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ABSTRACT

This study investigates ensemble learning using classical and quantum-inspired
models to predict flight delays at Tribhuvan International Airport (TIA), Nepal.
It combines traditional machine learning algorithms with quantum-based ap-
proaches, quantum boosting (QBoost) and the hybrid QBoostPlus, leveraging
quantum properties for faster computation. The dataset includes flight records
from 2020 to 2024 and Meteorological Aerodrome Reports (METAR), analyzed
across four sea- sons to capture delay patterns in domestic and international
flights. A combined seasonal dataset assesses model generalization. Six mod-
els; VotingClassifier, adaptive boosting (AdaBoost), xtreme gradient boosting
(XGBoost), categorical boosting (CatBoost), QBoost, and QBoostPlus are eval-
uated based on accuracy, precision, recall, F1 score, area under the curve(AUC),
and execution time. CatBoost achieved high accuracy (up to 0.97) but slower
execution (up to 10,570.63 ms). QBoostPlus provides competitive AUC scores
(0.83–0.95) with faster execution, improving speed by up to 99.94% and gen-
erating predictions in as little as 6.46 ms. Although quantum-inspired models
have slightly lower accuracy, their computational efficiency and stability show
strong potential for real-time flight delay prediction. This is the first study ap-
plying quantum-inspired ensemble learning to Nepalese aviation data, showing
promise for regional airports with limited infrastructure.
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1. INTRODUCTION
Tribhuvan International Airport (TIA) in Kathmandu, Nepal, serves as the nation’s primary interna-

tional gateway, connecting to over 40 global destinations. Despite its strategic role, TIA faces operational
challenges due to a single sloped runway, absence of an instrument landing system (ILS), and increasing traf-
fic demand. According to official TIA data, international passenger traffic grew by 9.29% in 2024, averaging
13,598 passengers per day [1]. This surge has intensified congestion, delays, and resource limitations, empha-
sizing the need for intelligent flight delay prediction systems to support efficient airport operations.

Flight delay prediction has been extensively studied using various machine learning (ML) techniques.
Deep learning approaches, such as convolutional neural network–long short-term memory (CNN-LSTM) frame-
works, have shown promising results in forecasting delays based on historical data [2], [3]. Hybrid ML models
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combining different algorithms further improve prediction accuracy [4], [5], while ensemble learning methods
like gradient boosting and incremental learning effectively capture complex delay patterns [6], [7]. Addition-
ally, studies leveraging aviation big data have enhanced delay prediction models [8], and investigations into the
impact of short-term features have refined model performance [9], [10]. Flight trajectory prediction has also
benefited from hybrid deep learning techniques, improving four-dimensional (4D) trajectory forecasts [11],
and spatiotemporal propagation learning has been proposed for network-wide delay prediction [12]. Recent
advancements include transformer architectures for temporal modeling in airport delay prediction [13], [14].
In parallel, quantum machine learning (QML) techniques are emerging as novel approaches for aerodynamic
classification and time series forecasting in aviation. Quantum support vector machines (QSVM) and data
re-uploading quantum methods have demonstrated potential in handling large-scale spatiotemporal data and
traffic forecasting [15], [16], opening new avenues for flight delay modeling.

Compared to hybrid models like stacking and bagging [17], [18], quantum boosting plus (QBoost-
Plus) integrates quantum-inspired optimization with ensemble fusion, using area under the curve (AUC)-based
weighting to improve speed and accuracy without iterative retraining [19]. Transformer-based ensembles [13],
[20] have shown high accuracy in flight delay prediction but with heavy computational costs, limiting real-time
use in constrained environments. Recent QML developments [16] in transportation and time-series forecasting,
such as quantum data re-uploading, offer competitive accuracy and faster convergence over classical models.
Hybrid quantum models like quantum kernel long short-term memory (QK-LSTM) have improved predictive
efficiency and reduced computational costs in climate time-series tasks [21]. Quantum long short-term mem-
ory (QLSTM) shows faster convergence and lower test loss than classical LSTM on solar forecasting [22],
while quantum sequential recurrent neural network (QSegRNN) achieves comparable or better accuracy with
fewer parameters [23]. These results highlight QML’s potential to overcome latency and scalability issues in
transportation and aviation forecasting.

