 8.65 742 8.61 9.18 6.73 6.13
RBF + Periodic  4.85 10.20  6.61 17.06 13.25 15.38 1039  9.20 7.30 6.87

From the above observation, we can infer that no specific kernel can perform well in prediction for all the months.
A composite kernel, which combines RBF, Periodic Exponential, and Periodic kernel, can be a favorable choice in
scenarios where different kernels demonstrate commendable performance on different datasets. A combined kernel,
having three different kernels present, can capture different features of the data. Thus, we will further evaluate the (RBF

+ Periodic Exponential + Periodic) kernel in the next section.

2. Performance Comparison of (RBF + Periodic Exponential + Periodic) Kernel on Different Flight Routes

The training dataset utilized in this study adhered to the aforementioned specifications. The arrival delay prediction
error for each flight route employing (RBF + Periodic Exponential + Periodic) kernel is given in Table[14]

The large prediction error correlates with an erratic delay pattern, adding outliers in training data. Such irregular

delays can arise from factors like weather conditions or sudden increases in passenger volume. Consequently, the kernel
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Table 11  Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for arrival delay
prediction across different flight routes (April-June).

Origin Airport and Arrival Delay MAE

Month Kernel
ATL CLT DEN LAS LAX LGA MIA MSP ORD SEA
Linear 7.11 6.28 6.82 5.27 5.45 894 11.86 5.24 9.19 7.76
RBF 6.56 6.52 5.50 5.11 9.57 8.60 12.01 6.41 10.80 8.08
April Periodic 7.17 6.48 6.90 7.04 9.23 1179 1135 891 12.70 10.07
Cosine 6.69 6.61 421 5.75 4.66 8.56 1197 5.75 13.36 8.74

Matern32 6.25 6.54 5.51 5.03 9.35 857 12,19 641 10.82 7.96
RBF + Periodic ~ 6.30 17.03 9.02 5.11 44.33 759 1201 7.90 10.80 6.79

Linear 7.87 5.70 4.31 5.03 8.05 940 10.04 5.68 9.13 9.40

RBF 7.76 4.93 4.07 4.79 5.70 934 1004 757 10.05 10.07

May Periodic 7.08 5.57 4.18 5.03 6.69 9.890 14.18 1094  13.30 12.85
Cosine 6.96 4.29 5.16 5.16 9.06 9.32 9.40 6.56 8.01 8.22

Matern32 7.75 4.99 4.11 4.73 6.11 941 1035 7.68 9.73 9.99

RBF + Periodic ~ 7.93 4.72 6.39 4.79 5.70 10.03  21.06  6.50 2236 10.07

Linear 6.81 7.68 4.77 3.39 12.17 5.87 9.87 6.50 13.62 7.55

RBF 6.43 7.06 4.11 3.73 5.46 5.86 9.89 5.66 15.18 10.25

June Periodic 6.60 6.56 3.87 3.19 7.01 7.18 7.69 5.28 13.98 13.48
Cosine 6.59 5.40 5.04 3.12 10.02 538 11.72  5.88 12.15 4.88

Matern32 6.30 6.98 4.10 3.79 4.71 5.83 9.79 5.66 14.99  10.06
RBF + Periodic ~ 8.49 18.26 6.46 3.60 9.93 5.86 7.84 8.87 1559 11.49

Table 12  Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for arrival delay
prediction across different flight routes (July-September).

Origin Airport and Arrival Delay MAE

Month Kernel
ATL CLT DEN LAS LAX LGA MIA MSP ORD SEA
Linear 10.76 4.21 3.52 9.77 5.01 8.44 15.86 10.57 6.66 8.24
RBF 10.81 2.96 3.58 10.01 492 8.42 15.17 8.38 4.85 10.59
Tuly Periodic 12.06 3.71 4.32 11.51  7.58 6.18 16.82 9.79 7.86 12.46
Cosine 12.46 7.40 5.77 8.12 7.43 7.99 15.99 6.97 9.77 6.11

Matern32 10.80 2.94 3.63 10.08  5.08 8.41 14.95 8.36 4.71 10.46
RBF + Periodic ~ 9.39 2.96 8.33 9.77 4.92 10.61 7.14 9.34 4.85 9.04

Linear 7.29 4.87 3.40 491 4.20 5.56 12.14 11.73  4.36 6.26

RBF 7.36 4.717 3.83 509 598 5.84 12.65 9.78 3.99 5.34

August Periodic 7.36 3.62 3.43 546  6.02 7.35 19.03 10.68  4.68 6.36
Cosine 7.10 4.06 7.55 459 891 6.53 10.66 7.65 6.55 8.82

