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Abstract

:

To solve the problem of false tracks generated by breakdowns and clutter in point-target tracking in polar coordinates, a fusion tracking algorithm based on a converted measurement Kalman filter and random matrix expansion is proposed. The converted measurement Kalman filter (CMKF) transforms the polar coordinate data of the target at the current time into Cartesian coordinates without bias. Based on linear measurements and states, the position of the extended target and the group target was predicted and updated by using a random matrix, and its track was drawn by combining the nearest neighbors to realize the tracking of the size, shape and azimuth of the extended target. Compared with point-target tracking, the accuracy of extended multi-target tracking was increased by 45.8% based on data measured using NAVICO navigation radar aboard ships at sea. The experimental results showed that the improved method in this paper could effectively reduce the interference of clutter on target tracking and provide more information about the target motion features.
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1. Introduction


One of the primary methods for ensuring the security of ship navigation and the management of maritime traffic is target tracking by navigation radar. As a measuring tool, radar measurement data contain some mistakes, which, when combined with the noise produced by various external factors and sea surface weather, lead to missed and false tracks in multi-target tracking, lowering the statistical accuracy of the ship’s flow. For improved safety of ship navigation and the management of sea area traffic, reliable target tracking is therefore crucial.



Modern marine navigation radar is widely used in the military and the transportation sector. Traditional tracking theories assume the target is a point source when estimating the state of the target (i.e., position, velocity and acceleration), resulting in the size, shape and azimuth of the target being ignored. However, with the continuous improvement in the resolution of sensors, this assumption is no longer valid. In marine surveillance, different scattering centers of the observed objects may lead to multiple measurements. If the point target is still used for tracking, the tracking accuracy will be reduced and the navigation system may be broken down. In addition, modern applications need more detailed physical information about target objects to detect, track, classify and identify them, etc. In this case, the detection object is generally regarded as an extended target with a size, shape and azimuth [1,2,3,4]. Multi-target tracking also faces similar challenges. The direction of multi-target tracking is conducive to practical applications, such as identifying the classification and movement direction of ships at sea. Therefore, more attention should be paid to the kinematic information of group targets in the extension of multi-target tracking.



At present, many traditional algorithms are applied in multi-target tracking, such as Group Probabilistic Data Association (GPDA), the Multi-hypothesis Tracking Algorithm (MHT), particle filtering, etc. In order to improve the accuracy of multi-target tracking, changes would have to be made to these algorithms, which is difficult. A rough Bayesian solution to the extended target tracking problem is offered in Koch’s [4] extended target and group target tracking (ETT and GTT) model, which is predicated on the assumption of elliptical targets. The expanded spherical object is represented by random matrices, the goal motion state by a Gaussian distribution, and the ellipsoidal expansion by an inverse Wishart distribution. One benefit is that the extended object or target group is viewed as a tracking object since it can estimate the target’s state of motion and physical expansion. In order to address several of the shortcomings in [5], such as sensor failures not being taken into account in the initial framework, a new random matrix approach is inferred in [3]. In reality, as explained in [3], which provides an approach to integrate the random matrix and the interactive multiple model estimator, if the sensor noise is greater than the goal size, the lack of modeling may result in an overestimation of the target size [4]. While target locations and dynamics are often represented in Cartesian coordinates, new measurements and time updates in [3] are supplied in Polar coordinates. Target tracking performance may be impacted if the impact the translation from polar to Cartesian coordinates has on the data is not correctly taken into account. For tracking extended target objects represented using the elliptical random hypersurface model, [6] uses a Random Hypersurface Model (RHM), providing new results and insights for expanding the target object. Ellipse RHM uses a one-dimensional random scale factor to specify the square Mahalanobis distance between the measurement source and the target object’s center. For situations with substantial measurement noise, an ellipse-shaped Bayesian inference method is also appropriate. In [7], a random matrix approach for extended object and group target tracking (EOT/GTT) based on nonlinear measurements is provided. Under some circumstances, linearized measurements can be easily transformed and incorporated into the current random matrix techniques. In [8], a more precise tracking method is used with unbiased uniform transformation measurements, which solves the problem of sensor’s inaccuracy related to the actual geometry and accuracy. Compared with the three Kalman filters, the calculation time of EKF is significantly lower than that of UF and PF. When the degree of nonlinearity of the research environment increases, the filtering effect of EKF will significantly decline or even diverge [9]. The Interacting Multiple Model Algorithm (IMM) has been applied to many tracking systems, but the performance of the algorithm depends too much on the model set it uses, which may increase the system’s computational cost [10]. Reference [11] presents a joint estimation method for the target state and an unknown input under the criterion of maximum correlation entropy to solve the problem of linearizing the tracking of moving targets in Cartesian coordinates with unbiased transformation measurements. The video resolution is improved through the video resolution enhancement module, then the local intensity and gradient (LIG) algorithm is also improved and applied to the frame-by-frame detection of small targets. Finally, Simple Online and Realtime Tracking (SORT) is used to realize the multi-target tracking association in videos [12]. The converted measurement noise satisfies a Gaussian distribution. Navigation radar returns two-dimensional measurements of data, where the target position is represented in polar coordinates at angles and distances. The inaccuracy of these measurements has a small impact on tracking performance, because the Cartesian coordinate system is the best way to model the target in target tracking. Therefore, polar data are processed using the following methods. One method is to use Kalman filter to filter the measurements in a Cartesian coordinate system; the other is to use a non-linear extended Kalman filter (EKF), which combines the original measurements into a target state estimation in a non-linear way, resulting in a mixed coordinate filter. In the first method, the transformed measurement covariance is recalculated in each recursion of the filter. In the second filter (EKF), the initial state covariance depends on the measurement accuracy of the initial transformation, the gain depends on the accuracy of subsequent linearization, and the overall filtering effect largely depends on the accuracy of both the above transformations.