This study presents the first application of quantum-inspired ensemble learning for flight delay predic-
tion in Nepal, focusing on TIA. Existing ML models often lack the speed and scalability needed for real-time
use in resource-constrained settings. To address this, we propose QBoostPlus a hybrid framework combin-
ing classical ensembles with quantum-inspired optimization to reduce complexity. Using a multi-season flight
and meteorological aerodrome reports (METAR) weather datasets, the model improves both accuracy and ef-
ficiency in delay forecasting. It supports real-time decision-making and is adaptable to other regional airports,
advancing smart airport initiatives.

The key contributions of this study include: (i) integrating classical ensemble models with quantum-
inspired optimization for delay prediction; (ii) proposing QBoostPlus for fast and accurate delay prediction
suitable for real-time use; (iii) evaluating seasonal and aggregate datasets to assess model generalization; and
(iv) demonstrating trade-offs between accuracy and execution time to inform hybrid deployment strategies.

2. METHOD
2.1. Dataset and preprocessing

This study utilized two primary datasets: the AviBit Traffic Solutions Dataset, which includes 12
flight-related features such as flight number, date, scheduled departure and arrival times, travel time, origin and
destination, distance and actual arrival time in the training set, and a test set with the same features except actual
arrival time. The second is the METAR dataset, containing 13 meteorological features from the TIA METAR
station, including visibility, sky conditions, temperature, wind, pressure, humidity, and precipitation. Both
datasets were clean, with no missing values or duplicates. Data preprocessing involved merging the datasets
into a single data frame (DataFrame), synchronizing weather data to coordinated universal time (UTC) and
rounding timestamps to the nearest hour. More than 200,000 communication records were collected from 2020
to 2024. Key subsets that significantly contribute to the model’s performance include: seasonal data with 9,522
training and 3,742 test samples, and a combined approach with 3,978 training and 1,610 test samples.

Feature engineering included encoding sky conditions, imputing zero values, removing redundant
features, and aligning weather stations with origin and destination airports. Feature scaling was performed
using the standard scaler (StandardScaler) to normalize input variables. For feature selection, columns with
excessive missing data were removed, and the top 14 features were selected based on mutual information (MI)
scores. MI measures the degree of dependency between each feature and the target variable, allowing us to
prioritize inputs that contribute most to predicting delays. This approach improves model interpretability by
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identifying features with the strongest predictive relationships, offering insights into which flight and weather
variables most influence delays. The final selected features comprised one flight characteristic distance; three
origin weather features dew point temperature, precipitation, and few clouds at level 1; and ten destination
weather features dry bulb temperature, dew point temperature, wind speed, wind direction, wind gust, pressure,
visibility, precipitation, relative humidity, and scattered clouds at level 1.

We acknowledge that seasonal imbalance in the dataset (e.g., higher flight volumes in spring and
summer compared to winter and autumn) may influence MI scoring, as features dominant in peak seasons
could be overemphasized. To mitigate this, feature selection was performed on both seasonal subsets and the
combined dataset to ensure generalization across varying traffic conditions.

Figure 1 illustrates the architecture of the QBoostPlus framework, which integrates quantum-inspired
optimization within a lightweight ensemble model to enhance convergence, generalization, and operational
efficiency.

Figure 1. System flow diagram

2.2. Model building and implementation
To comprehensively evaluate predictive performance, we implemented three types of models: classical

ML models, the QBoost model, and hybrid approaches.

2.2.1. Classical models
In our study, we utilized classical ensemble models including adaptive boosting (AdaBoost), extreme

gradient boosting (XGBoost), categorical boosting (CatBoost), and voting classifier (VotingClassifier) for clas-
sification. AdaBoost sequentially improved performance by focusing on misclassified instances [24], [25].
XGBoost offered high accuracy and efficiency through gradient boosting with regularization [24], [26]. Cat-
Boost effectively handled categorical features using ordered boosting [26]. The VotingClassifier combined
predictions from multiple models using hard or soft voting, enhancing overall stability and accuracy [24], [25].

