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Abstract

:

Machine learning algorithms are applied to predict intense wind shear from the Doppler LiDAR data located at the Hong Kong International Airport. Forecasting intense wind shear in the vicinity of airport runways is vital in order to make intelligent management and timely flight operation decisions. To predict the time series of intense wind shear, Bayesian optimized machine learning models such as adaptive boosting, light gradient boosting machine, categorical boosting, extreme gradient boosting, random forest, and natural gradient boosting are developed in this study. The time-series prediction describes a model that predicts future values based on past values. Based on the testing set, the Bayesian optimized-Extreme Gradient Boosting (XGBoost) model outperformed the other models in terms of mean absolute error (1.764), mean squared error (5.611), root mean squared error (2.368), and R-Square (0.859). Afterwards, the XGBoost model is interpreted using the SHapley Additive exPlanations (SHAP) method. The XGBoost-based importance and SHAP method reveal that the month of the year and the encounter location of the most intense wind shear were the most influential features. August is more likely to have a high number of intense wind-shear events. The majority of the intense wind-shear events occurred on the runway and within one nautical mile of the departure end of the runway.
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1. Introduction


Wind shear is a potentially hazardous meteorological occurrence characterized by sudden changes in wind speed and/or direction. If this event occurs below 500 m (1600 feet) above the ground, it is classified as low-level wind shear; if its magnitude exceeds 30 knots, it is known as intense wind shear [1]. It is one of the most worrisome phenomena for an aircraft because it creates violent turbulence and eddies as well as dramatic shifts in the aircraft’s horizontal and vertical progression, which can ultimately result in a frequent missed approach, touching down short of the runway (loss of lift), or deviation from the true flight path during landing descent, as depicted in Figure 1. The intense wind shear has two potentially dangerous effects on landing aircraft: aberration of the flight path and deviation from the set approach speed [2]. Due to unanticipated changes in wind speed or direction, the pilot may perceive immense pressure during the landing phase when the engine power is low and the airspeed is close to stall speed.



Numerous airports around the world have reaped substantial benefits from the availability of precise, high-resolution, remote sensing technologies such as the Terminal Doppler Weather Radar (TDWR) [3] and the Doppler Light Detection and Range (LiDAR) [4,5]. By a significant margin, the most prevalent methods for detecting wind shear are TDWR, ground-based anemometer networks, and wind profilers. Since the mid-1990s, this method has proved effective for alerting airports to wind shear, particularly during the passage of tropical cyclones and thunderstorms. Clear weather prevents the TDWR system from providing accurate wind data. However, certain wind-shear events are associated with airflow reaching the airport from rugged terrain. To address these circumstances, a new method of detection independent of humidity must be developed. For this purpose, the LiDAR system has been added to the TDWR as a booster in order to detect and warn of wind shear in clear skies. Doppler LiDAR can detect return signals from aerosols and provide precise Doppler wind measurements when the air is clear. Although these tracking or observation-based technological advances are effective at detecting wind shear in the vicinity of an airport, they are unable to predict when the next wind-shear event will occur, or which risk factors contribute to its occurrence [6]. Forecasting intense wind shear in the vicinity of the airport runway and the factors that contribute to the occurrence of intense wind shear are of the utmost importance, as their occurrence can cause significant challenges for departing and approaching flights.



The development of a framework for the prediction of intense wind shear requires a substantial amount of historical data on wind-shear events. Despite the fact that numerous researchers in the power and energy domain have attempted to forecast wind speed due to the demand for wind energy electricity generation and advancements in wind energy competitiveness [7,8,9], few researchers have attempted to forecast wind-shear events in the vicinity of airport runways [10,11]. For time-series modeling, several statistical and mathematical techniques have been employed in the past, such as autoregressive integrated moving average (ARIMA) [12,13,14], Kolmogorov–Zurbenko filters [15,16], exponential smoothing [17,18], and others. These often result in good forecasting accuracy. However, machine learning algorithms have recently been applied in various domains due to their high forecasting precision and improved operational efficiency [19,20,21,22,23,24]. Therefore, in this study, we propose the development of time-series prediction models of intense wind shear using machine learning algorithms. The study employed Doppler LiDAR data from 2017 to 2010 and machine learning algorithms including the Adaptive Boosting (AdaBoost) [25], Light Gradient Boosting Machine (LightGBM) [26], Categorical Boosting (CatBoost) [27], Gradient Boosting (XGBoost) [28], Random Forest [29], and Natural Gradient Boosting (NGBoost) [30] methods, optimized via a Bayesian optimization approach [31], as shown in Figure 2.