This paper presents a fusion tracking algorithm to solve the problems of inaccurate conversion and poor clutter suppression. The Extended Target Kalman Filter algorithm after transforming measurements (CMKF-RMETT) was used to measure conversion preprocessing and random matrix expansion to track various ship targets at sea. Using the feedback of measurement information in a polar coordinate system, the CMKF algorithm introduced the error parameters of the radar in angle and measurement range. Based on the linear measurement of the unbiased conversion of radar, the algorithm used a random matrix to extend the tracking of the target. This method solves the problem of point target breakdown and spurious track formation during tracking and outputs the movement characteristic information of the target.




2. Materials and Methods


2.1. Target Data Collection


The experimental data were provided by the pulse navigation radar manufactured by NAVICO. The actual measurement and collection environment is shown in Figure 1. The experimental site is an area of the sea in Yantai. The radar is installed at the coastal position. The PPI imaging real-time video information provided by the radar system is used for auxiliary analysis. NAVICO’s pulse navigation radar collects data by using the system’s own SOPKE for sampling and reading. The radar sets the true north direction to rotate at an angle of 0 degrees (one rotation of the antenna is divided into 4096 deflection angles) for data sampling. The range resolution will automatically set appropriate parameters (distancecell) according to the distance of different targets from the radar. The longest distance of radar sampling is a 1024 times range resolution (   R  max     = distancecell × 1024). That is, in different scenes, the radar will use different parameters for the data sampling of the targets. Figure 2 and Figure 3 show the target feedback position information of a moving fishing boat in different scenarios. The radar will use different parameters to sample the data of the target. The figures depict the moving fishing boat detected by the radar in red and green ellipses. Partial system parameters and performance indices of the radar are shown in Table 1 below.




2.2. Point-Target Tracking Algorithm


The tracking algorithm adopted at the beginning of the study set the fishing boat as a point target for track, ignoring the size of the target. When the algorithm preprocesses the DBSCAN clustering [13], the angle and distance of coordinates were normalized to obtain the Euclidean distance to reduce the error. The center point of each cluster was selected as the target position, and the track is started by the logic method. Since the radar measurement has no return velocity value, the average velocity of the first three frames was obtained according to the different methods used to meet the conditions for creating the equation of motion. In the case the motion is highly nonlinear, the extended Kalman filter (EKF) was used and probabilistic data association (PDA) was used to judge the track.




