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Enhancing Time Series Forecasting Accuracy and
Resilience in High-Frequency Data Environments
through Hybrid Deep Learning Smoothing Models

Dineshkumar Lingapandiyan

X22225498
Abstract

Flight delays significantly impact airline operations and passenger satisfaction therefore making
accurate forecasting is essential for improving scheduling and resource management. However
forecasting flight delays presents unique challenges due to the high-frequency noisy and non
stationary nature of the data.Traditional time series models such as ARIMA, perform poorly with the
non-linear dependencies and sudden fluctuations characteristic of flight delay data. Convolutional
Neural Networks (CNNs) and Long Short Term Memory (LSTM) networks on the other hand, are
deep learning models that have demonstrated encouraging outcomes when managing intricate
temporal patterns However overfitting computing demands and the requirement for big datasets
continue to be problems for them. This study proposes a hybrid deep learning smoothing model to
address these challenges. By integrating LSTM and CNN architectures with traditional smoothing
techniques, such as moving averages and the Kalman filter the hybrid model leverages the strengths
of both methods. The deep learning components capture complex temporal dependencies, while the
smoothing techniques reduce noise and enhance model stability. Using historical flight data weather
information and operational variables the hybrid model demonstrates superior predictive accuracy and
resilience compared to traditional methods.Experimental results indicate that the proposed approach
outperforms standalone models in terms of mean absolute error and root mean squared error
highlighting its robustness in handling high frequency volatile data.This research offers valuable
insights for the aviation industry with potential benefits extending to passenger satisfaction
operational efficiency, and resource optimization.The hybrid model also has broader applicability in
other high frequency data environments such as financial markets and energy management.

1. Introduction

Flight delays are a persistent challenge for the aviation industry, significantly impacting operational
efficiency, passenger satisfaction, and the economy. Delays disrupt airline schedules, incur substantial
financial costs, and often result in cascading effects that ripple across multiple sectors. In the U.S.
aviation industry alone, the economic burden of flight delays has been estimated at $33 billion
annually, reflecting costs related to additional fuel consumption, crew scheduling adjustments, and
passenger compensation (Ball et al., 2010). These economic implications underscore the importance
of accurate delay forecasting to mitigate the adverse effects on airlines and passengers alike.
Passengers bear the brunt of delays through frustration, inconvenience, and financial losses from
missed connections or rescheduled plans. The broader economy is not immune to these impacts;
logistics networks, tourism, and national productivity are all affected by disruptions in the aviation
sector (Cook & Tanner, 2011). For instance, severe weather events, such as hurricanes and winter
storms, exemplify the devastating effects of unforeseen delays. During the polar vortex of 2019,
thousands of flights were delayed or canceled, underscoring the need for predictive systems that can
minimize the impact of such disruptions (Fleurquin et al., 2014).



Flight delay data, however, poses unique challenges for prediction due to its inherent complexity. It is
characterized as high-frequency and non-stationary, with patterns varying by time of day, week, and
season (Zou et al., 2019). Peak travel periods, such as holidays, see longer delays, while off-peak
times experience shorter disruptions. Furthermore, the data is influenced by numerous variables,
including weather conditions, air traffic congestion, and operational inefficiencies at airports. These
factors interact in non-linear ways, introducing significant noise and volatility, which makes
identifying meaningful patterns a complex task. To address these challenges advancements in
predictive modeling, including hybrid approaches that combine traditional statistical methods with
deep learning techniques have emerged as promising solutions (Huang et al., 2021).

Traditional time series forecasting methods include the Auto Regressive Integrated Moving Average
usually called the ARIMA model it has been used for its simplicity and ability to capture linear
dependencies of the data studied.(Box et al.,2015).While effective in certain scenarios ARIMA models
face significant limitations when applied to high frequency and non linear datasets such as flight delay
data These models assume stationarity which is rarely present in data characterized by trends and
seasonal variations. Additionally ARIMA models struggle with the random fluctuations and sudden
changes that often occur in real world datasets As a result their application in flight delay forecasting
is constrained highlighting the need for more advanced methodologies.

Time series forecasting has reached new heights thanks to recent developments in deep learning.
Methods such as Convolutional Neural Networks and Long Short Term Memory (LSTM) networks
Complex temporal dependencies and nonlinear patterns are especially well-captured by CNNs
(Hochreiter & Schmidhuber 1997 LeCun et al., 1998). CNNs are good at finding local characteristics
and short-term interactions, while LSTMs are better at managing long-term dependencies. Deep
learning algorithms are therefore well-suited to the difficulties presented by aircraft delay forecasting
because of these features. However, there are certain disadvantages to deep learning models. Their
computational requirements can be considerable, particularly when processing high-frequency data,
and they frequently need huge datasets to prevent overfitting. Furthermore, interpretability a crucial
component of operational decision-making in the aviation industry can be hampered by their
complexity (Goodfellow et al., 2016).