In addition to evaluating the performance of models in order to select the optimal model, crucial factors that contribute to the occurrence of intense wind shear are also revealed. Researchers in the field of civil aviation safety should seize this opportunity as understanding the complex interactions between multiple risk factors that determine the occurrence of intense wind shear is essential for aviation and meteorological applications.




2. Data and Methods


2.1. Study Location


Hong Kong International Airport (HKIA) is among the most susceptible airports in the world to the occurrence of wind-shear events, and from 1998 to 2015 a significant number of intense wind-shear events were documented. Wind-shear events occur once every 400 to 500 flights, according to HKIA-based pilot flight reports [32]. The airport is situated on Lantau Island, surrounded on three sides by open sea water and by mountains to the south that reach heights of more than 900 m above sea level. As is illustrated in Figure 3, the mountainous terrain to the south of the HKIA exacerbates wind shear by disrupting the flow of air and producing turbulence along the HKIA flight paths. Previously, HKIA had two runways: the north and south runways. However, a newly constructed runway (third runway) implies that the former north runway is now designated as the central runway. These are oriented at 070 degrees and 250 degrees. There are a total of eight possible configurations because each runway can be utilized for takeoffs and landings in either direction. For instance, runway ‘07LA’ indicates landing (‘A’ refers to arrival), with a heading angle of 070° (abbreviated to ‘07’) utilizing the left runway (hence ‘L’). This depiction demonstrates aircraft landing on the North Runway from the western side of the HKIA. Similarly, an aircraft taking off from the South Runway in the west would use runway 25LD.




2.2. Data Processing from Doppler LiDAR


The Doppler LiDAR at the HKIA detects the magnitude and reports the location of occurrence of wind-shear events. Figure 4 depicts an illustration of a radial velocity plot obtained from a Plan Position Indicator (PPI) scan of the HKIA’s south runway LIDAR at an elevation angle of 3° from the horizon. To the west and south of the location, three nautical miles (5.6 km) west-southwest of the western end of the south runway, there was a huge area of winds in the opposite direction (colored green in Figure 4) to the dominant east–southeast airflow.



The development of our time-series prediction models required a substantial amount of intense wind shear data for our research. Therefore, we first extracted the 2017 to 2020 wind shear data from LiDAR and filtered it to obtain only intense wind-shear events, i.e., wind shear with a magnitude greater than or equal to 30 knots. The filtration produced 3781 intense wind shear data points, which are presented in Table 1. Previous research [11] on the wind shear prediction utilized hourly data from pilot reports and weather reports, which resulted in lower accuracy due to the transient and sporadic nature of wind shear. In several instances at the HKIA, the Doppler LiDAR reported intense wind shear intervals as short as 1 min; consequently, we have considered these instances. As an example, from Table 1, we can observe that on 29 March 2019 intense wind-shear events of 37 knots and 39 knots were detected at 10:12 PM and 10:14 PM (at a 2 min interval) on runways 07CA and 07RA, respectively. The encounter locations are designated as either RWY, MD, or MF, as is shown in Figure 5. The rectangle in gray denotes the runway (RWY). On the right side of the runway, the rectangles indicate the distance in miles to the final approach (1-MF is equal to 1 nautical mile to the final approach). Likewise, the rectangles on the left indicate the distance from the runway’s departure end. For instance, 2-MD indicates two nautical miles from the runway’s edge at the departure end.




