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Abstract

:

The aircraft trajectory clustering analysis in the terminal airspace is conducive to determining the representative route structure of the arrival and departure trajectory and extracting their typical patterns, which is important for air traffic management such as airspace structure optimization, trajectory planning, and trajectory prediction. However, the current clustering methods perform poorly due to the large flight traffic, high density, and complex airspace structure in the terminal airspace. In recent years, the continuous development of Deep Learning has demonstrated its powerful ability to extract internal potential features of large dataset. Therefore, this paper mainly tries a deep trajectory clustering method based on deep autoencoder (DAE). To this end, this paper proposes a trajectory clustering method based on deep autoencoder (DAE) and Gaussian mixture model (GMM) to mine the prevailing traffic flow patterns in the terminal airspace. The DAE is trained to extract feature representations from historical high-dimensional trajectory data. Subsequently, the output of DAE is input into GMM for clustering. This paper takes the terminal airspace of Guangzhou Baiyun International Airport in China as a case to verify the proposed method. Through the direct visualization and dimensionality reduction visualization of the clustering results, it is found that the traffic flow patterns identified by the clustering method in this paper are intuitive and separable.
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1. Introduction


The terminal airspace surrounding an airport has significant flight traffic, high density, and complex airspace structure. According to statistics released by Boeing, 60% of the world’s commercial aircraft accidents occurred during take-off, initial climb, approach, and landing stages, from 2007 to 2016, although these four stages only accounted for 6% of the total flight time, which posed a great threat to air transportation safety [1]. Therefore, the research and development of automated decision support tools mainly focus on the terminal area to help controllers with conflict detection and resolution, arrival and departure sequencing, aircraft abnormal behavior monitoring, and other air traffic management behaviors.



NextGen in the United States and SESAR in Europe have promoted the transformation of the current air traffic management mode to a new mode based on trajectory operation (TBO). This mode mainly uses 4D trajectory as the basic information for managing safety and capacity. Among them, the trajectory prediction process is a key component of TBO, and it relies on the precise clustering of aircraft trajectories [2]. The trajectory clustering algorithm can also be integrated into tools that support airspace design/management, complexity management, and so on. In addition, trajectory cluster analysis is an important step in trajectory planning, which is mainly to find out the prevailing traffic flow and to provide reference for terminal airspace trajectory planning. The trajectory planning can not only provide an effective path for conflict resolution, but also generate the corresponding 4D trajectory according to the optimized time generated by the arrival and departure schedule to ensure that the aircraft arrives at the designated location safely and on time, thereby reducing flight delays and improving operational efficiency. It can be seen that trajectory clustering is the foundation of many air traffic management tasks, and it is of great significance to the optimization of airspace structure, trajectory planning, abnormal trajectory detection, and trajectory prediction.



At present, many scholars have conducted a lot of research on trajectory clustering. Lee et al. [3] proposed a new trajectory clustering and grouping framework, which used a standard trajectory segmentation algorithm of minimum description length (MDL) to divide a trajectory into a set of line segments and then used a density-based line segment clustering algorithm to divide similar line segments into a cluster. Eckstein et al. [4] proposed an automatic flight trajectory classification method, which used K-Means clustering based on principal component analysis (PCA). Sabhnani et al. [5] extracted the traffic structure based on standard flows and critical points (conflict points and merging points), mainly used two methods of greedy trajectory clustering and ridge top detection to identify standard flows, and determined the intersection of two or more standard flows as the critical point. Rehm [6] only defined the similarity between the trajectories, including the pairwise similarity, the closed area between the trajectories, and the grid-based similarity, and discussed the advantages and disadvantages of using different similarity measures in the clustering process. Gariel et al. [7] proposed the longest common subsequence (LCS) clustering method based on turning point recognition, considering the trajectory characteristics of aircraft that usually fly directly and have fewer turns. Annoni et al. [8] used Fourier descriptors to describe the characteristics of the actual aircraft trajectories in the terminal area and clustered them. At the same time, they used kernel density estimation to classify the trajectory points to detect abnormal traffic conditions. Wang et al. [9] established a similarity measurement model between trajectories based on the inverse comparison of corresponding trajectory points and applied the hierarchical clustering method. Since most of the existing flow recognition algorithms rely only on spatial clustering without considering the time dimension, Enriquez et al. [10] proposed a spectral clustering framework to solve this shortcoming producing robust results. Ayhan et al. [2] proposed an aircraft trajectory clustering framework based on segmentation, clustering, and merging, which divided and clustered the trajectory points according to the three main flight stages of the climb, cruise, and descent, and then merged to obtain the clustering results of the entire trajectory. Xu et al. [11] used the normal distance of the trajectory point as the similarity measurement index and used the K-medoids clustering algorithm to cluster, which effectively solved the mismatch problem in trajectory point selection caused by the difference in aircraft speed. Mcfadyen et al. [12] proposed a statistical-based clustering method for aircraft trajectories, which used the iterative K-medoids method to cluster the trajectories based on circular distribution statistics to resample the angle data. Pan et al. [13] constructed a multi-factor Hausdorff distance as a similarity measure and proposed a density-based multi-dimensional trajectory clustering algorithm. Eerland et al. [14] clustered the trajectory data and generated a probability model for each cluster, and weighted the trajectory based on the probability model to generate a representative trajectory. Mahboubi et al. [15] adopted a method based on trajectory turning point recognition and clustering. This method works well when the heading angular velocity data are not too noisy, but the effect is poor when there is noise in the actual data.