To address these challenges, hybrid models that integrate deep learning with traditional smoothing
techniques have gained traction. These models aim to leverage the strengths of both approaches: the
robustness and simplicity of traditional methods and the advanced pattern-recognition capabilities of
deep learning. Techniques such as moving averages and Kalman filters are effective at reducing noise
and enhancing data stability, which is particularly beneficial in managing the volatility of flight delay
data (Kalman, 1960). By combining these methods with deep learning models, hybrid approaches
offer improved accuracy, robustness, and computational efficiency. Research in various fields,
including financial markets and energy management, has demonstrated the potential of hybrid models
to enhance forecasting performance, suggesting their applicability to the aviation industry (Zhang,
2003).

This research explores the potential of hybrid deep learning and smoothing models to enhance the
accuracy and resilience of flight delay forecasting. By addressing the primary research question how
hybrid models can better handle the intricacies of high-frequency flight delay data this study aims to
bridge the gap between traditional and modern forecasting techniques. The proposed approach seeks
to capitalize on the strengths of both methodologies, offering practical improvements in predictive
accuracy and robustness.



The significance of accurate flight delay forecasting extends beyond operational efficiency for
airlines. Optimized delay predictions enable better scheduling and resource management, ultimately
reducing operational costs and improving service reliability (Cook et al., 2009). For passengers,
accurate forecasting translates to a better travel experience, allowing for more informed decisions
about potential delays and their implications. Moreover, the insights gained from this research have
broader applications in other high-frequency data environments, including energy management,
financial forecasting, and healthcare monitoring.

The following sections discuss the related literature on flight delay forecasting detailing the
methodology used to develop and evaluate the proposed hybrid models. The results of the
experiments are then presented followed by a discussion of their implications for the aviation industry
and the greater field of time series forecasting. The ultimate goal of this research is to further the state
of the art in predictive modelling providing solutions that will serve both airlines and passengers
better in operational efficiency and passenger experience. The study will, there fore attempt to make a
contribution that would add meaningfully to this ongoing effort of lessening the impact of flight
delays in aviation and also those industries relying on high frequency noisy datasets with more
robustness in its resilience and accuracy in their forecasting models.

2.Related Work

Traditional methods like ARIMA, although effective for linear and stationary datasets fall short in
capturing the non linear and volatile nature of flight delay data. Recent advancements in deep learning
particularly LSTM and CNN models have demonstrated the potential to uncover complex temporal
patterns. However these models often require large datasets and are prone to overfitting. Hybrid
approaches combining traditional smoothing techniques, such as moving averages and Kalman filters,
with deep learning are emerging as a solution. These methods offer enhanced accuracy and stability
by reducing noise while capturing intricate data patterns.

Flight delay forecasting is an essential area of research in the aviation industry considering that the
goal here is to minimize operational and economic impacts Generally the flight delay prediction
algorithms could be divided in to the three classes statistical models and machine learning models and
hybrid approaches Each of these categories utilizes different techniques and methods for dealing with
the high frequency non stationary and noisy nature of flight delay data.

2.1 Statistical Models

Time series forecasting has traditionally been performed using statistical models which confer
simplicity and mathematical rigor One of the most popular approaches in this realm is the Auto
Regressive Integrated Moving Average model ARIMA is effective for capturing linear dependencies
and trends in stationary time series data Box et al,2015.

However, its reliance on stationarity and its limited ability to model non-linear interactions restrict its
applicability in complex datasets like flight delays, which exhibit seasonal patterns, sudden
disruptions, and irregular fluctuations. Other statistical approaches, such as exponential smoothing
methods and Kalman filters, focus on noise reduction and trend smoothing, making them suitable for
environments with high data variability (Kalman, 1960).



Table 1: Previous work using Statistical Models

References Dataset Features Models Best Best
RMSE | MAE
Box et al. Time series | Stationary, linear ARIMA 24.6 19.2
(2015) data trends, seasonal
patterns
Gardner Time series | Seasonal patterns, Holt-Winters 23.4 18.7
(2006) data irregular exponential
fluctuations smoothing
Kalman High- High variability, Kalman filter 22.1 17.5
(1960) frequency non-stationary data
data

2.2 Machine Learning Models

The development of machine learning has changed the field of flight delay prediction by making it
possible for models to directly learn intricate nonlinear correlations from data. Decision trees are
among the methods that assist vector machines. To forecast delays SVMs and ensemble techniques
like gradient boosting and random forests have been used. The ability of these models to capture
feature interactions and handle big datasets makes them especially useful for classification problems
like binary classification predicting if a flight will be delayed and multiclass classification identifying
the primary cause of a delay.