Matern32 7.37 4.84 3.81 495 553 5.90 12.07 9.69 3.94 5.36

RBF + Periodic  10.87  4.59 5.05 5.31 4.75 11.38 23.76 1584 399 6.02

Linear 1030 4.24 5.40 554 481 12.23 7.54 5.06 1347 4.82

RBF 9.34 4.54 4.99 578 443 12.17 8.73 5.28 12.52  4.67

September Peri?dic 11.36  4.08 4.66 6.07 6.29 11.02 8.15 3.80 11.60  4.67
Cosine 11.07  6.32 6.53 539  7.60 11.41 6.34 11.00 1446 6.34

Matern32 9.24 4.70 4.98 577 462 12.14 8.37 5.09 1245  4.65

RBF + Periodic ~ 7.48 12.05 8.22 6.07 443 21.55 10.16 1477 1256  4.67
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Table 13  Performance evaluation of various kernels on an EWMA (« = 0.3) smoothed dataset for arrival delay
prediction across different flight routes (October-December).

Origin Airport and Arrival Delay MAE

Month Kernel

ATL CLT DEN LAS LAX LGA MIA MSP ORD SEA

Linear 7.71 7.10 7.19 6.10 6.38 12.88 12.21 5.54 7.88 7.30

RBF 7.36 6.95 6.18 576 491 13.34 10.12 5.51 8.29 5.70

October Periodic 7.68 7.37 6.25 594 577 9.33 7.44 5.28 9.03 5.92
Cosine 6.47 8.34 423 6.50 5.13 16.58 14.89 8.88 846 10.14

Matern32 7.20 6.88 6.04 565 499 13.56 10.03 5.52 8.46 5.94

RBF + Periodic 7.33 6.16 4.81 523 12.84 |45.16 12.10 1743 11.64 5.17

Linear 12.44 7.33 8.42 5.55 530 9.26 5.31 6.07 6.97 8.69

RBF 11.67 7.04 8.29 575 674 8.52 4.61 5.87 8.93 6.50

November Periodic 13.36 9.52 8.84 547  8.68 9.80 5.55 8.79 8.63 5.31
Cosine 10.28 6.73 1143 843 11.29 7.94 5.55 7.05 8.75 7.00

Matern32 11.41 6.95 8.25 5.64 6.74 8.36 4.64 5.86 8.87 6.68

RBF + Periodic 14.34 7.22 8.29 5.61 7.21 9.06 4.67 6.06 9.65 6.50
Linear 7.66 6.28 3.72 4.64 598 8.63 7.85 8.76 8.61 10.24

RBF 6.99 6.13 3.62 450  6.60 8.41 6.87 8.78 9.02 11.71
December Periodic 6.86 6.09 3.80 4.41 7.83 8.62 8.11 12.89 11.24 10.97
Cosine 7.73 8.05 4.55 4.89 10.12 8.53 7.94 6.91 776 1349
Matern32 6.64 5.92 3.60 477  6.07 8.47 6.72 9.09 8.63 11.83

RBF + Periodic ~ 12.05 6.13 5.43 473  6.60 8.85 28.80 9.95 8.62 11.69

Table 14 Performance evaluation of (RBF + Per. Exponential + Periodic) kernel on an EWMA (a = 0.3)
smoothed dataset for arrival delay prediction across different flight routes.

Origin Airport and Arrival Delay MAE
ATL CLT DEN LAS LAX LGA MIA MSP ORD SEA
January 5.63 6.67 434 558 8.67 1044 7.68 64.88 10.05 1394
February 7.95 630 5.02 481 9.60 7.76  5.00 26.55 9.06 6.37
March 4.93 480  6.45 560 2554 9.68  9.56 5.26 13.19  13.29

Month

April 6.42 7.53 1071 775 1495 2423 1235 5.39 5.77 7.17
May 8.93 4.50 7.2 5.15 723 1212 11.51 4.68 8.10 7.95
June 11.19  9.33 4.49 3.84 524 2548 14.28 6.87 15.365 491
July 9.04 1846 647 898 1327 7.68 7.22 17.31 13.98 6.91