2.3. Extended Target Tracking Algorithm


Most tracking applications consider the target as a point source for measurement. By estimating the motion state of the target, ignoring details including size, shape and orientation, the problem can be simplified due to the practical limitations and theoretical considerations. However, with the increase in the resolutions of modern sensors, the effectiveness of treating objects as point masses decreases. In this case, considering the object as an extended target with a size, shape and orientation can improve the accuracy of its tracking. In the context of the present high-precision sensors, researches have studied target extensions, providing a well-established and widely used ETT framework under the assumption of an ellipsoidal target shape, where an approximate Bayesian solution to the extended target tracking problem is proposed [14,15,16,17,18]. Ellipsoidal object extension is modeled using a random matrix and is considered as an additional state variable to be estimated. The target’s kinematic states are modeled using a Gaussian distribution, while the ellipsoidal target’s extension is modeled using an inverse Wishart distribution. The algorithm incorporating the above transformations presupposes an unbiased conversion of the radar measurements to a Cartesian coordinate system before the extended model, so that the measurements show a linear relationship with the target state for a more accurate update of the true position of the target by the subsequent random matrix [19,20,21,22,23,24].



The target information returned by the surface navigation radar is highly nonlinear, and it is difficult to reach the exact position of the target by simple conversion of the polar coordinates. In [25,26,27,28], the true error declination of the radar distance and angle is introduced in the converted coordinate system, and a measurement conversion Kalman filtering algorithm is proposed. This Kalman filtering algorithm is different from the EKF, which is consistent only at small errors. Furthermore, since the CMKF has the correct covariance, it processes the measurements with optimal gain, producing smaller errors than the EKF, even with moderately accurate sensors. The EKF performs poorly over long distances when the root-mean-square orientation error is 1.50 or greater, while the CMKF remains consistent, even with a 10° root-mean-square position error.



To solve the two problems of inaccurate conversion and the poor effect of clutter suppression, this paper combines measurement conversion and extended target tracking to achieve more accurate tracking results in polar coordinates. According to the problems in point-target tracking, this paper proposes a fusion tracking algorithm (CMKF-RMETT) based on CMKF and random matrix expansion to track various ship targets at sea. In the feedback of the measurements in polar coordinates, the accuracy of EKF was lower than that of CMKF. After the linear measurement was obtained based on unbiased radar transformation, the target was expanded and tracked by using random matrices. This method solves the problem of navigational breakdown and false tracking resulting from clutter when tracking the point target and outputs the motion characteristics of the target. The effectiveness of this method was proven by the measured experimental data.





3. Algorithm Design


3.1. Converted Measurement


For the data collected by the radar system, the measurement of the target’s position is usually provided in polar coordinates. However, the target’s motion is usually modeled in Cartesian coordinates. Therefore, only after the measured values are converted from polar coordinates to Cartesian coordinates can the target be tracked by the random matrices based on the linear measurements and states. Because of the importance of the influence of this conversion on the tracking results, the EKF used by the previous point target is abandoned under highly nonlinear conditions, and the CMKF is introduced to conduct the preprocessing of unbiased conversion on the data. The target information measured by the navigation radar is determined by the distance r and the azimuth angle θ from the target to the radar:


    r m  = r +  r ˜  ;        θ m  = θ +  θ ˜    



(1)




where   r ˜   and   θ ˜   are the corresponding measurement errors, and their covariances are    σ r 2    and    σ θ 2   , respectively. Convert the measurements of polar coordinates into Cartesian coordinates as follows:


    x m  =  r m  cos  θ m    ;    y m  =  r m  sin  θ m    



(2)







The above conversion method is used to directly determine the measured values of azimuth and distance while ignoring the error of the coordinate. The error of the real measured values can be expanded in the following equation with coordinates:


     x m  = x +  x ˜  =  (  r +  r ˜   )  cos  (  θ +  θ ˜   )       y m  = y +  y ˜  =  (  r +  r ˜   )  sin  (  θ +  θ ˜   )     



(3)







Transform Equation (3) with trigonometric identity, with ( x , y ), to obtain:


     x ˜  = r cos θ  (  cos  θ ˜  − 1  )  −  r ˜  sin θ sin  θ ˜  − r sin θ sin  θ ˜  +  r ˜  cos θ cos  θ ˜       y ˜  = r sin θ  (  cos  θ ˜  − 1  )  +  r ˜  cos θ sin  θ ˜  + r cos θ sin  θ ˜  +  r ˜  sin θ cos  θ ˜     



(4)







Each corresponding coordinate depends on the true distance and azimuth and its error in the distance and azimuth.