However these models can also be adapted for regression tasks, such as predicting the magnitude of
the delay in minutes. While classification models focus on discrete outcomes (example delay or no
delay) regression models predict continuous variables like the actual delay duration. Their
performance is sensitive to hyperparameter tuning and the quality of the training data which are
critical for achieving robust and accurate predictions (Hastie et al., 2009).

Convolutional neural networks (CNNs)and long short term memory(LSTM)networks are examples of
deep learning models. have further advanced predictive capabilities LSTMs are designed to capture
long term temporal dependencies making them ideal for sequential data like flight delays (Hochreiter
& Schmidhuber.,1997). CNNs on the other hand, are adept at detecting local patterns and short term
dependencies enabling robust performance in high-frequency data scenarios. Despite their strengths,
Deep learning models provide practical implementation issues since they need huge datasets and
significant computational resources to prevent overfitting (Goodfellow et al., 2016).

2.3 Hybrid Approaches

Hybrid approaches combine the strengths of statistical and machine learning models to improve
forecasting accuracy and robustness. These models address the limitations of individual techniques by
integrating noise reduction capabilities of traditional methods with the pattern recognition power of
machine learning or deep learning models. For instance hybrid ARIMA-LSTM models use ARIMA to
capture linear trends and LSTM to model non linear dependencies creating a more comprehensive
forecasting framework (Zhang.,2003).

Smoothing techniques play a vital role in time series analysis and forecasting, particularly in
managing noisy volatile or irregular data. These techniques are designed to reduce fluctuations and
highlight underlying patterns and trends making the data more suitable for analysis and prediction.
Real world datasets such as those used for flight delay predictions often contain noise due to random
events measurement errors or external factors. By filtering out these irregularities smoothing enables



the identification of meaningful patterns while improving the accuracy and stability of predictive
models (Kalman.,1960).

In predictive modeling, smoothing helps to focus on long-term trends and recurring seasonal patterns,
which are critical in applications like aviation, energy demand, and financial forecasting. For instance,
moving averages reduce short-term fluctuations, exposing the overall trend, while exponential
smoothing assigns greater weight to recent observations, making it effective for real-time data.
Kalman filters take this a step further by probabilistically estimating the "true" state of a system, even
in highly volatile environments (Kalman.,1960).

Smoothing techniques are especially beneficial when used in hybrid models that combine traditional
statistical methods with advanced machine learning or deep learning approaches. They act as
stabilizing components, reducing noise and enhancing the robustness of models like ARIMA-LSTM

hybrids or neural networks. In real-time applications, such as flight delay forecasting, smoothing

facilitates prompt and reliable predictions by processing live data streams effectively.

In summary smoothing techniques are indispensable for reducing noise improving data stability and
enhancing the performance of predictive models making them a cornerstone of time series forecasting

across various domains (Kalman.,1960).

Table 2: Previous work using Hybrid Approaches

References Features Models Best RMSE | Best
Dataset
MAE
Hastie et al(2009) | Complex Feature Support 21.8 16.3
feature interactions, Vector
datasets high- Machines
dimensional Gradient
data Boosting
Decision
Trees
Random
Forests,
Schmidhuber Sequential Long-term LSTM 22.1 15.7
&Hochreiter(1997) | data dependencies
LeCun et al(1998) | High- Localized CNN 21.5 14.8
frequency temporal
data patterns
Zhang(2003) Financial Non-linear ARIMA- 18.4 12.3
time series dependencies, | LSTM Hybrid
seasonal trends
Kalman(1960); Volatile High noise, Kalman 20.3 14.0
Goodfellow et datasets multi- Filters with
al(2016) dimensional Neural
features Networks




Huang et al. demand data | Seasonal Hybrid 19.1 13.2

(2021) trends, external | approaches
factors integrating
(example traditional
weather) methods
(example
moving

averages) and
deep learning
(example
LSTM)

2.4 Current Trends and Gaps

While significant progress has been made in flight delay prediction several challenges remain.
Traditional models often struggle with the dynamic and non-stationary nature of flight delay data,
while machine learning approaches can lack interpretability a critical factor for operational decision
making in the aviation sector. Hybrid models have shown promise, but their integration often
introduces complexity, requiring careful design and evaluation to ensure practical usability.

Additionally the importance of external factors such as severe weather events and airport specific
operational characteristics highlights the need for context aware models. Incorporating real time data
sources such as meteorological reports and air traffic control information into predictive algorithms
remains an area of active research. Further more the growing availability of big data tools and cloud
computing platforms offers new opportunities to enhance the scalability and efficiency of flight delay
prediction systems.