August 9.38 5.71 4.74 4.62 5.57 9.54 1091 14.66 8.17 12.38
September  7.33 7.37 5.37 5.46 4.69 9.71 7.07 11.72 11.10 6.15
October 4.81 4.64 3.65 3.82 810 2429 1402  23.58 6.30 12.77
November | 3.46 13.99 948 1213 550 13.04 432 5.64 7.64 9.30
December 923  37.83 471 5.23 6.80 1070 591 24.11 7.56 20.61

under study exhibited a large MAE in predicted arrival delay for all flights heading to Dallas/Fort Worth International
Airport (DFW) from airports in the northern region during the month of January. Such anomalies in prediction can
be predominantly attributed to the marked delays during this month, a consequence of substantial snowfall across the

northern territories. In February, a noticeable MAE was present in the prediction of flights departing from MSP. As we
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advanced to March, a surge in prediction error became evident for flights from the West Coast, specifically from hubs
like LAX and SEA, with the MAE larger than 10 minutes. This trend evolved in April, as predicted arrival delays for
flights from airports, including DEN, LAX, LGA, MIA, and ORD, had large MAEs. However, in May, the pronounced
MAE was largely limited to the prediction of flights operating from the East Coast to DFW. By June, the flights arriving
from ATL, LGA, MIA, and ORD became hotspots for significant MAE figures.

The large MAE shifted in July with a prediction for flights from CLT, LAX, MSP, and ORD, having substantial
errors. This pattern of increased MAEs for flights from MSP persisted and became larger in August. In September, both
MSP and ORD flights had huge differences in predicted and actual delays. October’s delay prediction revealed larger
prediction inaccuracies for flights departing LGA, MIA, MSP, and SEA. In November, substantial MAE values were
associated with flights from CLT, LAS, and LGA. In addition, the month of December had larger MAEs on flights
originating from CLT, MSP, and SEA. Overall, approximately 80% of the predictions maintained an MAE under 10
minutes.

From the above observation, it can be inferred that the proposed kernel, integrating RBF, Periodic Exponential,
and Periodic kernel, demonstrates capability in predicting flight delays for American Airlines across diverse routes.
However, during months affected by adverse weather conditions or witnessing increased passenger volume, the kernel’s
performance might be sub-optimal due to the noisy training data. But, with appropriate hyperparameter tuning, its

predictive capability can be enhanced for specific flight scenarios.

F. Departure Delay Prediction for American Airlines Flight (DFW-SEA)

In this section, we focused on predicting departure delays for an American Airlines flight that was scheduled to
fly from Dallas/Fort Worth International Airport (DFW) to Seattle-Tacoma International Airport (SEA) between the
hours of 10:00 AM and 11:00 AM. We have taken data from 2016 to 2018 for training and testing purposes. For the
departure dataset, there was a clear trend characteristic accompanied by a subtle periodic pattern as shown in Fig. [I5] In
the context of arrival delays, the training dataset was more dispersed compared to the departure delays, which in this

instance remained largely within a range of +10 minutes.

1. Kernel Performance Comparative Analysis

In this section, using a dataset of the DFW-SEA route, we assessed the performance of various kernels. From
Table E], we can observe that the Linear, RBF, and Matern32 kernels have similar performance. The maximum and
minimum MAEs are highlighted with red and green boxes. In addition, the MAE for the (RBF + Periodic) kernel was
6.88 minutes, and the (RBF + Periodic Exponential + Periodic) kernel was 6.81 minutes. The results for the departure
delay predictions are shown in Figure[I6] From the figure, we can conclude that the noise present in the data doesn’t

significantly influence the departure delay prediction, as most of the predicted values lie in the areas of higher data
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(a) (b)
Fig. 15 Seasonal decomposition of training data for the DFW-SEA flight route, assuming a periodicity of (a) 15
days and (b) 30 days.
density.

Table 15 Performance evaluation of various kernels on a 550-day training dataset (normalized target variable)
with a 7-day testing period for the DFW-SEA flight.