Assuming that the average Gaussian error in the measurement of polar coordinates is zero, in this case, the mean and covariance can be obtained as follows:


    E  [  cos  θ ˜   ]  =  e  −  σ θ 2  / 2       E  [  sin  θ ˜   ]  = 0     E  [    cos  2   θ ˜   ]  = 1 / 2  (  1 +  e  − 2  σ θ 2     )      E  [    sin  2   θ ˜   ]  = 1 / 2  (  1 −  e  − 2  σ θ 2     )      E  [  sin  θ ˜  cos  θ ˜   ]  = 0    



(5)







Meanwhile, the average error of Equation (4) is:


   μ t  ( r , θ ) =  [      E  [   x ˜  | r , θ  ]        E  [   y ˜  | r , θ  ]       ]  =  [      r cos θ  (   e  −  σ θ 2  / 2   − 1  )        r sin θ  (   e  −  σ θ 2  / 2   − 1  )       ]   



(6)







After algebraic derivation, the converted covariance element is obtained from the following equation:


     R t  11   = var  (   x ˜  | r , θ  )  =    r 2   e  −  σ θ 2     [    cos  2  θ  (  cosh  (   σ θ 2   )  − 1  )  +   sin  2  θ  (  sinh  (   σ θ 2   )   )   ]       +  σ r 2   e  −  σ θ 2     [    cos  2  θ cosh  (   σ θ 2   )  +   sin  2  θ  (  sinh  (   σ θ 2   )   )   ]       R t  22   = var  (   y ˜  | r , θ  )  =    r 2   e  −  σ θ 2     [    sin  2  θ  (  cosh  (   σ θ 2   )  − 1  )  +   cos  2  θ  (  sinh  (   σ θ 2   )   )   ]       +  σ r 2   e  −  σ θ 2     [    sin  2  θ cosh  (   σ θ 2   )  +   cos  2  θ  (  sinh  (   σ θ 2   )   )   ]       R t  12   = cov  (   x ˜  ,  y ˜  | r , θ  )    = sin θ cos θ  e  −  σ θ 2     [   σ r 2  +  r 2   (  1 −  e  −  σ θ 2     )   ]     



(7)







Equations (6) and (7) are the expressions of the deviation and covariance of the converted measurements, respectively. The error of the converted measurement range depends on the real distance and the real deviation of the azimuth, expressed by    μ t    and    R t   , respectively. When the target is in Cartesian coordinates, the radar measurement is in the polar coordinates, and the traditional algorithm cannot directly use the random matrices to make basic assumptions on the target because the relationship between them is nonlinear; thus, unbiased radar conversion is introduced. The radar measurement in the polar coordinates is unbiased and converted to the Cartesian coordinates, so the measurement and the target state show a linear relationship. The linear measurement value converted by the CMKF algorithm has higher accuracy than the conversion of the basic polar coordinates.




3.2. DBSCAN Clustering


In the tracking of the sea surface targets, the targets are clustered, the measured targets are fishing boats, and the distance between the ships is relatively far away, so it is difficult to have edge points in the k-means algorithm. The k-means algorithm needs to determine the number of clustered targets first. This limitation leads to the problem of inaccurate numbers of cluster in multi-target tracking. In multi-target tracking, the DBSCAN clustering algorithm is more suitable for clustering the point cloud density. The core idea is to cluster the points whose densities exceed the density the point cloud and to expand the noise reduction effect by accurately clustering targets in target tracking. The grid is established in the converted Cartesian coordinates, and the ellipse dynamic lookup of the target point trace is realized. The pseudocode for Algorithm 1 is as follows:



	Algorithm 1 DBSCAN Clustering



	 [image: Electronics 12 00616 i001]








Step 1: Calculate the Euclidean distance of all points after conversion. After the points collected by the radar are converted by CMKF, cluster the more accurate measurements in the Cartesian coordinates. Firstly, calculate the direct Euclidean distance of each point. For example, the distance between measurement points 1 and 2 is shown in Equation (8):


  d i s t  (  1 , 2  )  =      (    x ˜  1  −   x ˜  2   )   2  +    (    y ˜  1  −   y ˜  2   )   2     



(8)