Basora et al. [16] proposed a new Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN) air traffic flow analysis framework, managing different densities with a single input parameter. Liu et al. [17] obtained typical trajectories through the three-step framework clustering in [4] to analyze the reasons for inefficient operation. Gallego et al. [18] discussed the progress of density-based clustering techniques, such as OPTICS and HDBSCAN*, and evaluated them quantitatively and qualitatively. In addition, they proposed a hierarchical clustering algorithm based on cyclic DBSCAN* (RDBSCAN*). Based on the principle of information bottleneck (IB), the clustering method does not need to predefine the number of clusters and the distance measurement between trajectories, which is effective for trajectory data. Therefore, Guo et al. [19] proposed an interactive visual analysis prototype IBVis for trajectory data. Wang et al. [20] combined LOF algorithm, K-Means clustering algorithm based on time window segmentation, and hierarchical clustering algorithm, and proposed a time window segmentation algorithm based on trajectory point features. Barratt et al. [21] used K-Means to cluster aircraft trajectories, combined with the Gaussian mixture model to learn the trajectory probability generation model of the airport terminal area. Locality Sensitive Hashing (LSH) is a commonly used data mining technique for finding similar items in high-dimensional data, so it is suitable for grouping similar flight paths in trajectory data. Given this, Tran et al. [22] proposed an adaptive LSH algorithm suitable for duplicate document detection, which clusters the nearest trajectories by representing the trajectory as a packet of words commonly used in text mining. Given that Deep Learning has the potential of using deep clustering techniques to discover hidden and more complex relationships in low-dimensional latent spaces, Olive et al. [23] explored the application of deep trajectory clustering based on autoencoders to the problem of flow identification. Samantha et al. [24] applied the HDBSCAN algorithm on the basis of a weighted Euclidean distance function to improve the identification of terminal airspace air traffic flows. To improve the accuracy of the anomaly detection models from surveillance data, Deshmukh et al. embedded a data preprocessing step that involves clustering of the source dataset using DBSCAN [25] and HDBSAN [26] algorithm. Olive et al. [27] proposed an algorithm that computes a clustering on subsets of significant points of trajectories while keeping a dependency tree of their temporal chaining and then associates trajectories to root-to-leaf paths in the dependency tree based on the clusters they cross. Olive et al. [28] also combined a trajectory clustering method to identify air traffic flows within the considered airspace with a technique to detect anomalies in each flow. Mayara et al. [29] first performed a multi-layer clustering analysis to mine spatial and temporal trends in flight trajectory data for identification of traffic flow patterns. M. Conde Rocha Murca et al. [30] developed an air traffic flow characterization framework composed of three sequential modules. The first module uses DBSACN to learn typical patterns of operation from radar tracks [31]. Built on this knowledge, the second module uses random forests to identify non-conforming trajectories. Finally, the third module uses K-Means to extract recurrent modes of operation (operational patterns) from the outcomes of the second module. A. Bombelli et al. [32] proposed an approach that involves coarse clustering, outlier detection, fine clustering, and aggregate route construction. Coarse clustering is based on common origin, destination, and average cruise speed. Fine clustering, based on the Fréchet distance between pairs of trajectories, is applied to each coarse cluster to subdivide it, if appropriate. In summary, multiple trajectory clustering algorithms exist in the literature to cluster point-based data such as K-Means, OPTICS, DBSCAN, HDBSCAN, and hierarchical or spectral clustering. In addition, there are some studies that use clustering algorithms to cluster trajectory segments. In addition to clustering algorithms, some studies also focus on how to define an appropriate distance function between pairs of trajectory points such as Euclidean, LCSS, DTW, Hausdorff, or Fréchet. However, some clustering algorithms require the trajectories to have the same length. Aiming at the clustering problem of inconsistent trajectory sequence length, some researchers conduct equal time interval sampling on the original trajectory from the perspective of data preprocessing [21] or reduce dimension by PCA [33]. Other researchers solve this problem from the perspective of constructing different similarity measures, such as DTW [34].



Compared with high-altitude airspace, the position of aircraft in airport terminal airspace changes frequently, which leads to complex and changeable traffic flow patterns in this type of airspace. However, aircraft usually follow certain arrival and departure flight procedures in the terminal airspace, resulting in robust and fixed trajectories. Therefore, theoretically, a suitable clustering method can be used to dig out typical patterns in different scenarios as long as there are enough historical trajectory data. Some trajectory pattern identification methods are specifically applied to terminal area trajectories, which is also the focus in our paper.



This paper proposes a Gaussian mixture model (GMM) based on deep autoencoders (DAE) to cluster aircraft trajectories in airport terminal airspace. Traditional clustering algorithms present serious performance issues when applied to high-dimensional large-scale datasets. Before applying the clustering algorithm, it is necessary to apply dimensionality reduction techniques to extract features from the data. Deep learning has always been the core of solving these problems, so this paper use DAE to extract the features of the trajectory. A suitable DAE model is trained from a large amount of trajectory data to solve varying sequence length and track point time mismatch during clustering and provides features with strong characterization capabilities for subsequent trajectory clustering. The output features of the DAE network are used as the input of the GMM, and the elbow method is used to determine the number of clusters. The sum of squared error (SSE) within the cluster and silhouette coefficient is used to evaluate clustering quality. Finally, multiple aircraft trajectory patterns in the terminal area are mined.



The rest of the paper is organized as follows. In Section 2, we describe the proposed clustering method and briefly introduce related model architecture. Section 3 introduces our data sources and preprocessing procedure and then presents case study results. Section 4 offers conclusions and suggestions for future research.




2. Methodology


The general idea of this paper includes data preprocessing, trajectory feature extraction, and trajectory clustering, as shown in Figure 1. (1) Data preprocessing: Extract the trajectory data in the designated area of the airport terminal area and analyze the data quality. Then, transform the geographic coordinates into ENU coordinates and divide the trajectory into arrival and departure. (2) Trajectory feature extraction: The DAE model is used to map the trajectory data to a new set of features in another domain. The input data include time, longitude, latitude, altitude, speed, and heading. When the model is built, the parameters need to be adjusted continuously to reduce the error of input data reconstruction. The parameters mainly include the number of hidden layers and the number of hidden layer neurons. (3) Trajectory clustering: Use the GMM to cluster the new trajectory features and combine the commonly used indicators and visualization methods to evaluate the clustering effect.



2.1. Data Processing


In the airport terminal area, it is necessary to extract ADS-B data or radar data according to the specified horizontal and altitude range and use the value analysis method to analyze the null, duplicate, and abnormal values of the data preliminarily and deal with them. To simplify the calculation of space distance and present the changes of the aircraft trajectory more intuitively, it should convert the longitude and latitude data from the geographical coordinate system to the ECEF (Earth-Centered-Earth-Fixed) rectangular coordinate system, which takes earth mass center as the origin; the Z-axis points to the north pole, the X-axis intersects the Greenwich line and the equator on the sphere (longitude and latitude are both 0), and the Y-axis is determined according to the right-hand coordinate system. The coordinate conversion process is as follows:



Firstly, the flattening of ellipsoid f, eccentricity   e _ s q  , and radius of curvature  N  corresponding to space spherical coordinate system are calculated:


  f =   a − b  a   



(1)






  e _ s q = f × ( 2 − f )  



(2)






  N =  a    1 − e _ s q ×   ( sin φ )  2       



(3)




where  φ  represents the radian corresponding to latitude,  a  represents the radius of the earth’s major axis, and  b  represents the radius of the earth’s minor axis. Then, the coordinate values X, Y, Z of the corresponding ECEF coordinate system are calculated:


  X = ( h + N ) × cos φ × cos λ  



(4)






  Y = ( h + N ) × cos φ × sin λ  



(5)






  Z = [ h + ( 1 − e _ s q ) × N ] × sin φ  



(6)




where  λ  represents the radian corresponding to longitude, and  h  represents the height.