Kernels Training Data Testing Data
MAE MSE RMSE MAPE MAE MSE RMSE MAPE
Linear 6.96] 11527 1073 14466 [5.14] 3928 626 17444
RBF 696 11527 1073 14466 |5.14] 3928 626 17444
Periodic 6.85 11205 1058 14374 478 3805 616  149.64
Cosine 693 11450 1070 14518 455 3751 612 13401
Matern32 11527 1073 144.66 3928 626 17444
RBF + Periodic 6.88 11324 1064 14441 414 3758 613 107.55

RBF + Per. Exponential + Periodic | 6.81 109.83  10.48 147.49  3.71 30.71 5.54 132.46

We further investigated the RBF, (RBF + Periodic), and (RBF + Periodic Exponential + Periodic) kernels across
different training horizons with a fixed testing horizon of 15 days and the results are presented in Table[I6] From the
results, we can observe that the training error for all kernels remains consistent across various training horizons. This
can be attributed to the delays data being predominantly clustered in the same region, i.e., £10 minutes. Subsequently,
to determine the best testing horizon, we evaluated the RBF, (RBF + Periodic), and (RBF + Periodic Exponential +
Periodic) kernels across different testing horizons as presented in Table

From our analysis, it was evident that all three kernels could forecast departure delays up to 60 days in advance
with an MAE of less than 7 minutes. The notably extended optimal testing horizon of 60 days can be attributed to the

minimal noise present in the actual delays. Thus, we can conclude that GPR is suitable for predicting departure delays.
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@ (b)

Fig. 16 Departure delay prediction for the DFW-SEA flight with 650 days of training data (normalized) and a
15-day testing period using (a) (RBF + Periodic) and (b) (RBF + Periodic Exponential + Periodic) kernels.

Table 16 Performance evaluation of different kernels on varied training datasets for the DFW-SEA flight.

L. . RBF RBF + Periodic
Training Horizon (Days)

MAE MSE RMSE MAPE MAE MSE RMSE MAPE
250 6.62 99.55 9.97 148.29 6.62 99.55 9.97 148.29
350 6.37 95.40 9.67 143.64 6.37 95.40 9.76 143.64
450 6.56 102.15 10.10 143.13 6.45 98.56 9.92 142.45
650 6.96 115.27 10.73 144.66 6.80 113.24 10.64 144.41
750 6.96 112.11 10.58 145.58 6.89 109.93 10.48 144.03

RBF + Per. Exponential + Periodic

Training Horizon (Days)
MAE MSE RMSE MAPE

250 6.63 9974 998  149.17
350 614 9164 957 14283
450 638 9886  9.94  142.95
650 109.83 1048 147.49
750 675 10424 1029 151334

However, further efforts are required to reduce the MAE.

Furthermore, we implemented the EWMA method to smoothen the data and remove outliers. The departure delay
prediction using the preprocessed data is shown in Fig. The findings indicate that using EWMA-smoothed data
allows for more precise predictions of departure delays compared to the unprocessed data. The (RBF + Periodic) kernel
was able to forecast the moving average of departure delays for 60 days with an MAE of 3.18 minutes. According to
Table[T8] the (RBF + Periodic Exponential + Periodic) kernel yielded an MAE of 1.81 minutes over a testing horizon of
10 days. Remarkably, even with an extended testing horizon of 60 days, the MAE only rose to 3.42 minutes, which
indicated a good predictive performance. Hence, we can conclude that the prediction of departure delays is effectively

enhanced using the EWMA method.
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Table 17 Evaluation of different kernels on a 650-day training dataset with varied testing intervals for the
DFW-SEA flight.

. ] RBF RBF + Periodic
Testing Horizon (Days)

MAE MSE RMSE MAPE MAE MSE RMSE MAPE
10 508 3645 603 14473 450 3532 594  102.79
20 66.47 8.15 142.85 6.28  67.50 8.21 118.15
30 585 5175 7.19 166.52 5.81 53.74 7.33 155.69
60 625 6332 795 14403 [6.58] 6748 821  152.88

Testing Horizon (Days) RBF + Per. Exponential + Periodic

MAE MSE RMSE MAPE

10 460 3724 610 12848

20 8871 941 11148

30 5.07 63.23 7.95 94.86
60 560  75.88 8.71 107.08
(@ (b)

Fig. 17 DFW-SEA departure delay prediction with 650 days of training (smoothed and normalized) and 15-day
testing data using (a) (RBF + Periodic) and (b) (RBF + Periodic Exponential + Periodic) kernels.

Table 18 Evaluation of different kernels on an EWMA (¢ = 0.3) smoothed 650-Day training dataset with
varied testing intervals for the DFW-SEA flight.