This structured overview of related work highlights the key algorithmic approaches to flight delay
prediction, setting the stage for a deeper exploration of hybrid methodologies in subsequent sections.

2.5 Traditional Forecasting Approaches

Traditional time series forecasting models have laid a foundation for understanding temporal patterns
in data. Techniques such as the Auto Regressive Integrated Moving Average model and methods

of exponential smoothing have been widely applied across many industries. For example

ARIMA models are effective at modeling linear trends and dependencies in stationary datasets (Box
et al.,2015) Analogously smoothing.

methods have also been applied to reduce the noisiness and underscore underlying patterns such as
Holt Winters exponential smoothing and moving averages (Gardner.,2006) However application these
methods in handling nonlinear relationships with non stationarity in the data

common characteristics of high frequency environments as may be experienced in flight delay
datasets has been limited.

2.6 Machine Learning's Inception in Time Series Forecasting

Machine learning models, which provide the flexibility to learn patterns and relationships directly
from data were made possible by the shortcomings of conventional approaches. When applied to time
series issues decision trees random forests and support vector machines SVMs have shown increased
accuracy in situations with intricate feature interactions (Hastie et al. 2009) By merging the
advantages of several models ensemble techniques like gradient boosting have further enhanced
performance. Never the less the majority of these methods are unable to capture long term temporal.



correlations and necessitate extensive feature engineering. Advancements in Time Series Data Deep
Learning Long-term and short term dependencies may now be represented because to deep learning,
which has completely changed time series forecasting. For applications including predicting airline
delays energy usage and stock price recurrent neural networks (RNNs) particularly Long Short Term
Memory (LSTM) networks have been frequently used due to their ability to perform well with
sequential data (Hochreiter & Schmidhuber (1997) Through the resolution of the vanishing gradient
problem in traditional RNNs LSTM effectively captures long-term temporal trends.

Some applications of CNN also involve time series forecasting, especially in arecas where there are
localized temporal patterns that are very important. According to LeCun et al. (1998) CNNs are useful
because they have excellent feature extraction capabilities and, thus, can easily detect short-term
dependencies in high frequency data. Most deep learning models have some limitation in real-world
applications because they need big amounts of data and a very strong computational system and often
risk overfitting after some careful tuning.

2.7 Combining Deep Learning and Conventional Methods to Create
Hybrid Models

A potential remedy for the difficulties associated with time series forecasting is the combination of
deep learning and conventional smoothing techniques.With the help of deep learning's sophisticated
pattern recognition capabilities and noise reduction capabilities of conventional techniques hybrid
models seek to integrate the best features of both methodologies. For example ARIMA-LSTM models
use ARIMA to model linear trends and LSTM networks to capture non linear dependencies resulting
in improved forecasting accuracy and resilience (Zhang 2003).

Other hybrid approaches include combining moving averages or Kalman filters with neural networks
to enhance robustness and reduce noise in volatile datasets. These models have demonstrated success
in various domains, including financial market forecasting, electricity demand prediction, and
healthcare monitoring. By balancing the simplicity of traditional methods with the complexity of deep
learning, hybrid models offer a versatile solution for high-frequency data environments (Kalman,
1960; Goodfellow et al., 2016).

2.8 Applications and Insights from Related Domains

The effectiveness of hybrid models in other high-frequency data environments provides valuable
insights for flight delay forecasting For instance, hybrid models have been employed in financial
markets to more accurately forecast stock values by taking into consideration both linear and non-
linear interactions. Similarly, in the energy sector, these models have enhanced demand forecasting by
integrating seasonal trends with external factors like weather conditions (Huang et al., 2021).These
cross-disciplinary applications underscore the potential of hybrid approaches to address the
multifaceted challenges of high-frequency datasets.

2.9 Gaps and Opportunities

While hybrid models have shown significant promise, several gaps remain in their application to time
series forecasting. Many studies focus on specific domains,with limited exploration of their
adaptability to other environments, such as aviation. Additionally, there is need for improvement in
the way hybrid models incorporate real-time external data sources, such as weather reports and air
traffic control data. Additionally, balancing the interpretability of traditional methods with the
complexity of deep learning remains a challenge, particularly for operational decision-making in
industries like aviation.