However, the coordinate value in the ECEF rectangular coordinate system is very large. In order to express the relative position of the track points, the ECEF coordinates are further transformed into the ENU (East-North-Up) rectangular coordinate system with the center of the airport as the origin. The positive Z-axis coincides with the ellipsoid’s normal, the positive Y-axis points to the north, and the positive X-axis points to the east. Taking the ECEF coordinate of the center of the terminal area   (  x 0  ,  y 0  ,  z 0  )   as the origin position,    φ 0    represents the radian corresponding to the latitude of the origin,    λ 0    represents the radian corresponding to the longitude of the origin, and    h 0    represents the height of the origin. The coordinate values xEast, yNorth, and zUp of the ENU rectangular coordinate system are calculated according to the origin coordinates:


  x E a s t = − sin  λ 0  × ( X −  x 0  ) + cos  λ 0  × ( Y −  y 0  )  



(7)






  y N o r t h = − cos  λ 0  × sin  φ 0  × ( X −  x 0  ) − sin  λ 0  × sin  φ 0  × ( Y −  y 0  ) + cos  φ 0  × ( Z −  z 0  )  



(8)






  z U p = cos  λ 0  × cos  φ 0  × ( X −  x 0  ) + cos  φ 0  × sin  λ 0  × ( Y −  y 0  ) + sin  φ 0  × ( Z −  z 0  )  



(9)







Since arrival and departure flights have completely different operating modes, they need to be considered separately. Here, the extracted trajectory data can be directly divided into arrival and departure flights according to the origin and destination contained in the ADS-B data.




2.2. DAE for Trajectory Feature Learning


The feature learning algorithm aims to find a good representation of data for classification, reconstruction, visualization, and so on. At present, the most commonly used unsupervised methods in image feature extraction are PCA and autoencoder. The encoder and decoder of PCA are linear, while the autoencoder can be linear or nonlinear. PCA is only interested in the direction of maximum variance, but it does not fit well with many practical applications. By contrast, autoencoder has been successfully used in many image processing applications [35,36,37,38]. Therefore, this paper will use DAE to extract features from the original trajectory data.



In fact, DAE in this paper means Stack Autoencoder rather than traditional deep autoencoder. Stack Autoencoder and deep autoencoder only differ in the training process, and they have the same reconstruction function. However, due to the greedy layer-by-layer training of Stack Autoencoder, its coding ability is slightly worse. Nevertheless, the large number of aircraft trajectory points results in large data dimension, and the direct use of traditional deep autoencoder is not efficient. By contrast, Stack Autoencoder has relatively simple structure, high efficiency, and robustness.



An autoencoder is an artificial neural network that can learn the effective representation of input data without supervision. It is always composed of two parts: the encoder (or recognition network), which converts the input to the internal representation, and the decoder (or generation network), which converts the internal representation to the output. The dimensionality of the output of the encoder is usually lower than that of the input data so that the autoencoder can be effectively used for data dimensionality reduction. In addition, the autoencoder can also be used as a powerful feature detector for unsupervised deep neural network pre-training. The decoder can randomly generate new data that are very similar to the training data.



The autoencoder usually has the same architecture as the multi-layer perceptron (MLP), but the number of neurons in the output layer must be equal to the number of neurons in the input layer. As shown in the network structure of Figure 2, a simple autoencoder is a three-layer neural network structure that includes a data input layer, a hidden layer, and an output reconstruction layer. When a set of training datasets   X = {  X 1  ,  X 2  , … ,  X N  }   are given, where   X ∈  R  N × n    ,    X i  ∈  R n   ,  n  represents the number of neurons in the input layer; the encoder first encodes the input data and converts them into the hidden layer’s output    h i  ( 1 )     based on Equation (10). The decoder decodes it to obtain     X ¯  i    (that is, reconstructed    X i   ), as in Equation (11):


   h i  ( 1 )   = f (  X i  ) =  σ f  (  W f   X i  +  b f  )  



(10)






    X ¯  i  = g (  h i  ( 1 )   ) =  σ g  (  W g   h i  ( 1 )   +  b g  )  



(11)




where    W f  ∈  R  n ×  n 1      is the encoder weight matrix,    n 1    is the number of neurons in the hidden layer,    b f  ∈  R   n 1      is the encoder bias vector, and    σ f    is the encoder activation function;    W g  ∈  R   n 1  × n     is the decoder weight matrix,    b g  ∈  R n    is the decoder bias vector, and    σ g    is the decoder activation function. Non-linear functions are usually used as activation functions in networks, such as sigmoid function, hyperbolic tangent function, and rectified linear unit function, and sigmoid function is used here. Since the autoencoder tries to reconstruct the input, the output is usually called reconstruction, and the loss function is the reconstruction loss. When the reconstruction is different from the input, the reconstruction loss will penalize the model. The model can choose different loss functions according to different criteria, such as    L i    norm and entropy. Here, we choose    L 2    norm. Let us take the first autoencoder in Figure 2 as an example that is trained by minimizing the reconstruction error   L (  X i  ,   X ¯  i  )   to obtain the model’s best parameters, denoted as    θ 1   , as shown in Equation (12).


  θ =   arg min    θ 1    L  (   X i  ,   X ¯  i   )  =   arg min    θ 1     1 2    ∑  i = 1  n      ‖   x i  −   x ¯  i   ‖   2     



(12)







DAE is a deep neural network composed of multiple autoencoders, and the input of the next encoder comes from the output of the previous encoder. This structure helps DAE to learn more complex features. As shown in Figure 2, given the DAE of L hidden layers, the training set is used as input, the first hidden layer is trained as the encoder and used as the input layer of the second hidden layer, and so on. The  k th hidden layer is used as the input layer of the   k + 1  th, so that multiple autoencoders can be stacked in layers [39]. Figure 2 explains the training process of the model. It trains a shallow autoencoder and then stacks all autoencoders into DAE instead of training the whole DAE. The final reconstruction error combines the loss of all hidden layers. The training process is shown in Algorithm 1:



	Algorithm 1 Feature extraction of trajectory data based on DAE



	Input:

 Standardized trajectory data.