. . RBF + Periodic RBF + Per. Exponential + Periodic)
Testing Horizon (Days)
MAE MSE RMSE MAPE MAE MSE RMSE MAPE
10 2.47 9.98 3.16 177.47 1.86 6.75 2.59 105.17
20 23.05 480 26094 305 1610 401 14120
30 370  21.50 4.63 271.06  2.93 14.64 3.82 135.27
60 3.18 18.34 4.28 19234 |3.42| 17.03 4.12 220.56

G. Departure Delay Prediction for American Airlines Flights on Various Flight Routes
In this section, we first studied the performance of different kernels for predicting departure delays of American

Airlines flights across various sectors. The flight sector under study includes departure from Dallas/Fort Worth
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International Airport (DFW) to ten of the busiest airports in the United States: Hartsfield-Jackson Atlanta International
Airport (ATL), Denver International Airport (DEN), O’Hare International Airport (ORD), Los Angeles International
Airport (LAX), John F. Kennedy International Airport (JFK), Harry Reid International Airport (LAS), Miami
International Airport (MIA), Charlotte Douglas International Airport (CLT), Seattle-Tacoma International Airport
(SEA), and LaGuardia Airport (LGA) as shown in Fig. [T8] All the flights under investigation were scheduled to depart
from DFW within the time frame of 3:00 PM to 6:00 PM. Subsequently, we employed (RBF + Periodic Exponential +
Periodic) kernel to study its effectiveness across all flight routes. In the experimental setup, the dataset utilized for
training adhered to the methodology defined in the preceding section. For each scenario, the initial hyperparameters of

the kernel, as well as the smoothing parameter («) for the EWMA, were kept constant.

Fig. 18 Map representation of American Airlines flight route for predicting departure delays.

1. Performance Comparison of Various Kernels on Different Flight Routes

In the presented study, an examination of various kernels was undertaken to determine their efficacy in forecasting
departure delays over a range of flight routes. The comparative performance of these kernels across different flight
routes is tabulated in Table[T9] [20] [21] and[22] For each month, the maximum and minimum MAEs are highlighted
in red and green boxes. During the months of January and February, all kernels had similar performance across all
flight routes, registering an MAE below the 10-minute threshold for departure delay predictions. However, in March,
the (RBF + Periodic) kernel began to exhibit deviations, with MAEs of 13.39, 18.72, and 12.82 minutes for the flight
to ATL, JFK, and LAS respectively. In the subsequent month of April, it was observed that only the routes to DEN

and LGA demonstrated suboptimal performance specifically under the influence of the (RBF + Periodic) kernel. In
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the month of May, only the DFW-LAX route breached the 10-minute MAE mark. A large anomaly was observed in
June, where flights destined for MIA consistently reported MAEs over 10 minutes for most of the kernel. Concurrently,
the LGA route approximated an MAE of 10 minutes with all the kernels. The DFW-ATL flight route had large MAE,
specifically when implementing the Linear and Periodic kernels. In July the (RBF + Periodic) kernel recorded an MAE
of 13.20 minutes for flights bound for DEN, whereas the Linear kernel reported an MAE of 10.44 minutes on the
ORD route. Interestingly, a consistent performance was observed from August through November, with all kernels
yielding satisfactory results. However, in December, the (RBF + Periodic) kernel logged an MAE of 11.45 minutes for
MIA-bound flights.

Table 19 Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for departure
delay prediction across different flight routes (January-March).

Destination Airport and Departure Delay MAE

Month Kernel
ATL CLT DEN JFK LAS LAX LGA MIA ORD SEA
Linear 364 370 374 365 492 [671] 509 474 399 [6.71]
RBF 3.55 378 392 362 459 651 510 459 396  6.51
January Periodic 373 417 367 362 511 532 590 548 542 532
Cosine 550 352 435 381 504 650 504 498 381 650
Matern32 3.50) 381 415 366 446 658 516 468 395  6.58
RBF + Periodic ~ 450 391 393 374 547 532 612 484 362 532
Linear 576 451 689 533 441 373 491 514 473 373
RBF 596 452 639 504 452 385 488 532 455 385
Periodic 726 487 403 722 284 398 462 505 614 398
February )
Cosine 867 453 721 814 568 352 465 424 383 3.52
Matern32 593 451 607 494 443 374 485 527 452 374
RBF + Periodic ~ 4.37 468 430 [893] 447 424 462 532 484 424
Linear 310 446 570 383 555 482 600 398 557 482
RBF 322 462 537 353 525 463 605 408 491 463
March Periodic 400 486 491 313 525 471 543 429 564 471
Cosine 498 450 590 407 518 456 551 464 551 456
Matern32 317 467 538 335 527 463 599 400 501 463

RBF + Periodic  13.39 485 537 18.72 12.82 4.90 572 378 491 4.90

From the above results, it became evident that different kernels could exhibit superior performance in predicting
flight departure delays during different months. Consequently, there arises a need to investigate a composite kernel that
amalgamates features from these diverse kernels, to assess its potential effectiveness. To address this objective, the

subsequent section of our study is dedicated to evaluating the (RBF + Periodic exponential + Periodic) kernel.