Determine the distance between all points and construct the matrices. Among them, the matrix   D i s  t  n × n     is a real symmetric matrix with a diagonal of 0, and then the appropriate domain value ε and the density threshold   M i n p t s   are selected according to various characteristics of the target set:


  D i s  t  n × n   =  [      d i s t  (  1 , 1  )      d i s t  (  1 , 2  )     ⋯    d i s t  (  1 , n  )        d i s t  (  n , 1  )      d i s t  (  2 , 2  )     ⋯   ⋮     ⋮   ⋮   ⋱   ⋮      d i s t  (  n , 1  )      d i s t  (  n , 2  )     ⋯    d i s t  (  n , n  )       ]   



(9)







Step 2: Randomly select a point    P i    and count the points in the ε field of    P i   . If it is larger than or equal to   M i n p t s  , mark    P i    as the core class, and create a new cluster. Take    P i    as the starting point, find the points connected with the density    P i    according to the Euclidean distance of its two coordinates and find the maximum set of points connected to it. If it is less than   M i n p t s  , the current point is directly regarded as a noise point.



Step 3: Select the measurement points in the data set that are not classified into the cluster and repeat step 2. After all the measurement points are classified, N measurement clusters are generated, wherein each measurement cluster will track the corresponding expansion target at the current time.




3.3. The Modeling of Extended Target


Most targets in the sea are elliptical, and the extended state of targets can be expressed by random matrices. At the same time, the framework of Bayesian filtering is used for the estimation of the target state and for checking the shape after updating according to the measurement information the next time. This method can accurately track elliptical extended targets in complex situations such as unknown target numbers and clutter interference. Reference [4] proposed for the first time to use a random matrix to describe the expansion of an object (expansion content: size, shape and direction), use a random vector    X k    to represent the motion state and jointly use the random matrix of SPD   d × d   to represent the expansion of the object, where  d  represents the spatial dimension of the random matrix. For example, in this paper,  d = 2 represents the two-dimensional space. Since most of the targets at sea are fishing boats, this paper defines the targets as elliptical surfaces:


     (  y −   H ˜  k   x k   )   ⊤   X k  − 1    (  y −   H ˜  k   x k   )  = 1  



(10)







The point on the elliptical surface is represented by  y  in Equation (10), and    H k    is a matrix for measuring the position of the object. According to the above equation, it can be divided into two angles for analysis: the motion target and extended model.




3.4. Prediction and Update of the Motion Equation


Most fishing boats at sea move in a straight line at a constant velocity, and the dynamic minimum means square error is estimated as     x ^  k  = E  [   x k  |  Z k   ]   . Therefore, the update equation and prediction equation of the motion state are constructed as follows:


   x k  =  (   F k  ⊗  I d   )   x  k − 1   +  w k   



(11)






    x ^   k | k − 1   =  (   F k  ⊗  I d   )    x ^   k − 1    



(12)







In Equation (11),    F k    is the dynamic matrix in one-dimensional space,    I d    is the unit matrix with dimension   d × d  ;  ⊗  is the Kronecker product, which extends the traditional one-dimensional matrix of point target to two-dimensional for calculation;    w k    is the independent Gaussian noise in the model (   w k  ∼ N  (  0 ,  D k  ⊗  x K   )   , where    D k    is the covariance difference matrix for the noise of the independent Gaussian process    w k   ).



The prediction error can be deduced from the difference between Equations (12) and (13), and the prediction covariance is further obtained as:


   P  k | k − 1   =  F k   P  k − 1    F k    ⊤  +  D k   



(13)







The measured prediction covariance (or innovation covariance) is:


   S  k | k − 1   =  H k   P  k | k − 1    H k ⊤  +   |  B k   |  2 / d      n k     



(14)




wherein   |  B k   |  2 / d   /  n k    is the measurement noise, and    B k    is a two-dimensional identity matrix, which is used to describe the distortion between the observed expansion and the real target expansion (the observed value is reflected by the covariance matrices of multiple measurements, and the subsequent description of    B k    is explained in detail in the target expansion model update equation). Subsequently, the Kalman gain is solved:


   K k  =  P  k | k − 1    H k ⊤   S  k | k − 1   − 1    



(15)







The value of    G k    reflects the contribution of the latest observation information to the target state estimation, and then the state update equation for innovation and time  k  can be deduced:


   G k  =   z ¯  k  −  (   H k  ⊗  I d   )   x  k | k − 1    



(16)






   x ^  =   x ^   k | k − 1   +  (   K k  ⊗  I d   )   G k   



(17)








3.5. Prediction and Update of Extended Information


In the extended target kinematics, the range (shape and size) of the extended target is assumed to be an ellipse and is modeled by a positive definite matrix    X k   .    Z k    represents all measurements. The estimation of the minimum mean square error for the expansion direction can be derived from the inverse Wishart equation and defined as   E  [   X k  |  Z k   ]  =   X ^  k  /  (    v ^  k  − 2 d − 2  )   . The target expansion part is constructed by    x k    and the Gaussian inverse Wishart distribution of    X k   :


  p (  x k  ,  X k  |  Z  k − 1   ) = N (  x k  ;   x ^   k − 1   ,  P  k | k − 1   ⊗  X k  ) × T W  (   X k  ;   v ^   k | k − 1   ,   X ^   k | k − 1    )   



(18)







The prediction Equation (18) represents the prediction of the target size and angle, and Equation (19) represents the prediction of the target velocity:


      X ^   k | k − 1     =    δ k     λ  k − 1      (    v ^   k | k − 1   − 2 d − 2  )   A k    X ^   k − 1    A k ⊤        λ  k − 1   =   v ^   k − 1   − 2 d − 2    



(19)




where    δ k  > d − 1   is the degree of freedom, which is used to describe the dependence of expansion on size over time, and    A k    is used to describe the dependence of expansion on direction and shape, wherein    A k  =  I d  /    δ k     .


    v ^   k | k − 1   =   2  δ k   (   λ  k − 1   − 1  )   (   λ  k − 1   − 2  )     λ  k − 1    (   λ  k − 1   +  δ k   )    + 2 d + 4  



(20)







The updated Equation (20) represents the update of the size and angle of the targets, and Equation (21) represents the update of the target velocity:


    X ^  k  =   X ^   k | k − 1   +  N  k | k − 1   +  B k  − 1     Z ¯  k   B k  − ⊤    



(21)






    v ^  k  =   v ^   k | k − 1   +  n k   



(22)







In the update equation,    N  k | k − 1   =  S  k | k − 1   − 1    G k   G k ⊤    is the correction term of the state prediction value     X ^   k | k − 1    , and    B k    also represents the change between the observed extension and the true value in size, shape and direction (geometric distortion caused by the sensor to the target measurement). In this paper, the centroid state of the target can be estimated more accurately by the introduction of    B k   , and the use of these innovation concerning the real noise. In addition, Equation (20) incorporates the real measurement noise into the estimation process of    X k   , so the information of extended    X k    can be estimated more accurately. When the predicted     X ^   k | k − 1   ,   v ^   k | k − 1     is different from the basic extended definition, this method can be used to improve the estimation results by combining more dynamic prior information, and    δ k  ,  A k    can be adjusted appropriately to accurately describe different situations. Figure 4 is the single-cycle flow chart of the extended target location and extended information filter algorithm.



If the current time is the first time, initialize N measurement clusters into N expansion targets in sequence. The initial position of the expansion target that corresponds to the    x k    in the random matrix based on the tracking of the expansion target is the mean of the measurement clusters. The initial length is 100 m, the initial width is 50 m and the initial orientation is 270°, that is, 23° east by north, corresponding to    X k    in the random matrix based on the tracking of the expansion target. If the current time is not the first time, each tracked track is predicted based on the method of random matrices. Then, based on the nearest-neighbor method, the measurement clusters falling into the corresponding wave gate are assigned to the existing tracks and updated based on the random matrices. For the remaining clusters that do not fall into any existing track gate, a new track is initialized again based on random matrices. The data processing flow of the fusion algorithm of extended target tracking for converted measurements is shown in Figure 5.





4. Experimental Section


The measured data are from two different groups of sea surface targets. Dataset 1 is from a fishing boat in the Bohai Sea, with a size of 120 m × 10 m. The boat is positioned about 9 km from the radar’s position. The boat keeps moving straight at a velocity of 10 m/s toward the azimuth of 23° east of north. The radar sampling time is 150 s. Dataset 2 is from sea targets with different sizes, azimuths and velocities in the Bohai Sea. The target group is located about 5 km away from the radar’s position. The group targets do not specify their respective movement status or the course of the ships. The radar sampling time is 300 s.