2.2.2. QBoost model
QBoost is a quantum-inspired classification algorithm that reformulates problems into quadratic un-

constrained binary optimization (QUBO) format for quantum annealing on quantum processing units (QPUs).
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Due to limited access to D-Wave hardware, we used the simulated annealing sampler (SimulatedAnneal-
ingSampler) from the dimod library, which emulates quantum annealing on classical hardware while preserv-
ing the QUBO framework [27]. Although it mimics quantum concepts like superposition and entanglement,
it lacks true quantum features such as tunneling and large-scale parallelism, limiting scalability. Nevertheless,
this approach allows effective testing of quantum-inspired models for classification and optimization.

2.2.3. Hybrid model – QBoostPlus
QBoostPlus is a hybrid ensemble classification model that combines multiple weak classifiers using

AUC-based weighting. Instead of relying on a single best model, it evaluates each classifier’s AUC on a vali-
dation set and assigns weights through exponential scaling, giving more influence to stronger classifiers. This
weighting strategy aligns with ensemble fusion theory, where model contributions are often scaled by perfor-
mance metrics to maximize overall predictive power [28], [29]. Predictions are generated by aggregating the
weighted outputs, enhancing both diversity and accuracy. Unlike traditional boosting, QBoostPlus avoids it-
erative training and instead focuses on performance-driven fusion of pre-trained models. The implementation
involves selecting the best classifier based on AUC, optionally adding another, and evaluating the model’s per-
formance and execution time. Formal equation of QBoostPlus:

ŷ(x) = sign

(
N∑
i=1

wi · hi(x)

)
(1)

where,
N = number of weak classifiers, hi(x) = prediction (or decision function output) of the ith classifier on input x,
wi = weight assigned to the ith classifier based on its AUC score (normalized so

∑
i wi = 1), and ŷ(x) = final

predicted label (e.g., +1 or −1).
Probability estimation (using a sigmoid function with temperature scaling):

P (y = 1 | x) = 1

1 + exp
(
− 1

T

∑N
i=1 wi · hi(x)

) (2)

where, T = temperature parameter controlling the softness of probabilities.

2.2.4. Evaluation metrics
All models were evaluated using standard classification metrics, including accuracy, precision, recall,

F1-score, and AUC-receiver operating characteristic (ROC), to assess their predictive performance compre-
hensively. In addition to these evaluation metrics, execution time was recorded to compare the computational
efficiency of classical, quantum, and hybrid models, providing insights into both effectiveness and practicality
for real-world applications.

2.3. Toolset and system configuration
The environment used Visual Studio Code (v1.95.3), Python 3.x, and libraries such as NumPy, pan-

das, scikit-learn, and Simulated Annealing from the dimod library. Experiments were run on a system with an
Intel Core i5-1035G1 central processing unit (CPU) (1.00 GHz, up to 1.19 GHz), 8 GB random access memory
(RAM), and Windows 11, which supported both ML and quantum-inspired simulations efficiently.

3. RESULT AND DISCUSSION
3.1. Analysis of combined approach for all seasons

The combined approach integrates flight data from all seasons into a single training and testing frame-
work, enabling a holistic assessment of delay patterns. By aggregating seasonal variations, this approach
captures recurring operational characteristics such as airport congestion and systemic inefficiencies while ben-
efiting from a larger and more diverse dataset. As a result, the models exhibit improved stability and reduced
susceptibility to overfitting. In addition, employing a single unified model simplifies deployment and lowers
computational overhead, which is essential for real-time operational use.

TELKOMNIKA Telecommun Comput El Control, Vol. 24, No. 2, April 2026: 527–535



TELKOMNIKA Telecommun Comput El Control ❒ 531

Figure 2 illustrates the AUC–ROC performance of the evaluated models under the combined setting.
XGBoost, CatBoost, the VotingClassifier, and QBoostPlus demonstrate the strongest discriminative capability,
indicating reliable separation between delayed and on-time flights. In contrast, AdaBoost and QBoost show
comparatively weaker performance, suggesting limited robustness under aggregated seasonal conditions.