2. Performance Comparison of (RBF + Periodic exponential + Periodic) kernel on Different Flight Routes
The methodology detailed in the preceding section was consistently applied throughout this section as well. The
MAE in minutes pertaining to predictions across different flight routes is shown in Table 23]

For the months of January and February, the MAE remained under 7 minutes for the departure delay predictions
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Table 20 Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for departure
delay prediction across different flight routes (April-June).

Destination Airport and Departure Delay MAE

Month Kernel
ATL CLT DEN JFK LAS LAX LGA MIA ORD SEA
Linear 375 739 430 383 481 501 665 490 304 5.1l
RBF 381 756 452 386 463 514 642 468 332 514
Apri Periodic 327 996 624 409 590 541 875 512 474 541
Cosine 378 791 513 383 699 486 914 490 289] 486
Matern32 3.84 757 451 390 460 512 635 467 333 512
RBF + Periodic ~ 3.81 816 1039 377 463 544 [1615] 468 332 544
Linear 406 394 399 674 452 432 716 416 411 432
RBF 399 401 472 671 455 445 649 396 409 445
May Periodic 349] 399 586 736 367 398 651 484 469 398
Cosine 391 389 434 585 58 577 674 416 430 577
Matern32 402 395 519 673 449 459 638 399 414 459
RBF + Periodic ~ 3.99 3.88 604 728 455 [1221] 881 396 478 1221
Linear 1016 897 473 437 664 593 940 1101 614 593
RBF 977 9.08 506 440 559 586  9.90 631 5386
June Periodic 1106 870 690 517 524 613 1094 937 614 613
Cosine 874 897 461 443 615 586 1047 1101 517 586
Matern32 980 9.04 512 444 545 578 1009 1109 636 578

RBF + Periodic ~ 9.69 947 496 440  5.59 9.92 9.90 11.17 6.31 9.92

Table 21 Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for departure
delay prediction across different flight routes (July-September).

Destination Airport and Departure Delay MAE

Month Kernel
ATL CLT DEN JFK LAS LAX LGA MIA ORD SEA
Linear 5.56 3.56 3.34 4.92 3.90 5.80 5.79 5.37 10.44  5.80
RBF 5.35 4.05 3.48 4.87 3.84 5.61 5.71 5.42 9.65 5.61
Tuly Periodic 6.13 4.12 3.74 4.83 4.02 6.02 5.96 8.79 9.88 6.02
Cosine 4.98 3.77 3.69 6.18 4.28 5.81 579 492 8.08 5.81

Matern32 5.36 3.48 3.43 499  4.00 587 574 567 9.28 5.87
RBF + Periodic ~ 5.50 3.52 1320 4.82 384 561 604 7.60 9.66  5.61

Linear 376 455 830 407 424 879 534 449 854 879
RBF 373 382 805 397 421 871 539 491 731 871
August Periodic 386 309 861 476 437 844 574 540 8.44
Cosine 433 497 795 446 418 879 534 441 804 879
Matern32 370 385 812 390 409 865 551 482 692 865
RBF + Periodic 373 619 805 484 412 7.8 539 491 872 718
Linear 564 400 381 472 263 564 570 535 595 5.64
RBF 551 381 401 447 (255 506 563 443 509 506
Periodic 598 450 361 599 313 433 58 426 374 433
September )
Cosine 574 372 401 345 298 613 558 575 734 6.13

Matern32 5.60 3.79 3.94 442 255 494 556 421 4.93 4.94
RBF + Periodic ~ 5.25 3.74 4.19 348 473 493 563 420 9.44| 493
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Table 22 Performance evaluation of various kernels on an EWMA (a = 0.3) smoothed dataset for departure
delay prediction across different flight routes (October-December).