2.3. Machine Learning Regression Algorithms


In this study, six machine learning regression algorithms were employed for the time-series prediction of intense wind-shear events, including LightGBM, XGBoost, NGBoost, AdaBoost, CatBoost, and RF. The fundamentals of the regression algorithm are described as follows:



2.3.1. Light Gradient Boosting Machine (LightGBM) Regression


LightGBM is a gradient learning framework that is based on decision trees and the concept of boosting. It is a variant of gradient learning. Its primary distinction from the XGBoost model is that it employs histogram-based schemes to expedite the training phase while lowering memory usage and implementing a leaf-wise expansion strategy with depth constraints. The fundamental concept of the histogram-based scheme is to partition continuous, floating-point eigenvalues into ‘k’ bins and build a histogram with a width of k. It does not require the additional storage of presorted outcomes and can also save the value after the partitioning of features, which is usually adequate to store with 8-bit integers, thereby lowering memory consumption to 1/8 of the original. This imprecise partitioning has no effect on the model’s precision. It is irrelevant whether the segmentation point is accurate or not because the decision tree is a weak study model. The regularization effect of the coarser segmentation points can also successfully prevent over-fitting.



Several hyperparameters must be adjusted for the LightGBM regression model to prevent overfitting, reduce model complexity, and achieve generalized performance. These hyperparameters are n_estimators, which is the number of boosted trees to fit, num_leaves, which is the maximum number of tree leaves for the base learners, learning_rate, which controls the estimation changes, reg_alpha, which is the L1 regularization term on weights, and reg_lambda, which is the L2 regularization term on model weights.




2.3.2. Extreme Gradient Boosting (XGBoost) Regression


XGBoost is a tree-based boosting technique variant. Fundamentally, XGBoost reveals the functional relationship,  Γ , between the input factors  x  and the response  y  via an iterative procedure wherein individual, independent trees are trained in a sequential manner on the residuals from the preceding tree. The mathematical expression for the tree-based estimates is given by Equation (1).


   Y ^  = Γ  X  =  1 n    ∑  k = 1  n    Γ k     X   



(1)




where   Y ^   represents the predictions and  n  illustrates the total number of trees. The regularized objective function,   Ψ  Ω   , is minimized to learn the set of functions    Γ k   , which are employed in the model, as shown by Equations (2) and (3).


  Ψ  Ω  =   ∑ i  λ      y ^  i  ,  y i    +   ∑ k   Π    Γ k       



(2)






  Π    Γ k    = ϕ T +  1 2  l    ω   2   



(3)




where  λ  represents the differentiable convex loss function that estimates the difference between the prediction and actual response. The term  Π  is an additional regularization expression that panelizes the growth of further trees in the model to reduce intricacies and over-fitting. The term  ϕ  represents the leaf’s complexity, and  T  is the total number of leaves in a tree. Likewise, for the XGBoost regression model, hyperparameters including the n_estimators, num_leaves, learning_rate, reg_alpha, and reg_lambda must be optimized to prevent overfitting and reduce model complexity.




2.3.3. Natural Gradient Boosting (NGBoost) Regression


NGBoost is a supervised learning technique with basic probabilistic prediction capabilities. A probabilistic prediction generates a complete probability distribution over a whole outcome space, allowing users to evaluate the uncertainty in the model’s predictions. In conventional point prediction configurations, the object of concern is an estimate of the scalar function,   Φ   y | x    , in which  x  represents a vector of different factors and  y  is the response, but uncertainty estimates are not considered. In a probabilistic prediction context, on the other hand, a stochastic forecast with a probability distribution,    Θ θ    y | x    , is generated by predicting the parameters  θ . Provided that NGBoost is intended to be scalable and modular with respect to the base estimator (for instance the decision trees), probability distribution parameter (for instance, normal, Laplace, etc.), and scoring rule, NGBoost can perform probabilistic forecasts with flexible, tree-based models (for instance, the Maximum Likelihood Estimation). As is depicted in Figure 6, the input vector of the different factors  x  in the hybrid NGBoost model is forwarded to the base estimator (decision trees) to generate a probability distribution,    Θ θ    y | x    , over the a whole outcome space,  y . The models are then improved using a scoring rule,   S    Θ θ  , y    , that produces calibrated uncertainty and point predictions using a maximum likelihood estimation function. Prior to evaluation, the NGBoost regression model parameters n_estimators and the learning_rate must be optimized.