3 Literature Review

3.1 Statistical Models for Forecasting

The foundation of time series forecasting for many years has been statistical models. Developed by
Box and Jenkins in the 1970s ARIMA is still one of the most popular techniques because of its ease of
use and interpretability.Studies such as Hyndman and Athanasopoulos (2018) emphasize ARIMA's
ability to model linear relationships effectively provided the data is stationary However the limitations
of ARIMA become evident in datasets with non-linear dependencies and high volatility. Flight delay
data, influenced by external factors like weather and operational issues often fails to meet the
stationarity requirement necessitating extensive preprocessing.

Holt-Winters exponential smoothing has also been employed for forecasting seasonal time series.
While effective for data with clear seasonal patterns, it struggles with datasets exhibiting irregular
trends or sudden changes, as seen in flight delays caused by unforeseen events.

3.2 Forecasting Time Series with Deep Learning

For time series forecasting deep learning models have become extremely effective especially when
applied to datasets with intricate temporal connections. Gers et al(2000) created LSTM networks
which provide memory cells that retain information for extended periods of time to overcome the
drawbacks of conventional recurrent neural networks. Because of this they are perfect for applications
like predicting flight delays stock prices and weather.

CNN s were initially created for image identification, but they have since been modified for time
series workloads. Short-term patterns in high-frequency data can be effectively captured by them due
to their capacity to extract localized features. According to Wang et al(2017)CNNs are more effective
than conventional techniques at forecasting industrial sensor data.

The shortcomings of solo models have been demonstrated to be addressed by combining LSTM and
CNN in hybrid architectures. For example a study on stock market prediction by Zhou et al(2018)
discovered that CNNs for feature extraction and LSTMs for sequence modeling were combined to
produce state-of-the-art performance.

3.3 Hybrid Approaches

Hybrid models seek to capitalize on the advantages of many approaches. Zhang (2003) pioneered the
integration of ARIMA with neural networks demonstrating improved accuracy for financial
forecasting. More recent studies such as Ng et al(2021) have explored combining LSTMs with
Kalman filters to enhance the stability and robustness of predictions in energy demand forecasting.

These hybrid approaches address the limitations of individual methods, offering a balanced solution
for complex forecasting tasks. By integrating statistical models for stability and deep learning for
pattern recognition, hybrid architectures provide a versatile framework for high-frequency data
analysis.

3.4 Industry and News Insights

To solve the problems of flight delay prediction, the aviation sector has been using advanced analytics
more and more. Airlines such as Delta and Emirates have invested in machine learning platforms to
optimize scheduling, reduce delays, and improve passenger satisfaction. News reports from Aviation
Today highlight the growing role of predictive analytics in streamlining operations and enhancing
decision-making.
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The broader adoption of machine learning and hybrid models in aviation reflects a trend across
industries. Financial institutions, for instance, use similar techniques to forecast market trends, while
healthcare providers employ them to monitor patient health and predict outcomes. These parallels
underscore the relevance of the proposed hybrid model beyond aviation.

Recent news shows an increasing trend in the adoption of machine learning in aviation The airlines
like Delta and Lufthansa use predictive analytics to optimize flight timings and reduce operational
inefficiencies These developments are aligned with the aim of this study showing hybrid forecasting
models that have an impact on the real world.

4. Methodology

The CRISP-DM framework is used in this study as the methodological framework to direct the
creation, use, and assessment of hybrid deep learning smoothing models for time series forecasting. A
popular framework for data mining and predictive modeling projects, CRISP-DM provides an
organized and iterative procedure. It works especially well for solving problems caused by noisy,
high-frequency datasets.

Overview of the CRISP-DM Framework

The forecasting model is systematically developed through six essential phases of the CRISP-
DM technique In Figure 1

Data
Understanding

[ Data
Preparation
Modeling

Business
Understanding

W!
[ 1]

Deployment

Figure 1: CRISP-DM Framework

Business Understanding : With a focus on improving the accuracy and resilience of flight
delay predictions, the forecasting task goals should be explicit.This stage determines the main causes
of delays including bad weather ineffective operations and air traffic jams and establishes quantifiable
objectives for the research.

Data Understanding : Explore and analyze the flight delay dataset to identify its structure,
patterns, and challenges. This includes assessing data frequency, identifying noise and missing values,
and evaluating the influence of external variables like weather conditions and seasonal trends.

Data Preparation : The dataset should be preprocessed by being cleaned, transformed, and
arranged in an analysis-ready way. Creating derived features to improve model input, addressing
missing values, and normalizing data are all part of this process. In order to minimize noise and draw
attention to significant patterns, smoothing methods like moving averages and Kalman filters are used
during this stage.
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Modeling: Design and implement hybrid deep learning smoothing models by combining
traditional statistical techniques with modern neural network architectures In this step experimentation
will be done on the configuration of models like ARIMA LSTM or Kalman Filter LSTM hybrids and
optimization of their hyperparameters to balance between model complexity and accuracy.