Destination Airport and Departure Delay MAE

Month Kernel
ATL CLT DEN JFK LAS LAX LGA MIA ORD SEA
Linear 476 5.18 M 435 528 522 586 4.52 5.45 5.22
RBF 441 450 6.06 404 513 503 535 3.96 5.04 5.03
October Periodic 491 534 3.76 409 4.69 457 449 4.86 5.84 4.57
Cosine 4.10 4.00 7.57 415 557 545 586 4.85 3.89 5.45

Matern32 429 454 6.02 390 514 509 517 4.05 491 5.09
RBF + Periodic  4.41 472 6.06 410 513 464 450 4.59 5.23 4.64

Linear 283 593 447 328 375 602 704 475 409 602
RBF 311 557 435 299 372 552 703 473 408 552
Novermber Periodic 263  4.54 323 525 726 753 491 638 726
Cosine 244 446 342 328 297 520 7.04 477 232 520
Matern32 320 557 434 286 369 536 697 473 398 536
RBF + Periodic 370 557 432 3.8 372 543 703 424 397 543
Linear 519 603 321 379 398 671 603 436 472 671
RBF 494 600 326 3.66 409 632 551 410 425  6.32
Periodic 495 531 363 345 453 551 763 557 561 551
December
Cosine 579 786 (250 372 359 650 627 448 423 650

Matern32 498 599 3.21 366 403 613 532 4.01 4.18 6.13
RBF + Periodic 525 6.00 416 371 408 575 5.67 11.25 574 575

Table 23  Performance evaluation of (RBF + Per. Exponential + Periodic) kernel on an EWMA (a = 0.3)
smoothed dataset for departure delay prediction across different flight routes.

Destination Airport and Departure Delay MAE
ATL CLT DEN JFK LAS LAX LGA MIA ORD SEA
January 445 335 5.22 565 544 641 443 590 485 641
February 722 497 1.99 694 533 314 667 730 588 3.14
March 5.77 5.44 7.83 3.18 12777 5.13 6.06 5.74 6.87 5.13
April 539 11.54 8.59 483 262 9.83 9.65 8.49 4.71 9.83

Month

May 6.84 10.56 9.21 799 423 4.54 7.08 639  4.65 4.54
June 7.42 9.64 5.34 6.66  6.59 8.36 831 1084 572 8.37
July 494  17.69 4.24 550 11.04 1017 1594 734  6.18 10.17

August 8.18 2.50 11.59 356 426 7.49 9.57 4.11 7.30 7.49
September  7.11 4.47 3.46 4.64 329 6.75 12.18 5.08 542 6.75
October 4.56 4.27 4.66 5.04 7.06 4.53 3.75 6.98 4.88 4.53
November  4.29 6.04 554 822 349 1194 954 6.01 3.49
December 10.41  8.05 2.38 476 1088 375 1251 796 5.46 3.75

of flights to various destinations. However, in March, the prediction for flights flying to LAS had an MAE of 12.77
minutes. Subsequently, flights to CLT showed a notable MAE of 11.54 minutes in April and 10.56 minutes in May. In
June, the MAE exceeded 10 minutes for flights from DFW to MIA which can be due to increased passenger volume on

the DFW-MIA route during the summer months, which potentially introduces noise into the training data. In July, we
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observed larger prediction errors for flights to several airports, including CLT, LAS, LAX, LGA, and SEA. In the month
of August, increased prediction errors were observed for flights en route to DEN. This trend shifted in September when
flights destined for New York airport exhibited significant discrepancies. Both these routes persisted in demonstrating
prediction anomalies in November. In December, the prediction error was larger for flights heading to ATL and LAS.
From January to December, almost 89% of the predictions exhibited an MAE of less than 10 minutes. Based on
these observations, it can be concluded that the proposed kernel, which integrates RBF, Periodic Exponential, and
Periodic kernel, is capable of predicting departure delays for American Airlines across a variety of routes. However,
through optimal hyperparameter adjustments, the model’s predictive accuracy can be further refined for particular flight

conditions.

VI. Discussion of Results

From the above results, it is evident that there is no single choice kernel to accurately predict delays for all the flights
using GPR. A composite kernel formed by combining RBF, Periodic Exponential, and Periodic kernel can perform well
for most flights if we need to understand the seasonal pattern. The combined kernel can capture non-periodic trends
using RBEF, strictly periodic characteristics using the Periodic kernel, and periodic behavior that decays with time using
the Periodic Exponential kernel. This is the reason the combined kernel outperforms in most cases. However, when the
delay pattern is erratic, and training data is too noisy, the MAE for predicted delay can be very large. In such a case, a
non-stationary kernel needs to be introduced.