2.3.4. Categorical Boosting (CatBoost) Regression


CatBoost is an innovative, gradient-boosting decision tree technique. It is capable of handling categorical factors and employ them in the training phase rather than in preprocessing phase. CatBoost’s advantage is that it utilizes a new pattern to determine the leaf values while choosing the tree structure, which aids in reducing over-fitting and enables the utilization of the entire training data set, i.e., it organizes the data of each instance randomly and quantifies the mean value of the instances. For the regression problem, the average of the acquired data must be utilized for a priori estimations. The parameters for the CatBoost regression model that must be optimized prior to evaluation are n_estimators, max_depth, and the learning_rate.




2.3.5. Adaptive Boosting (AdaBoost) Regression


Adaptive Boosting Regression is a straightforward ensemble learning model which creates a powerful regressor by integrating several weak learners, resulting in a high-accuracy model. The core concept is to establish the weights of weak regressors and train the dataset at each iteration such that reliable projections of unusual observations may be made. The working principle of AdaBoost is provided below:




	
The weight distribution     π       is initialized as   π = 1 / m  ;



	
At iteration  t , the weak learning is trained, i.e.,   h t   :   x  → ℜ  , using the weight distribution;



	
The weight distribution is updated in accordance with previous instances of the training dataset as    π k  =    π   k − 1      exp   −  ψ k  h    x k       Ω   ;



	
The final output over all the iterations    t =  1 , 2 , … , T   is returned as   f  X  =   ∑   t =  1  T    π t   h t   X      and   H  X   = sign    f  X     .








The AdaBoost model uses a decision stump as a weak learner. The critical hyperparameters that need to be tuned during the learning process are the n_estimators and learning_rate. The n_estimators are the number of decision stump to train iteratively and the learning_rate controls the contribution of each learner. There is required to be a trade-off between both the n_estimators and learning_rate.




2.3.6. Random Forest (RF) Regression


The RF is an ensemble of tree-based predictors in which each tree is trained with values of an independently sampled random vector that has the same distribution for all other trees in the forest. The    k  t h     tree is conceptually trained using an independent random vector,    ζ k   , with the same distribution as previous random vectors,    ζ  k − 1    , resulting in a tree,   ψ   Χ ,  ζ k     , in which  X  is the input vector of different factors. When a large number of trees are grown in a forest, their mean predictions are obtained, which improves the accuracy of predictions and prevents over-fitting. Mathematically, it can be illustrated as Equation (4).


   Y ^  =  1 l    ∑  k = 1  l    ψ k   X     



(4)




where   Y ^   represent the response and  l  is the total amount of generated trees     1 ≤ k ≤ l    . The mean squared generalization error of any tree   ψ  Χ    is illustrated as    E  Χ , Y       Y − ψ  Χ     2    for the input vector of difference    X    and the response vector    Y   . As the number of trees in the forest approaches the infinity, the mean squared generalization almost certainly becomes:


   E  Χ , Y       Y −  Λ k  ψ   X ,  ζ k       2  →  E  Χ , Y       Y −  E ζ  ψ   X , ζ      2   



(5)







A few crucial hyperparameters must be tuned during the learning phase in order to achieve an optimized prediction score for the RF model. These hyperparameters are the n_estimators, which is the number of trees in the forest, and the max_depth, which is the maximum number of levels, or branches between the root node and the deepest leaf node.