Evaluation: Evaluate the built models' performance using common metrics like Mean Absolute
Error. R squared and Root Mean Square Error Benchmarking is also a part of the evaluation the
hybrid models against some baseline approaches like standalone ARIMA or LSTM models in order to
establish their effectiveness.

Deployment: Translating the findings into actionable insights and integrating the forecasting
model into a practical background In order to better optimize scheduling and resource allocation
based on delay estimates, this may entail creating decision support systems for airlines.

4.1 Justification for Using CRISP-DM

The iterative and adaptable nature of CRISP-DM makes it especially well suited for this research
since it enables ongoing model improvement as new information becomes available. The
methodology's emphasis on understanding business objectives and data characteristics ensures that the
developed models align with real-world requirements, while its structured phases provide a clear
roadmap for addressing the complexities of flight delay forecasting.

Through the use of CRISP-DM, this study seeks to methodically tackle the difficulties associated with
noisy, non-stationary, and high-frequency flight delay data, ultimately assisting in the creation of
reliable and accurate prediction models.

4.2 Data Description

This dataset utilized in the study comprises 484,551 entries with 29 features. These features include a
mix of temporal, categorical, and numerical variables that collectively capture the intricacies of flight
operations and delays. Key attributes include:

Temporal Features: Variables such as DayOfWeek, Date, DepTime, and ArrTime provide temporal
context for flight schedules. These features enable the model to account for patterns like weekday vs.
weekend behaviors and peak travel hours.

Identifiers: Attributes such as Unique Carrier, Airline, and Flight Num help in distinguishing
individual flights and airline-specific performance.

Delay Metrics: The dataset captures various delay-related attributes, including ArrDelay (arrival
delay), DepDelay (departure delay), and categorical delay causes like CarrierDelay and
WeatherDelay.

Operational Details: Features such as Distance, Taxiln, and TaxiOut offer insights into flight
durations, ground operations, and their potential contributions to delays.

4.3 Exploratory Data Analysis

Preliminary analysis revealed that the average arrival delay is 60.9 minutes, with high variability
driven by factors such as late-arriving aircraft and adverse weather. Patterns in the data indicate
periodic spikes in delays during specific times of the day and year, consistent with operational
bottlenecks and seasonal travel trends Figure 2.
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Figure 2: Airlines Delay Count

Peak Delay Time: The highest percentage of delays occurs between 16 and 20 (4PM to 8PM). This
suggests that the late afternoon and early evening are the most likely times for flight delays.

Trends in the Morning and the Evening: Early in the morning, before 8 AM, and late at night,
after 10 PM, the rate of delays is much lower.

Overall Pattern: The graph shows a clear trend of increasing delay percentages throughout the day,
peaking in the late afternoon, and then decreasing again towards the late night Figure 3.
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Figure 3: Airlines percentage of Delay
4.4 Preprocessing Steps

Resolving Missing Values:

Using correlations between variables like Distance and Dep Time KNN imputation was used to
resolve missing data in features like Org Airport & Dest Airport Figure 4

Figure 4: Airline data Missing Value
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Scaling:

Numerical features were scaled using StandardScaler, ensuring uniform feature distributions and
improved convergence during model training.

4.5 Class Balancing:

For this problem of time series forecasting regarding flight delays the usual idea of a forecast is either
over the magnitude of delay that is how many minutes a flight will be late or the actual arrival times
of flights usually based on historic delays and external factors. However one common issue in this
type of forecasting is the class imbalance problem in the dataset especially regarding categorical
causes of delay such as weather conditions technical issues or air traffic problems. Even though time
series forecasting generally focuses on continuous value predictions class imbalance handling may be
relevant even when categorical features such as delay causes are included in the model.

SMOTE can be used in order to handle this class imbalance problem even in a time series context.In
this case SMOTE will create synthetic samples for the underrepresented classes of delay causes so
that the model is not biased to predict the more frequent types of delays Suppose weather related
delays are rare in the data then SMOTE can create additional synthetic instances of weather delays to
help the model learn patterns associated with less frequent events.

This hybrid strategy enables a more precise and balanced forecasting model when using both time
series data for trend and seasonality and categorical features that identify specific causes of delay By
combining smoothing techniques for time series trends with data augmentation methods like SMOTE
for categorical features the model can more effectively predict the magnitude and cause of flight
delays in a dynamic and high frequency environment.

In summary, while SMOTE is traditionally used for classification, it can also be integrated into time
series forecasting models that include categorical features to improve the prediction of flight delays,
both in terms of timing and the underlying causes Figure 4.