The predicted arrival delay MAE was particularly high in those months where the volume of passengers changes
significantly and months with extreme weather. For east coast airports, including ATL and MIA, the prediction MAE
increased during the summer months, which is obvious as this airport has inconsistent passenger volume in the summer
months because Florida is a popular summer destination, which makes the training data noisy. A similar event was seen
in MSP, ORD, and SEA prediction during the month of January and February. During this time, these airports have
large amounts of snowfall, which makes flight delays more frequent. As a result, the model can’t capture the actual
pattern due to outliers in the training data. Furthermore, the prediction MAE for most airports is small for the late
spring and fall. This is evident because, during the months of late spring and fall, there is no extreme weather that can
affect the training data. The MAE of MSP airport in January was 64.88 minutes, which indicates that the combined
kernel completely failed to capture the arrival delay pattern for the MSP-DFW route. Meanwhile, the MAE for the
ATL-DFW flight was 3.46 minutes in November, which shows how effective the combined kernel can be with less noisy
training data.

In the case of departure delay prediction from DFW, the predicted delay MAE was significantly large in the month
of July. As per statistics, July is one of the peak months with an increased number of passengers for summer travel. This

increased MAE makes sense because we are using limited training data, from which the model captured peak delays of
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the past month, which may not be the case for the month of July, thus causing a difference in predicted and actual delay.
Although the MAE for arrival delay was larger for ORD and MSP during January and February, the MAE for departure
delay is below 6 minutes for both airports because DFW doesn’t have snowfall during this month, and it doesn’t affect
the departure delay training data. In addition, the predicted MAE of departure delays is less than 10 min for most of the
flights throughout the year, which points out that DFW airport and American Airlines are functioning effectively on the

departure to keep the delays as low as possible.

VII. Conclusion

In this paper, we presented a machine-learning method for flight delay prediction. The framework, developed using
GPR, demonstrated high efficacy in its predictions. The training data for particular flights were obtained from the Bureau
of Transportation Statistics (BTS) website. We implemented the proposed method to predict arrival and departure
delays at Dallas/Fort Worth International Airport on flights arriving from or departing to ten of the busiest airports in
the USA. The MAE of the prediction, when assessed across various flights, was within the threshold of 10 minutes. The
method introduced can also be applied to forecast the time series outcomes. Specifically, our findings suggest that flight
delays display both trend and periodic characteristics, which can be effectively captured using combined kernels made
of RBF, Periodic Exponential, and Periodic kernels. Furthermore, the prediction’s confidence interval can serve as an
indicator of its reliability. These results underscore the considerable importance of GPR in forecasting time series data.
The prediction model can be beneficial for airlines if they require prior information about the pattern of future delays.

The airlines can work on mitigating the possible causes that may trigger this delay if operational factors.

VIII. Limitations and Future Work

The proposed method has few limitations in application to flight delay prediction. Considering numerous airlines
frequently adjust their schedules for certain routes, our dataset for the examined flights was somewhat limited. This
limitation made using complex kernels suboptimal, leading to a wider confidence interval in our predictions. Similarly,
the complex kernel can fail due to numerical precision during matrix inversion, which can be avoided by adding jitter to
the diagonal element of the covariance matrix. Also, the kernel selected for a particular flight might not perform well
for another specific flight. In addition, the training data are assumed to be stationary, so the selected kernel can fail
to capture peak delays if the actual training data is non-stationary. Since we have used the Exponentiated Weighted
Moving Average (EWMA) approach to enhance data smoothness, if important information is smoothed out during this
smoothing process, we may get a poor fit. Furthermore, the proposed GPR method has a computational cost of O (N?).
Thus, the computational time increases significantly with an increase in training data.

However, there is potential for enhancing the output of the proposed method. The accuracy can be further improved

by refining the confidence interval of the predictions. Also, other input features can be examined for feature importance
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scores to evaluate if they significantly affect the delay prediction. The GPR can improve performance if other significant
features are incorporated into the training process. In addition, the future scope of this research shall focus on identifying
more effective methods for noise reduction in the training dataset. Also, a more computationally efficient Sparse
Gaussian Process Regression can be implemented to reduce computational cost. The arrival delay of a particular flight
can be affected by the departure delay of the same flight at the origin airport. The proposed application considered
flight delay as a single-output problem; however, it can also be implemented as a multi-output problem where we can
simultaneously predict the departure and arrival delay for a specific flight. The Multi-Output Gaussian Process can

increase prediction accuracy if departure and arrival delays are correlated.
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