2.4. Principle of Bayesian Optimization


The structure parameters of a machine learning model are its hyperparameters. Adapting a machine learning model to multiple situations requires adjusting the hyperparameters [33,34]. In this study, a Bayesian hyperparameter optimization method is implemented. The goal is to establish the mapping,   f   x , θ    , in which  y  is the response,  x  is the input vector, and the  θ  vector determines the size of the mapping. The core principle of Bayesian optimization is adjusting the hyperparameter of a given model in order to formulate a model of the loss function. It utilizes a loss function to efficiently search for and select the optimal set of hyperparameters. Employing the hyperparameter  θ  in a tree-based machine learning model as one of the points in the multidimensional search space for the optimization, the hyperparameter that minimizes the loss function value,   f  θ   , can be found in the set   A ∈  X d   , as shown by Equation (6).


   θ *  = arg   min   θ ∈ A   f  θ   



(6)







Usually, there is no prior information about the model’s structure; therefore, it is assumed that the noise in the observation is shown by Equation (7).


  y  θ  = f  θ  + ε ,   and   ε ~ N   0 ,  σ  n o i s e  2     



(7)







The Bayesian framework offers two fundamental options. First, a hypothesis function.   p   f | D     (also known as a prior function). must be chosen to represent the hypothesis of the function to be optimized. Second, the posterior model determines the acquisition function for determining the subsequent test point. Using the prior function,  p   f | D    , the Bayesian framework constructs a loss function model based on an observed data sample,  D . The prior function model,   p   f | D    , chooses between optimization and development based on its characteristics.




2.5. Performance Assessment


The generalization capacity of various machine learning regression models could be synthetically quantified using four different metrics: the mean absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), and the R-square (R2, coefficient of determination). According to Equation (8), the MAE is the average of the individual prediction errors’ absolute values across all instances. The average squared difference between observed and predicted values, as shown in Equation (9) is how the MSE computes regression model error. According to Equation (10), the RMSE is the square root of the difference between the observed and predicted values. A regression model’s ability to accurately predict values is indicated by R2, which ranges from 0 to 1. R2 is provided by Equation (11).


  MAE =   ∑  χ = 1  Φ        y χ  −   y ^  χ     χ     



(8)






  MSE =  1 χ      ∑  χ = 1  Φ      y χ  −   y ^  χ       2   



(9)






  RMSE =     ∑  χ = 1  Φ          y χ  −   y ^  χ     2   χ       



(10)






   R 2  = 1 −     ∑  x = 1  Φ        y χ  −   y ^  χ     2        ∑  χ = 1  Φ        y χ  −  y  a v g      2       



(11)




where  χ  is the total number of observations,  y  represents the actual observation value, and   y ^   represents the predicted value.





3. Results and Discussion


The LiDAR data of 2017 to 2020 from the Hong Kong Observatory and the aviation weather forecast department at HKIA were used to train and test six different machine learning regression models with the goal of determining how well these models can predict the occurrence of intense wind-shear events. Figure 7a depicts the total LiDAR-obtained intense wind-shear data from 1 January 2017 to 31 December 2020. The data from 1 January 2017 to 31 December 2019 are the training set, which is depicted by the black line in Figure 7b, while the data from 1 January 2020 to 31 December 2020 are the test set, which is depicted by the green line. The vertical red line with dashes divides the training data from the test data.



The statistical information of the intense wind shear dataset is shown in Table 2. The machine learning models, coupled with Bayesian optimization and a 5-fold cross validation, provide the predicted results based on the optimal hyperparameters. The Hyperopt python package was used for the implementation of Bayesian optimization. The optimal hyperparameters with search space are shown in Table 3. Table 4 shows the comparison of the prediction performance of the machine learning regression algorithms. The predicted intense wind shear values, based the on machine learning regression algorithms, are plotted in Figure 8, and the residual errors by the machine learning models are shown by the scatter plots (Figure 9). In addition, feature importance and contribution are illustrated by Figure 10, and the effect of important factors is shown by Figure 11.



Table 4 demonstrates that the Bayesian optimized-XGBoost model outperforms other machine learning models with a minimum MAE value of 1.764, an MSE value of 5.611, an RMSE value of 2.368, and a maximum R-square value of 0.859. The AdaBoost model, with an MAE of 1.863, MSE of 6.815, RMSE of 2.610, and an R-square value of 0.549, performs the worst. In addition, an analysis of Figure 8 reveals that XGBoost appears to provide a better fit of the actual test intense wind shear time-series and a smaller residual error, represented by red dots closer to horizontal line, when compared to other forecasting results (Figure 9).