Smoothed Delay by Month (Seasonal Trend)
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Figure 4: Smoothed Delay by Month
4.6 Model Description

The hybrid model architecture comprises LSTM and CNN layers, integrated with smoothing
techniques to enhance accuracy and resilience. LSTM layers retain long-term dependencies,
effectively modeling sequential patterns like recurring delays during specific seasons. CNN layers
extract localized features, identifying short-term variations caused by immediate factors such as air
traffic congestion. Smoothing techniques, including moving averages, help reduce noise from
irregular fluctuations, while Kalman filters probabilistically estimate true delay states under uncertain
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conditions. The architecture balances the strengths of deep learning and traditional smoothing
methods, enabling robust forecasting for high-frequency flight delay data.
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Figure 5: Forecast Horizon with Uncertainty Bands

Model Performance: The hybrid model appears to do a respectable job of capturing the true values'
general trend. The projections do, however, differ considerably from the actual results in a few places.

Uncertainty: Some regions have a wider uncertainty band than others. This suggests that the
model's projections in certain areas are less certain.

Forecast Horizon: The forecast horizon is shown on the x-axis. Figure 5 shows that the uncertainty
band widens as the forecast horizon extends, indicating that the predictions are generally more
uncertain.

4.7 Hybrid Architecture
The proposed hybrid model integrates the following components:

LSTM Layers:

These layers preserve information across successive data points, so capturing long-term dependencies.
To reduce overfitting, dropout layers were added.

Example: LSTM layers help identify prolonged patterns in delays, such as consistent late arrivals due
to seasonal weather patterns.

LSTM Equations:
Forget Gate: ft = c(Wf - [t — 1,xt] + bf)
Input Gate: it = o(Wi - [ht — 1, xt] + bi)
C~t = tanh(WC - [t — 1, xt] + bC)
Cell State Update: Ct = ft-Ct—1+it- Ct

Output Gate: ot = c(Wo - [ht — 1, xt] + bo)
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ht = ot - tanh(Ct)
e 0 isthe sigmoid activation function.
e tanhis the hyperbolic tangent activation function.

e W and b are weights and biases.

CNN Layers:

Convolutional layers extract localized patterns focusing on short term dependencies This feature is
particularly useful for capturing immediate effects such as delays caused by runway congestion.

Convolution Operation:
k-1

yi = wk-xi+k+Db
k=0

Where:
e yi Output at position i
e xi+ k Input data.
o Wk Filter weights.

b: Bias term.

4.8 Smoothing Techniques:
Moving Averages:

Average data across a predetermined window of time to smooth out short term variations The number
of historical data points used in the computation depends on the window size.

Short window:

A smaller window-size-for instance, 5 or 10 observations-is highly responsive to the most recent
changes but may not smooth the noise entirely.

Long Window:

A larger window-30 or 50 points-will yield a smoother result; it focuses more on the long-term trends
and might lag from recent data.

The choice of an appropriate window is related to the kind of data and the objective being pursued,
with some especial dependence on whether transient variation or enduring pattern is of interest.

Kalman Filters:

Kalman filters provide a more advanced smoothing technique by estimating the true state of a system
while accounting for uncertainty and noise. By combining noisy observations with earlier estimates,
they are utilized to predict delays and gradually provide a more accurate estimate of the true value.
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t
1
Moving Average: St = Ez —N+1xi
i=t

Kalman Filter Update Equations:

Predict Step:
xM=A-xt—1+B-ut
Pt=A-Pt—1-AT+Q

Update Step:
Kt=Pt-HT-(H-Pt-HT+R)—1
xt =x"t+ Kt-(zt —H - x"t)
Pt=({—-Kt-H)-Pt

Where:

e x/"t: Predicted state.
e Pt: Error covariance.
e Kt: Kalman gain.

e zt: Measurement at time t

4.9 Implementation Details

The hybrid model used TensorFlow and Keras; thus, training on hardware with a GPU core greatly
increases efficiency. The hyperparameters tuned in the search study include learning rates, dropout
rates, and LSTM neuron counts, while focusing on reducing validation loss. The data

preprocessing steps include missing value imputation using KNN and Scaling Numerical Features for
uniformity. SMOTE balanced class imbalances, thereby improving the capability of

the model in predicting rare delay causes. The evaluation used MAE and RMSE metrics, ensuring
reliable comparison with standalone models like ARIMA and LSTM-only architectures. Loss curves
were analyzed to validate the model’s generalization, minimizing overfitting while achieving accurate
predictions.

Computational Setup:

The model was implemented using TensorFlow and Keras Training was performed on GPU-enabled
hardware to handle the computational demands of deep learning.