 The number of hidden layers  L  and units    n i  , i = 1 , … L  .

Output:

 Extracted feature data.

 Optimal model parameters   θ = {  θ 1  ,  θ 2  , ⋯ ,  θ L  }  .

Algorithm—DAE pre-training:

 1. Initialize the weight matrix  W  and the bias vector  b  randomly.

 2. Train hidden layers through greedy layer-wise training.

 3. The  k th layer is regarded as the input layer of the   k + 1  th, and for the first layer, the standardized trajectory data are used as the input.

 4. In the  k th layer, the encoder’s parameters are determined by minimizing the objective function such as Equation (12), and Adam optimizer is used to train the model.

 5. Output extracted features, optimal parameter set  θ .









2.3. Trajectory Clustering with GMM


At present, the clustering algorithms widely used in air traffic pattern recognition include K-Means [4], K-medoids [12], DBSCAN [18], and their improved algorithms. Compared with them, GMM can provide the probability that the sample belongs to each Gaussian component and can be further used for trajectory probability generation and trajectory anomaly detection. Given the advantages of GMM, this paper will use GMM for clustering analysis. GMM learns the probability density function of all samples and calculates the probability assigned to each cluster. Assuming that all samples obey the Gaussian distribution, the model is composed of K Gaussian distribution weights [40]:


    p ( x )   =   ∑  k = 1  K   p ( k ) p ( x | k )        =   ∑  k = 1  K    π k  N ( x |  μ k  ,  ∑ k  )      



(13)




where    π k    is the weight of the  k th Gaussian distribution,   N ( x |  μ k  ,  ∑ k  )   is the probability density function of the  k th Gaussian distribution, the mean is    μ k    and the variance is    ∑ k   . The model needs to estimate the parameters of    π k   ,    μ k   , and    ∑ k    to estimate the probability density function, which can use the maximum likelihood method to maximize the probability value of the sample point on the estimated probability density function. However, the probability is generally very small. When the sample size is large, the result of their multiplication is very small, which is easy to cause floating-point underflow. Therefore, we usually take the log of it to turn the product into a sum and obtain the log-likelihood function:


    log ( p ( x ) )   =   ∑  i = 1  N   log ( p (  x i  ) )        =   ∑  i = 1  N   log (   ∑  k = 1  K    π k  N (  x i  |  μ k  ,  ∑ k  )   )      



(14)




where  N  is the number of samples. The variable to be sought is generally differentiated to maximize the log-likelihood function for parameter estimation. However, there is a summation in the logarithmic function in Equation (14), and the derivative will be very complicated, so the EM algorithm is used to solve the problem instead of the derivative. The basic idea of the EM algorithm is to calculate the posterior probability of the hidden variable as its current estimated value according to the initial value of the model parameters or the result of the previous iteration, and then maximize the likelihood function to obtain the new parameter value. The algorithm includes E step and M step, as shown in Algorithm 2. The specific steps are as follows:



(a) E step: Estimate the probability that each component generates the sample. The probability that sample    x i    is generated by the  k th component is:


  γ ( i , k ) =    π k  N (  x i  |  μ k  ,  ∑ k  )     ∑  j = 1  K    π j  N (  x i  |  μ j  ,  ∑ j  )      



(15)




since    μ k    and    ∑ k    in Equation (15) are the parameters to be estimated, it is necessary to assume that    μ k    and    ∑ k    are known when calculating   γ ( i , k )   for the first time, and then continue to calculate new values through iteration. The K centroid coordinates obtained by K-Means clustering are used as the initial mean of K Gaussian components of GMM, and the weight and variance are calculated.



(b) M step: Estimate the parameters of each component. Assuming that   γ ( i , k )   obtained in E step is the correct probability of sample    x i    generated by the  k th component, it can also be regarded as the contribution of the  k th component to the generation of sample    x i   , that is,   γ ( i , k )  x i    of sample    x i    is generated by the  k th components. When all samples are considered, it can actually be seen that the  k th component generating   γ ( 1 , k )  x 1  , … ,   γ ( N , k )  x N   . Since each component is a standard Gaussian distribution, the parameters in the maximum likelihood function can be obtained:


   μ k  =  1   N k      ∑  i = 1  N   γ ( i , k )  x i     



(16)






   ∑ k  =  1   N k      ∑  i = 1  N   γ ( i , k ) (  x i  −  μ k  )   (  x i  −  μ k  )  T     



(17)




where    N k  =   ∑  i = 1  N   γ ( i , k )    , and    π k    is estimated to be    N k  / N  . At this time, the log-likelihood function value of Equation (14) can be calculated.



(c) Repeat the first two steps until the log-likelihood function value converges.



	Algorithm 2 Trajectory feature clustering analysis algorithm based on GMM



	Input:

 Features extracted based on DAE.

 Number of Gaussian components K.

Output:

 Suitable GMM model parameter set   ϕ = {  π k  ,  μ k  ,  ∑ k  } , k = 1 , … , K  .

Algorithm:

 1. Initialize GMM parameters  ϕ  using K-Means result.

 2. E step: Use Equation (15) to estimate the prior probability of input data generated by each Gaussian component.

 3. M step: Use Equations (16) and (17) to update each component’s parameters.

 4. Use Equation (14) to calculate the log-likelihood function value:

If   log ( p ( X |  ϕ t  ) ) − log ( p ( X |  ϕ  t − 1   ) ) < ε  ,  ε  is the termination threshold; that is, if the likelihood function converges, the iteration is stopped, or else   ϕ =  ϕ t   , go back to step 2.

 5. Output parameter set  ϕ .










3. Experimental Results and Discussion


This paper takes the terminal airspace of Guangzhou Baiyun International Airport in China as a case to verify the proposed clustering method. The experiment uses the Python programming language, and the computer is configured with Windows 10 system, 8-core i5 CPU, and 64 GB RAM.



3.1. Data Preparation


The experiment uses six months of ADS-B trajectory data collected from September 2018 to February 2019 for data preprocessing. The data cover all flights taking off and landing from Guangzhou Baiyun International Airport and are composed of aircraft position (measured by WGS84 latitude/longitude), pressure altitude (m), speed, heading, recording time, aircraft type, and flight information.