Figure 3 presents the relationship between predictive performance and execution time. QBoostPlus
achieves the fastest inference time, substantially outperforming other ensemble models. Although CatBoost
and the VotingClassifier attain comparable predictive accuracy, their significantly higher execution times limit
their suitability for latency-sensitive environments. These results indicate that QBoostPlus provides an effective
balance between predictive capability and computational efficiency, making it a strong candidate for real-time
flight delay prediction.

Figure 2. AUC ROC curve of combined approach

Figure 3. Classification performance vs. execution time of combined approach
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3.2. Enhancing statistical robustness of model evaluation
To ensure reliable performance estimation, cross-validation and statistical significance testing were

employed. Table 1, summarizes the average accuracy and standard deviation obtained from 5-fold and 10-fold
cross-validation, along with paired t-test results.

The models demonstrate consistent generalization, with mean cross-validation accuracies ranging
from approximately 85% to 93%. QBoostPlus achieves the highest average accuracy across both validation
settings, while low standard deviations indicate stable performance. Paired t-test results show no significant
differences between 5-fold and 10-fold validation (all p-values > 0.05), confirming the reliability of the re-
ported estimates. These results highlight that QBoostPlus delivers strong predictive performance with efficient
computational cost, supporting its suitability for practical deployment.

Table 1. Model performance with cross-validation and significance testing

Model
5-fold

average
5-fold

standard deviation
10-fold
average

10-fold
standard deviation

t-Test value Significance level (p)

AdaBoost 0.8283 0.0045 0.8313 0.0110 -0.7045 0.4936
CatBoost 0.8585 0.0085 0.8610 0.0121 -0.4274 0.6776
XGBoost 0.8522 0.0120 0.8532 0.0146 -0.1292 0.9000
VotingClassifier 0.8595 0.0113 0.8612 0.0131 -0.2448 0.8123
QBoost 0.8512 0.0129 0.8668 0.0103 -2.1343 0.0741
QBoostPlus 0.9168 0.0197 0.9301 0.0242 -1.0472 0.3215

3.3. Seperate analysis of each season
Flight delays at TIA are strongly influenced by seasonal factors. Winter fog, spring storms, summer

congestion and heat, and autumnal weather transitions introduce distinct operational challenges. To account
for these effects, a season-wise evaluation was conducted to assess context-specific model behavior.

As shown in Table 2, reports the classification performance and execution time of each model across
the four seasons. QBoostPlus consistently demonstrates strong predictive performance, achieving its highest
accuracy during the summer season while maintaining competitive results in winter, spring, and autumn. Im-
portantly, it preserves exceptionally low execution times across all seasonal datasets, highlighting its robustness
under varying operational conditions.

Table 2. Classification performance and execution time of models across different seasons
Season Model AUC Accuracy F1-score Precision Recall Execution time (ms)
Winter AdaBoost 0.88 0.89 0.76 0.81 0.73 495.72

CatBoost 0.90 0.91 0.81 0.88 0.88 4660.70
XGBoost 0.89 0.92 0.84 0.88 0.81 219.86

VotingClassifier 0.90 0.92 0.83 0.89 0.79 4636.98
QBoost 0.89 0.90 0.81 0.83 0.79 55.75

QBoostPlus 0.90 0.91 0.82 0.87 0.79 11.20
Spring AdaBoost 0.82 0.90 0.63 0.66 0.62 360.62

CatBoost 0.89 0.92 0.68 0.74 0.65 4184.21
XGBoost 0.88 0.92 0.69 0.73 0.67 208.22

VotingClassifier 0.89 0.92 0.69 0.75 0.65 4783.87
QBoost 0.88 0.90 0.62 0.66 0.60 53.28

QBoostPlus 0.89 0.91 0.63 0.68 0.61 10.59
Summer AdaBoost 0.94 0.96 0.81 0.88 0.77 570.90

CatBoost 0.93 0.97 0.85 0.98 0.78 4091.32
XGBoost 0.95 0.96 0.82 0.86 0.79 125.19

VotingClassifier 0.95 0.97 0.83 0.94 0.77 4466.01
QBoost 0.95 0.95 0.82 0.81 0.84 58.26