The importance and contribution of the factors are depicted in Figure 10 and are based on the importance score that was determined by the Bayesian optimized-XGBoost model and the XGBoost-based SHAP contribution plot, respectively. In both cases, it was observed that the month of year was the most significant feature, with an importance score of 0.33, followed by the location of intense wind shear (0.19), the hour of the day (0.18), and runway orientation (0.16). Figure 10b revealed that months of the year coded by lower values are less likely to cause intense wind shear, in contrast to those with medium values. Similarly, the location of an encounter with intense wind shear, represented by higher values, is more likely to cause intense wind shear. In the following section, each important feature that plays a role in the occurrence of intense wind shear is discussed in more detail.



Figure 11a,b depict the scatter plot of two significant factors. Figure 11a illustrates that the highest number of intense wind-shear events were recorded in August. The intense wind shear in August might be due to cross-mountain airflow, which occurs over the HKIA in August and September, during the south-west monsoon, or during passages of tropical cyclones. These terrain-disrupted airflows cause a number of intense wind-shear events, which negatively impact HKIA’s flight safety and operations. This is also consistent with the previous study [11,35].



On the RWY and 1-MD from the edge of the RWY, a large number of intense wind-shear events are observed, as shown in Figure 11b. A small number of intense wind-shear events were observed as the distance increases from the RWY. To the best of our knowledge, none of the previous studies have pinpointed the location where intense wind shear is most prevalent. Nevertheless, our research indicates that RWY and 1-MD from edge of RWY are crucial to the occurrence of intense wind shear. Pilots must maintain vigilance at 1-MD during takeoff.




4. Conclusions and Recommendations


This study is a first attempt at developing a time-series prediction model of intense wind-shear events based on HKIA-based LiDAR data. Six state-of-the-art machine learning regression algorithms, optimized via the Bayesian optimization approach, were employed in this regard. The HKIA-based LiDAR data from 2017 to 2020 was used as the input. From this study, the following conclusions can be drawn:




	
On the testing dataset (intense wind-shear data of HKIA-based LiDAR from 1 January 2020 to 31 December 2020), the Bayesian optimized-XGBoost model had the best overall performance of all the optimized machine learning regression models, with an MAE (1.764), MSE (5.611), RMSE (2.368), and R-square (0.859), which was followed by Bayesian optimized-CatBoost model, which had an MAE (1.795), MSE (5.783), RMSE (2.404), and R-square (0.753);



	
The AdaBoost regression model demonstrated the lowest performance in terms of MAE (1.863), MSE (6.815), RMSE (2.610), and R-square (0.549);



	
The Bayesian optimized-XGBoost model demonstrated that the month of year was the most influential factor, followed by distance of occurrence of intense wind shear from the RWY;



	
August is more likely to have intense wind-shear events. Similarly, most of the intense wind-shear events are expected to occur at RWY and 1-MD from the runway departure end. The pilots are required to be cautious during takeoff.