First of all, it is found that duplicate records and records with missing values and outliers in attributes account for a very small proportion through the preliminary quality analysis of the dataset, so delete them directly. Next, the trajectory data are extracted with the airport as the center, a radius of 50 km, and a height of 4 km, and their geographic coordinates are converted into ENU coordinates. Then, they are divided into arrival and departure according to requirements. All departure (arrival) trajectory sequences use the runway’s midpoint as the starting point (endpoint) of the trajectory. Because the significant difference between the arrival trajectory and the runway midpoint is farther than departure, the length of the arrival trajectory sequence chosen is longer than that of departure. Finally, 10,554 arrival trajectories with a length of 385 and 17,438 departure trajectories with a length of 248 were obtained. The results are shown in Figure 3.



The min-max normalization is used to standardize the trajectory data and map them to [0, 1] to eliminate the influence of different dimensions, which is convenient for feature extraction by DAE.




3.2. Evaluation Index


To evaluate the clustering effect, the sum of the squared error (SSE) within the cluster, silhouette coefficient (SC), CH index, and DB index are used as evaluation indexes, and they are defined as follows [41]:


  S S E =   ∑  j = 1  K     ∑  p ∈  C j     d i s t   ( p ,  μ j  )  2       



(18)






  S C =  1 N    ∑  i = 1  N      b i  −  a i    max {  a i  ,  b i  }      



(19)






  C H =     ∑  j = 1  K   d i s t   (  μ j  , μ )  2    / ( K − 1 )   S S E / ( N − K )    



(20)






  D B =  1 K    ∑  i = 1  K   max {    D i  +  D j    d i s t (  μ i  ,  μ j  )   }    



(21)







In Equation (18),    C j    represents the  j th cluster,  p  is the sample in    C j   , and    μ j    is the mean of all samples in    C j   . SSE measures the compactness within a cluster by calculating the sum of the squares of the distances between the samples in the cluster and the center of the cluster, and the smaller the SSE, the better. In Equation (19),    a i    is the average distance between the sample    p i    and other sample points in the same cluster,    b i    is the average distance between the sample    p i    and all the sample points in the nearest cluster,      b i  −  a i   /  max {  a i  ,  b i  }     is the silhouette coefficient of the sample    p i   , and  N  is the total number of samples. SC is the average silhouette coefficient of all sample points, which is called the silhouette coefficient of clustering results: the larger the better. In Equation (20),  μ  is the mean of all samples, and     ∑  j = 1  K   d i s t   (  μ j  , μ )  2      measures the separation degree by calculating the sum of the squares of the distances between the center points of various clusters and the center points of all samples. The CH index is obtained by the ratio of separation and compactness, indicating that the larger the value, the closer the cluster itself, and the more scattered they are between clusters. In Equation (21),    D i    is the average distance between the sample in the cluster    C j    and the center of the cluster. The smaller the DB, the smaller the distance within the cluster, and the larger the distance between the clusters.




3.3. Performance Analysis


The DAE model includes two modules: encoder and decoder; so, the model parameters to be determined mainly include the number of hidden layers of the encoder and decoder and the number of neurons in each hidden layer. Too few hidden layers or neurons may lead to poor network learning ability, and it cannot effectively represent high-dimensional data; while too many will increase the training time and affect the operation efficiency, so appropriate parameters must be selected. For arrival trajectories, the range of encoding (decoding) hidden layers is {3, 4, 5, 6, 7}, and the setting range of hidden layer nodes is {1024, 512, 256, 128, 64, 32, 16}. For departure trajectories, the range of layers is {2, 3, 4, 5, 6}, and the range of hidden layer nodes is {512, 256, 128, 64, 32, 16}. The best DAE model parameters are obtained by implementing different parameter combinations, as shown in Table 1.



Features are extracted under different parameters. The clustering results are compared to observe whether the feature extraction effect will affect the later clustering effect. The root mean square error (RMSE) is used to calculate the error between the reconstruction result of the DAE decoder and the original data to measure the effect of DAE feature extraction. As shown in Figure 4 and Figure 5, GMM is used to cluster the output features of DAE models with different reconstruction errors. It is found that regardless of the arrival or departure trajectory, with the increase in reconstruction errors, the SSE will increase, the SC will decrease under different cluster numbers, and the overall clustering effect will be worse. Therefore, it is necessary to reduce the DAE model feature reconstruction error as much as possible to improve the effect of later trajectory clustering.



After using the best DAE model to extract the features of all trajectories, GMM is used to cluster the extracted features. As shown in Figure 6 and Figure 7, the elbow method is used to select the appropriate number of clusters K. Since the features extracted by DAE are clustered here, and the goal is to observe different patterns of trajectories, it is ultimately necessary to combine the category labels and the original trajectory data to calculate various index values to select the parameters with the best clustering effect. In addition, clustering is an unsupervised learning algorithm, and there is usually no strict reference standard to select parameters. Therefore, in addition to the four clustering evaluation indexes, we also determine the parameters of the clustering model combined with the actual situation. It can be seen from the figure that for arrival trajectories, when K < 30, the SSE decline amplitude is larger, and when K > 30, the SSE decline amplitude slows down and tends to be gentle; when K = 30, SC is larger than adjacent SC; the downward trend of CH and SSE is similar; when K > 30, the downward trend begins to slow down; when K = 30, DB index is also smaller than adjacent values, therefore, the cluster number of 30 is more appropriate. Similarly, the optimal number of clustering is selected as 40 for the departure trajectories.



According to the selected optimal cluster number K, the arrival and departure trajectories are clustered. As shown in Figure 8, the first three subgraphs, respectively, show the horizontal, vertical, and 3D visualization results of each cluster of the arrival trajectories. Among them, the trajectories with similar altitude changes but different heading directions are basically classified significantly, indicating that the extracted features include the features of trajectory turning points. At the same time, the trajectories with similar heading and different altitudes are also significantly separated, which shows that the clustering process considers the horizontal position and the changes in altitude. In summary, it can be considered that clustering the extracted arrival trajectory features can indeed effectively classify different patterns. To visualize the classification results of high-dimensional trajectories more intuitively, the t-SNE method is used to reduce the dimensionality of each trajectory to a 3D space for observation. As shown in the last subgraph, it can be found that the trajectory set has good separability and is not disorderly, proving that clustering results are meaningful.