QBoostPlus 0.95 0.97 0.86 0.88 0.84 8.45
Autumn AdaBoost 0.76 0.87 0.64 0.69 0.62 274.94

CatBoost 0.83 0.89 0.70 0.77 0.66 3537.77
XGBoost 0.82 0.89 0.70 0.74 0.68 162.01

VotingClassifier 0.83 0.89 0.71 0.76 0.68 4010.41
QBoost 0.82 0.87 0.68 0.70 0.68 55.21

QBoostPlus 0.83 0.88 0.69 0.71 0.68 9.09
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While CatBoost and the voting classifier occasionally achieve comparable accuracy, their substantially
higher inference times reduce their practicality in environments with limited computational resources and strict
real-time constraints [13]. Classical ensemble methods such as AdaBoost show higher precision in certain
seasons but suffer from reduced recall, particularly during autumn, indicating sensitivity to class imbalance
and temporal variability [6], [24]. QBoostPlus maintains a balanced trade-off between precision and recall,
resulting in stable F1-scores even in challenging seasonal conditions. This behavior aligns with prior studies
reporting the difficulty of delay prediction under imbalanced and temporally heterogeneous data distributions
[6], [24]. Compared with recently proposed transformer-based approaches [13], which offer strong predictive
performance at the expense of high computational complexity, QBoostPlus delivers comparable accuracy with
significantly lower latency.

Overall, the seasonal analysis confirms that QBoostPlus effectively adapts to diverse operational con-
texts while preserving computational efficiency. Its application to flight delay prediction at TIA represents, to
the best of our knowledge, the first use of a quantum-inspired ensemble learning approach in the Nepalese avi-
ation domain. These results suggest strong potential for broader adoption in infrastructure-constrained airports
where scalability and real-time responsiveness are critical [30].

4. CONCLUSION
This study explored classical and quantum-inspired ML models for flight delay prediction at TIA,

introducing a hybrid framework that balances computational efficiency with predictive accuracy. The findings
highlight the potential of quantum-inspired approaches for time-sensitive aviation tasks, particularly in airports
with limited resources. This work contributes to advancing intelligent, adaptive delay prediction systems tai-
lored to complex airport operations. Future research should focus on implementing this framework using actual
quantum hardware and extending it to other regional airports to enhance scalability and practical utility.
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3, pp. 239–249, 2022, doi: 10.17671/gazibtd.1060646.
[3] Q. Li, X. Guan, and J. Liu, “A CNN-LSTM framework for flight delay prediction,” Expert Systems with Applications, vol. 227, p.

120287, 2023, doi: 10.1016/j.eswa.2023.120287.
[4] R. K. Jha, S. B. Jha, V. Pandey, and R. F. Babiceanu, “Flight Delay Prediction using Hybrid Machine Learning Approach: A Case

Study of Major Airlines in the United States,” 2024, arXiv, doi: 10.48550/ARXIV.2409.00607.
[5] D. B. Bisandu and I. Moulitsas, “A Hybrid Ensemble Machine Learning Approach for Arrival Flight Delay Classification Prediction

Using Voting Aggregation Technique,” in AIAA AVIATION 2023 Forum. American Institute of Aeronautics and Astronautic, Jun.
2023, doi: 10.2514/6.2023-4326.

[6] R. Khan, S. Akbar, and T. A. Zahed, “Flight Delay Prediction Based on Gradient Boosting Ensemble Tech-
niques,” 2022 16th International Conference on Open Source Systems and Technologies (ICOSST), 2022, pp. 1-5, doi:
10.1109/ICOSST57195.2022.10016828.

[7] D. Wang, M. Wang, X. Wang, and P. Yang, “Ensemble of Incremental Learning Algorithm for Flight Delay Prediction,”
Beijing Gongye Daxue Xuebao/Journal of Beijing University of Technology, vol. 46, no. 11, pp. 1239–1245, 2020, doi:
10.11936/bjutxb2019030009.

[8] N. Kumar, Hanumanth, Nagareddy, and J. Patil, “Flight Delay Prediction Based On Aviation Big Data And Machine Learning,”
Journal of Scientific Research and Technology, vol. 1, no. 7, pp. 58–67, 2023.
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