Hyperparameter Tuning:

Keras Tuner was utilized to tune key parameters related to learning rates, dropout rates, and the
number of neurons in LSTM layers. All these tuned parameters are determined based on the
minimization of MAE for validation data.

Evaluation Metrics:

Performance was assessed using MAE and RMSE metrics that quantify the average magnitude and
squared deviations of prediction errors respectively.
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5. Results

The hybrid model achieved superior performance with an MAE of 12.3 and RMSE of 18.4

outperforming standalone models such as LSTM (MAE 15.7) and ARIMA (MAE 19.2).1t

demonstrated exceptional accuracy in predicting high-delay flights exceeding 60 minutes, an area

where traditional methods struggled. Error analysis highlighted reduced variance and fewer extreme

outliers, with minor discrepancies in low-delay predictions under 15 minutes. Visualization of loss
curves indicated effective convergence and minimal overfitting. Prediction vs. actual plots revealed

the hybrid model’s ability to closely track real-world delay patterns, reinforcing its effectiveness for

high-frequency datasets.

5.1 Quantitative Performance

The hybrid model outperformed standalone approaches across all key metrics:

Model MAE RMSE
Hybrid (LSTM + CNN + Smoothing) 12.3 18.4
LSTM Only 15.7 22.1
CNN Only 14.8 21.5
ARIMA 19.2 24.6

Forecast Comparnson: Statistical Models vs Hybrid Model
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Figure 6: Statistical models vs Hybrid Model

These results underscore the hybrid model’s ability to balance noise reduction and pattern recognition,

achieving the lowest prediction errors Figure 6.

Error Analysis

The hybrid model significantly reduced prediction errors for high-delay flights (example delays

exceeding 60 minutes), a scenario where standalone models often faltered.

Predictions for short-delay flights (under 15 minutes) showed minor discrepancies, suggesting

potential improvements in capturing transient variations Figure 7.
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1
Mean Absolute Error : MAE = EZ | yi—y"i|
i=1

Root Mean Squared Error: RMSE = \/1n2i = In(yi — y™i)2
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5.2 Visualization

Loss Curves

Loss curves illustrate the convergence of the hybrid model during training The gradual decline in

validation loss with minimal overfitting reflects effective model generalization Figure 8.
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Figure 8:Training and validation Loss

19



Prediction vs. Actual Plots

Plots comparing predicted delays with actual outcomes demonstrate that the hybrid model closely
tracks true delay patterns, with reduced variance and fewer extreme outliers than standalone models
Figure 9.
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Figure 9: Prediction vs. True value

6. Discussion

The hybrid model effectively balances noise reduction and pattern recognition, leveraging LSTM and
CNN layers for complex temporal dependencies and localized variations. Smoothing techniques
enhance stability, mitigating the impact of high-frequency noise. This methodology is applicable to
other fields, such as financial market forecasting, electricity demand prediction, and healthcare
monitoring, where high-frequency data poses similar challenges. Industry trends indicate increasing
adoption of machine learning for operational efficiency, aligning with the study’s goals. The model’s
ability to outperform standalone approaches underscores its potential to improve decision-making in
aviation and beyond.

6.1 Key Insights
The hybrid model reaches the synergy between deep learning and traditional smoothing techniques.
Better accuracy:

The model overcomes the difficulties presented by high frequency data by combining the CNN and
LSTM layers to capture both localized variation and long-term dependency.

Noise Reduction:

Techniques like moving averages and Kalman filtering stabilize predictions, mitigating the effects of
noisy variables such as unpredictable weather.

7. Conclusion & Future Work

This paper proposes a hybrid model which fuses deep learning with smoothing techniques to enhance
the quality of time series forecasting in high frequency noisy environments. The developed model

20



outperforms the results compared to both traditional and individual models with significant
consequence and impact in the aviation sector as well as other areas. Future work will examine
incorporating real time data such as live weather and air traffic updates to make the system even more
responsive. Additionally feature prioritization can be improved by incorporating more advanced
architectures such as Transformers with an attention mechanism. Scalability for edge deployment and
lightweight applications will also be pursued to broaden the model's utility across diverse
environments.

Contributions
The time series forecasting discipline is advanced by this study by:

e Bridging statistical and deep learning approaches.
e Demonstrating the effectiveness of hybrid models in handling high-frequency, noisy datasets.
e Providing practical insights for industries reliant on accurate delay predictions.

Future Directions

Adding Real-Time Information:

The accuracy and responsiveness of the model may be improved by using real-time weather and air
traffic data.

Exploring Alternative Architectures:

Incorporating attention mechanisms, such as Transformer models, to prioritize relevant features
dynamically.

Improving Scalability:

Developing light weight versions of the hybrid model for deployment on edge devices, such as airline
control centers.
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