The first three subgraphs in Figure 9 show the horizontal, vertical, and 3D visualization results of each cluster of the departure trajectories. Similar to the arrival trajectories, trajectories with similar altitude changes but different departure directions and trajectories with similar departure directions and different altitudes are successfully separated. The last subgraph is the visualization result of reducing the dimensionality of each trajectory to a 3D space using the t-SNE. It can also be found that the departure trajectory set has good separability. Therefore, the departure trajectories are similar to the arrival trajectories and have an excellent clustering effect.



The experiment mainly observes whether the feature extracted from the DAE model has a good effect in terms of performance and speed. If the clustering results are better and the running speed is faster, the clustering framework proposed in this paper is meaningful.



Firstly, in terms of performance, it visually displays the clustering results. As shown in Figure 10, the visualization results of clustering the extracted arrival trajectory features are shown. For clear display, each category is displayed separately. Due to a large number of clusters, only some of the clusters are displayed randomly. It can be seen from the figure that the trajectories in each category basically follow the same approach procedure and have the same heading and turning angle. Except for a few trajectories, most trajectories have no apparent deviation. Although categories 6, 10, 13, 17, and 24 have almost the same arrival heading and trajectory trend, they are divided into different categories due to the difference in descent levels. Therefore, the effect of clustering of the extracted features is better. It also shows that the extracted features can indeed reflect the location, height, and heading of the trajectory.



Figure 11 shows the visualization results for each cluster of departure trajectories. It can be seen from the figure that the trajectories in each category basically have the same departure pattern, among which categories 5, 10, 26, and 32, and categories 12 and 30 have almost the same departure heading and trajectory trend. Still, they are divided into different categories due to the differences in climbing levels. Although the trajectories of each cluster are relatively concentrated, a few trajectories have some deviations, which may be shown in Figure 3 that the departure trajectories are usually more dispersed than the arrival trajectories, and the arrival trajectories will not have large deviations because the airport terminal arrival routes are generally fixed. In general, the clustering visualization results using the features extracted from the DAE model are better, showing that this paper’s clustering framework is feasible in performance.



Since dimensionality reduction of high-dimensional data can significantly reduce the amount of data and storage space and effectively compress the original data, it will definitely improve clustering efficiency [42]. Table 2 and Table 3, respectively, list the time consumption of different sample sizes in clustering the original data and the extracted features. It can be found that with the gradual increase in the sample size, clustering the reduced-dimensional data can quickly shorten the clustering time and speed up the clustering. Once the amount of data reaches 10 million or even larger, the clustering method proposed here can play a huge advantage. Simultaneously, the speed improvement of departure trajectories is not as fast as that of arrival because its operation patterns are more complex than that of arrival.





4. Conclusions


This paper proposes an aircraft trajectory clustering method, including data processing, feature extraction, and clustering. First, the trajectory data within the designated terminal area are extracted from the massive and complex raw data and processed into a form suitable for dimensionality reduction. Then, the DAE model is used to reduce their dimensionality and extract features that can better reflect the trajectory information. Finally, the GMM is used to cluster the new features extracted. To prove the feasibility of the proposed clustering method, the four indicators of SSE, SC, CH, and DB were used to evaluate the clustering results, and the visualization of various trajectories confirmed the rationality of the clustering results, which showed the effectiveness of the method proposed in this paper. At the same time, this method can quickly shorten the clustering time and improve the clustering efficiency, which has certain advantages.



The method proposed in this paper is based on a data-driven suitable-for-terminal-area trajectory and can be applied to trajectory pattern mining in the cruise phase. In future research, we can extract the typical central trajectory according to the output of the clustering analysis, and compare it with the actual operation of the arrival and departure flight procedures and airspace division, thereby optimizing the airspace structure. Besides, we will consider extending this method to assist in trajectory prediction [43,44], hoping to extract various operating patterns of trajectories through cluster analysis and establish prediction models, thereby improving trajectory prediction accuracy. Similarly, we can also perform abnormal trajectory detection for each cluster to improve detection accuracy. Ultimately, we hope that the clustering method can guide the real-time decision support system.







Author Contributions


Conceptualization, W.Z., Z.X. and Z.C.; Methodology, W.Z. and Z.X.; Investigation, Z.X., Z.C. and X.C.; Data curation, W.Z., Z.X. and X.L.; Supervision, W.Z.; Validation, W.Z. and Z.X.; Writing—original draft preparation, W.Z.; Writing—review and editing, Z.X., X.C. and X.L. All authors have read and agreed to the published version of the manuscript.




Funding


This paper is supported by the National Natural Science Foundation of China (No. 62076126) and the Fundamental Research Funds for the Central Universities (No. NS2018044). Graduate Open Funds of NUAA (No.Kfjj20200718).




Institutional Review Board Statement


Not applicable.




Informed Consent Statement


Not applicable.




Data Availability Statement


Not applicable.




Acknowledgments


We would like to thank the National Air Traffic Control Flight Flow Management Technology Key Laboratory of Nanjing University of Aeronautics and Astronautics for providing the ADS-B data used in the model tests described in this paper.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Boeing. Statistical Summary of Commercial Jet Airplane Accidents; Boeing: Chicago, IL, USA, 2017. [Google Scholar]

	



Ayhan, S.; Samet, H. Diclerge: Divide-cluster-merge framework for clustering aircraft trajectories. In Proceedings of the 8th ACM SIGSPATIAL International Workshop on Computational Transportation Science, Seattle, WA, USA, 3–6 November 2015; pp. 7–14. [Google Scholar]

	



Lee, J.-G.; Han, J.; Whang, K.-Y. Trajectory clustering: A partition-and-group framework. In Proceedings of the ACM SIGMOD International Conference on Management of Data, Beijing, China, 12–14 June 2007; pp. 593–604. [Google Scholar]

	



Eckstein, A. Automated flight track taxonomy for measuring benefits from performance based navigation. In Proceedings of the Integrated Communications, Navigation and Surveillance Conference, Crystal City, VA, USA, 13–14 May 2009; pp. 1–12. [Google Scholar]

	



Sabhnani, G.; Yousefi, A.; Kostitsyna, I.; Mitchell, J.; Polishchuk, V.; Kierstead, D. Algorithmic traffic abstraction and its application to NextGen generic airspace. In Proceedings of the 10th AIAA Aviation Technology, Integration, and Operations (ATIO) Conference, Fort Worth, TX, USA, 13–15 September 2010; p. 9335. [Google Scholar]