For aviation authorities and researchers interested in aviation safety, the methodology put forth in this study can be used to conduct an extensive investigation of intense wind shear. The study covered in this paper was the time-series prediction of intense wind shear using six machine learning models coupled with a Bayesian optimization approach. Future research might use an amalgamation of a stacking ensemble and various other machine learning ensemble algorithms with a number of additional risk factors, such as the impact of atmospheric pressure and temperature. In addition, the causes of the occurrence of wind shear (weather- or terrain-induced) could be used in future research.
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Figure 1. Intense wind shear effect on landing aircraft. 
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Figure 2. Framework for the time-series prediction of intense wind-shear event. 
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Figure 3. HKIA and surrounding terrain. 
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Figure 4. Wind shear detection by LIDAR. 
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Figure 5. Schematic diagram for the representation of intense wind shear encounter locations. 
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Figure 6. Mechanism of NGBoost regression algorithm. 
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Figure 7. LiDAR data: (a) 2017–2020 intense wind shear data; (b) splitting data into train and test sets. 
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Figure 8. Predictions using machine learning models: (a) prediction of intense wind shear by XGBoost; (b) prediction of intense wind shear by LightGBM; (c) prediction of intense wind shear by CatBoost; (d) prediction of intense wind shear by Random Forest; (e) prediction of intense wind shear by NGBoost; and (f) prediction of intense wind shear by AdaBoost. 
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Figure 9. Residual analysis by machine learning regression models; (a) NGBoost; (b) LightGBM; (c) CatBoost; (d) Random Forest; (e) XGBoost; and (f) AdaBoost. 
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Figure 10. Importance and contribution plots: (a) XGBoost-based feature importance plot and (b) XGBoost-based SHAP contribution plot. 
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Figure 11. Effect of factors on the Intense wind shear: (a) month of year and (b) encounter location of intense wind shear. 
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Table 1. Sample of extracted data from HKIA-based LiDAR.
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	Date
	Time
	Runway
	Intense Wind Shear Magnitude
	Encounter Location





	16 May 2017
	5:17 PM
	07RA
	35 knots
	RWY



	19 June 2017
	5:19 PM
	25LA
	32 knots
	1-MD



	---
	---
	---
	---
	---



	---
	---
	---
	---
	---



	29 March 2019
	10:12 PM
	07CA
	37 knots
	RWY



	29 March 2019
	10:14 PM
	07RA
	39 knots
	RWY



	---
	---
	---
	---
	---



	---
	---
	---
	---
	---



	21 September 2020
	3:58 AM
	07RA
	30 knots
	2-MF
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Table 2. Statistical information of intense wind shear from HKIA-based LIDAR.






Table 2. Statistical information of intense wind shear from HKIA-based LIDAR.





	Dataset
	Max
	Median
	Min
	Mean
	St. Dev





	Entire dataset
	40
	33
	30
	33.881
	2.596



	Train dataset
	40
	33
	30
	33.743
	2.455



	Test dataset
	40
	34
	30
	33.921
	2.366
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Table 3. Optimal hyperparameters of machine learning regression algorithms.
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	Algorithm
	Hyperparameters
	Range
	Optimal Values





	LightGBM
	{(n_estimators), (num_leaves), (learning rate), (reg_lambda), (reg_alpha)}
	{(100–1500), (30–100), (0.001–0.2), (1.1–1.5), (1.1–1.5)}
	{1180, 28, 0.10, 1.19, 1.01}



	CatBoost
	{(n_estimators), (max_depth), (learning rate)}
	{(200–1500), (2–15), (0.001–0.2)}
	{1060, 8, 0.08}



	AdaBoost
	{(n_estimators), (learning rate)}
	{(100–1500), (0.001–0.2)}
	{790, 0.04}



	RF
	{(n_estimators), (max_depth)}
	{(50–1000), (2–15)}
	{955, 5}



	XGBoost
	{(n_estimators), (num_leaves), (learning rate), (reg_lambda), (reg_alpha)}
	{(100–1500), (30–100), (0.001–0.2), (1.1–1.5), (1.1–1.5)}
	{880, 65, 0.05, 1.18, 1.40}



	NGBoost
	{(n_estimators), (learning rate)}
	{(100–1500), (0.001–0.2)}
	{1130, 0.03}
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Table 4. Performance assessment of Bayesian optimized machine learning models.
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Models

	
Performance Metrics




	
MAE

	
MSE

	
RMSE

	
R-Square






	
LightGBM

	
1.813

	
5.840

	
2.416

	
0.711




	
NGBoost

	
1.858

	
6.298

	
2.509

	
0.619




	
Random Forest

	
1.851

	
6.194

	
2.488

	
0.647




	
CatBoost

	
1.795

	
5.783

	
2.404

	
0.753




	
XGBoost

	
1.764

	
5.611

	
2.368

	
0.859




	
AdaBoost

	
1.863

	
6.815

	
2.610

	
0.549
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