	



Rehm, F. Clustering of flight tracks. In Proceedings of the AIAA Infotech@ Aerospace Conference, Atlanta, GA, USA, 20–22 April 2010; p. 3412. [Google Scholar]

	



Gariel, M.; Srivastava, A.N.; Feron, E. Trajectory clustering and an application to airspace monitoring. IEEE Trans. Intell. Transp. Syst. 2011, 12, 1511–1524. [Google Scholar] [CrossRef]

	



Annoni, R.; Forster, C.H. Analysis of aircraft trajectories using fourier descriptors and kernel density estimation. In Proceedings of the 15th International IEEE Conference on Intelligent Transportation Systems, Anchorage, AK, USA, 16–19 September 2012; pp. 1441–1446. [Google Scholar]

	



Chao, W.; Xiaohao, X.; Fei, W. ATC serviceability analysis of terminal arrival procedures using trajectory clustering. J. Nanjing Univ. Aeronaut. Astronaut. 2013, 45, 130–139. [Google Scholar]

	



Enriquez, M. Identifying temporally persistent flows in the terminal airspace via spectral clustering. In Proceedings of the Tenth USA/Europe Air Traffic Management Research and Development Seminar (ATM2013)/Federal Aviation Administration (FAA) and EUROCONTROL, Chicago, IL, USA, 10–13 June 2013; pp. 10–13. [Google Scholar]

	



Tao, X.; Yongxiang, L.; Zongping, L. Research on flight tracks clustering based on the vertical distance of track points. Syst. Eng. Electron. 2010, 37, 2198–2204. [Google Scholar]

	



Mcfadyen, A.; Martin, T.L.; O’Flynn, M.; Campbell, D. Aircraft trajectory clustering techniques using circular statistics. In Proceedings of the IEEE Aerospace Conference, Big Sky Resort, MT, USA, 14–16 September 2016. [Google Scholar]

	



Pan, X.L.; He, Y.; Wang, H.P.; Xiong, W.; Peng, X. Mining regular behaviors based on multidimensional trajectories. Expert Syst. Appl. 2016, 66, 106–113. [Google Scholar] [CrossRef]

	



Eerland, W.J.; Box, S. Trajectory clustering, modeling and selection with the focus on airspace protection. In Proceedings of the AIAA Infotech@ Aerospace Conference, San Diego, CA, USA, 4–8 January 2016; p. 1411. [Google Scholar]

	



Mahboubi, Z.; Kochenderfer, M.J. Learning traffic patterns at small airports from flight tracks. IEEE Trans. Intell. Transp. Syst. 2016, 18, 917–926. [Google Scholar] [CrossRef]

	



Basora, L.; Morio, J.; Mailhot, C. A trajectory clustering framework to analyse air traffic flows. In Proceedings of the 7th SESAR Innovation Days, Belgrade, Serbia, 28–30 November 2017; pp. 1–8. [Google Scholar]

	



Liu, Y.; Hansen, M.; Lovell, D.J.; Chuang, C.; Ball, M.O.; Gulding, J. Causal analysis of en route flight inefficiency-the US experience. In Proceedings of the Twelfth USA/Europe Air Traffic Management Research and Development Seminar, Seattle, WA, USA, 27–30 June 2017. [Google Scholar]

	



Gallego, C.E.V.; Comendador, V.F.G.; Nieto, F.J.S.; Martinez, M.G. Discussion on density-based clustering methods applied for automated identification of airspace flows. In Proceedings of the IEEE/AIAA 37th Digital Avionics Systems Conference (DASC), London, UK, 23–27 September 2018; pp. 1–10. [Google Scholar]

	



Guo, Y.J.; Xu, Q.; Sbert, M. IBVis: Interactive visual analytics for information bottleneck based trajectory clustering. Entropy 2018, 20, 159. [Google Scholar] [CrossRef]

	



Lili, W.; Bo, P. Track clustering based on LOFC time window segmentation algorithm. J. Nanjing Univ. Aeronaut. Astronaut. 2018, 50, 661–665. [Google Scholar]

	



Barratt, S.T.; Kochenderfer, M.J.; Boyd, S.P. Learning probabilistic trajectory models of aircraft in terminal airspace from position data. IEEE Trans. Intell. Transp. Syst. 2018, 20, 3536–3545. [Google Scholar] [CrossRef]

	



Tran, T.; Pham, D.-T.; Duong, Q.; Mai, A. An adaptive hash-based text deduplication for ADS-B data-dependent trajectory clustering problem. In Proceedings of the IEEE-RIVF International Conference on Computing and Communication Technologies (RIVF), Ho Chi Minh, Vietnam, 20–22 March 2019; pp. 1–6. [Google Scholar]

	



Olive, X.; Basora, L.; Viry, B.; Alligier, R. Deep trajectory clustering with autoencoders. In Proceedings of the International Conference on Research in Air Transportation, Tampa, FL, USA, 23–26 June 2020. [Google Scholar]

	



Corrado, S.J.; Puranik, T.G.; Pinon, O.J.; Mavris, D.N. Trajectory clustering within the terminal airspace utilizing a weighted distance function. Multidiscip. Digit. Publ. Inst. Proc. 2020, 59, 7. [Google Scholar]

	



Deshmukh, R.; Hwang, I. Incremental-learning-based unsupervised anomaly detection algorithm for terminal airspace operations. J. Aerosp. Inf. Syst. 2019, 16, 362–384. [Google Scholar] [CrossRef]

	



Corrado, S.J.; Puranik, T.G.; Fischer, O.P.; Mavris, D.N. A clustering-based quantitative analysis of the interdependent relationship between spatial and energy anomalies in ADS-B trajectory data. Transp. Res. C Emerg. Technol. 2021, 131, 103331. [Google Scholar] [CrossRef]

	



Olive, X.; Morio, J. Trajectory clustering of air traffic flows around airports. Aerosp. Sci. Technol. 2019, 84, 776–781. [Google Scholar] [CrossRef]

	



Olive, X.; Basora, L. Identifying anomalies in past en-route trajectories with clustering and anomaly detection methods. In Proceedings of the ATM Seminar, Vienna, Austria, 17–21 June 2019. [Google Scholar]

	



Murça, M.C.R.; Hansman, R.J. Identification, characterization, and prediction of traffic flow patterns in multi-airport systems. IEEE Trans. Intell. Transp. Syst. 2018, 20, 1683–1696. [Google Scholar] [CrossRef]

	



Conde Rocha Murca, M.; DeLaura, R.; Hansman, R.J.; Jordan, R.; Reynolds, T.; Balakrishnan, H. Trajectory clustering and classification for characterization of air traffic flows. In Proceedings of the 16th AIAA Aviation Technology, Integration, and Operations Conference, Washington, DC, USA, 13–17 June 2016; p. 3760. [Google Scholar]

	



Murça, M.C.R.; Guterres, M.X.; de Oliveira, M.; Szenczuk, J.B.T.; Souza, W.S.S.a. Characterizing the Brazilian airspace structure and air traffic performance via trajectory data analytics. J. Air Transp. Manag. 2020, 85, 101798. [Google Scholar] [CrossRef]

	



Bombelli, A.; Torné, A.S.; Trumbauer, E.; Mease, K.D. Improved clustering for route-based eulerian air traffic modeling. J. Guid. Control Dyn. 2019, 42, 1064–1077. [Google Scholar] [CrossRef]

	



Wang, Z.; Liang, M.; Delahaye, D. A hybrid machine learning model for short-term estimated time of arrival prediction in terminal manoeuvring area. Transp. Res. C Emerg. Technol. 2018, 95, 280–294. [Google Scholar] [CrossRef]

	



Hong, S.; Lee, K. Trajectory prediction for vectored area navigation arrivals. J. Aerosp. Inf. Syst. 2015, 12, 490–502. [Google Scholar] [CrossRef]

	



Shin, H.-C.; Orton, M.R.; Collins, D.; Doran, S.J.; Leach, M. Stacked autoencoders for unsupervised feature learning and multiple organ detection in a pilot study using 4D patient data. IEEE Trans. Pattern Anal. Mach. Intell. 2013, 35, 1930–1943. [Google Scholar] [CrossRef]

	



Zabalza, J.; Ren, J.; Zheng, J.; Zhao, H.; Qing, C.; Yang, Z.; Du, P.; Marshall, S. Novel segmented stacked autoencoder for effective dimensionality reduction and feature extraction in hyperspectral imaging. Neurocomputing 2016, 185, 1–10. [Google Scholar] [CrossRef]

	



Yadav, S.; Subramanian, S. Detection of application layer DDoS attack by feature learning using stacked AutoEncoder. In Proceedings of the International Conference on Computational Techniques in Information and Communication Technologies (ICCTICT), New Delhi, India, 11–13 March 2016; pp. 361–366. [Google Scholar]

	



Almotiri, J.; Elleithy, K.; Elleithy, A. Comparison of autoencoder and principal component analysis followed by neural network for e-learning using handwritten recognition. In Proceedings of the IEEE Long Island Systems, Applications and Technology Conference (LISAT), Farmingdale, NY, USA, 5 May 2017; pp. 1–5. [Google Scholar]

	



Bengio, Y.; Lamblin, P.; Popovici, D.; Larochelle, H. Greedy layer-wise training of deep networks. In Proceedings of the Advances in Neural Information Processing Systems Conference, Vancouver, BC, Canda, 3–6 December 2007; pp. 153–160. [Google Scholar]

	



Bouman, C.A.; Shapiro, M.; Cook, G.; Atkins, C.B.; Cheng, H. Cluster: An Unsupervised Algorithm for Modeling Gaussian Mixtures; Purdue University: West Lafayette, IN, USA, 1997. [Google Scholar]

	



Duong, Q.; Tran, T.; Pham, D.-T.; Mai, A. A simplified framework for air route clustering based on ADS-B data. In Proceedings of the IEEE-RIVF International Conference on Computing and Communication Technologies (RIVF), Danang, Vietnam, 20–22 March 2019; pp. 1–6. [Google Scholar]

	



Bouguettaya, A.; Yu, Q.; Liu, X.; Zhou, X.; Song, A. Efficient agglomerative hierarchical clustering. Expert Syst. Appl. 2015, 42, 2785–2797. [Google Scholar] [CrossRef]

	



Zeng, W.; Quan, Z.; Zhao, Z.; Xie, C.; Lu, X. A deep learning approach for aircraft trajectory prediction in terminal airspace. IEEE Access 2020, 8, 151250–151266. [Google Scholar] [CrossRef]

	



Xu, Z.; Zeng, W.; Chu, X.; Cao, P. Multi-aircraft trajectory collaborative prediction based on social long short-term memory network. Aerospace 2021, 8, 115. [Google Scholar] [CrossRef]








[image: Aerospace 08 00266 g001 550] 





Figure 1. The flow of our proposed framework. 
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Figure 2. DAE structure with L hidden layers. 
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Figure 3. Some arrival and departure trajectories in Guangzhou Baiyun International Airport terminal airspace. 
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Figure 4. Clustering effect of arrival trajectories under different reconstruction errors. 
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Figure 5. Clustering effect of departure trajectories under different reconstruction errors. 
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Figure 6. Selection of K for arrival aircraft. 
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Figure 7. Selection of K for departure aircraft. 
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Figure 8. Visualization of clustering results of arrival trajectories. 
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Figure 9. Visualization of clustering results of departure trajectories. 
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Figure 10. Visualize the clustering results of each class of arrival trajectories. 
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Figure 11. Visualize the clustering results of each class of departure trajectories. 
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Table 1. Parameter settings for the model.
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Trajectory Type

	
Number of Hidden Layers

	
Number of Nodes






	
Departure trajectory

	
1

	
512




	
2

	
256




	
3

	
128




	
4

	
64




	
5

	
39




	
Arrival trajectory

	
1

	
1024




	
2

	
512




	
3

	
256




	
4

	
128




	
5

	
64




	
6

	
28
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Table 2. Comparison of the clustering time of arrival trajectories in the two cases.
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	Sample Size
	DAE + GMM(S)
	GMM(S)





	100
	0.12
	0.16



	500
	0.14
	0.45



	1000
	0.20
	0.70



	5000
	0.58
	6.03



	10,000
	1.09
	13.03
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Table 3. Comparison of the clustering time of departure trajectories in the two cases.
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	Sample Size
	DAE + GMM(S)
	GMM (S)





	100
	0.16
	0.16



	500
	0.22
	0.30



	1000
	0.28
	0.53



	5000
	0.94
	4.62



	10,000
	1.67
	9.72
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