4.1. Single-Target Tracking


Single-target information of the fishing boat is collected by the radar for testing. The navigation process of the fishing boat is in a state of almost uniform linear motion. In this scenario, the range resolution of the radar is 6.511 m, and the effective detection range is 6 km; 50 frames are used to track the target. The target’s tracks in polar coordinates are shown in Figure 6.



According to the analysis of Figure 6a, many track breakdowns occurred during target tracking, and the sea clutter in the scene has not been completely processed, resulting in false tracks. There are three reasons for this:




	(1)

	
The expansion of the targets is not taken into account. Since the length of the target is more than 100 m, the position of the center point after clustering is not guaranteed to be the center of the actual ship, and there will be a deviation.




	(2)

	
The normalization error in clustering is relatively large, and it cannot be converted to Cartesian coordinates for tracking. It is difficult to accurately ensure that the ship keeps a constant velocity and conforms to the motion model by using the difference method to calculate the velocity.




	(3)

	
The gate setting is too small, and the number of frames selected for track termination is small.









Subsequently, in view of the above problems, the extended target algorithm under a converted measurement Kalman filter (CMKF-REMTT) is used to make the tracking effect more accurate. At the same time, the size, velocity and azimuth of the target model can be deduced according to the measurement return values of the extended targets. The improved track using the extended target tracking is shown in Figure 6b.



The extended target tracking algorithm based on the converted measurement Kalman filter cannot form a stable two-dimensional model in multiple frames because the clutter points do not have a fixed shape. The method in this paper can better filter the clutter while tracking and solve the problem of correlated clutter while point-target tracking. The tracking performance can be more stable using polar coordinates, and more information can be fed back to facilitate tracking. The target tracking effect is shown in Figure 7, Figure 8, Figure 9, Figure 10 and Figure 11, in which the horizontal and vertical coordinates (0, 0) are ground, and the radar rotates 360 degrees at the current position to obtain the movement information of the fishing boat at sea.



The research results in Figure 8, Figure 9 and Figure 11 show that the single fishing boat target has stable model tracking during navigation, and Figure 7 and Figure 10 show that there may be errors or model distortion during radar measurement. It can be seen from the image of the tracking target that the clutter is presented by a green star shape during the tracking process. The clutter cannot form an elliptical model and cannot exist continuously and regularly across multiple frames. The real goal is to use blue dots to represent the center of the target mass and keep the ellipse moving steadily. When the error is small, the tracking can maintain a good model state, and the clutter is presented in the form of points, so false tracks cannot be generated.



By comparing Figure 12, Figure 13, Figure 14, Figure 15, Figure 16 and Figure 17, it can be seen that using the standard coordinate transformation, the accuracy of the target along the track is lower, the extreme values of distance error and speed are slightly smaller, the stability of the curve is slightly better and the tracking accuracy is improved. From the analysis of Figure 12 and Figure 15, the targets in the Cartesian coordinates keep moving in a straight line, and the error between measurements and tracking stays at about 5 m. Compared with the size of the fishing boat, the short tracking error distance of 5 m can be ignored. Figure 17 and Figure 18 show the velocity and size estimation of the fishing boat in each frame. The following two reasons cause the fluctuation in velocity: (1) The fishing boat does not keep a constant velocity, and the position prediction is inaccurate. (2) When updating, the filter mainly updates the position information. In this experiment, the observability of the position is stronger than the velocity. However, the velocity is basically kept at 10 m/s, which is consistent with the established uniform rectilinear motion model. The reason for the large change in the target size is that the initial value of the fishing boat is set to be 100 m long and 50 m wide, which indirectly indicates that the greater the number of tracking frames, the better the effect of the estimation method. After 10 frames, the length, width and azimuth of the boats remain stable, which is similar to the initially given target information.




4.2. Multi-Target Tracking


The multi-target information collected by the radar is from a group of sailing fishing boats in the Bohai Sea. In this scenario, the range resolution of the radar is 9.766 m, and the effective detection range is 10 km. The target is tracked by 100 frames of measurement. The preprocessing and filtering process are consistent with the single-target tracking in traditional algorithms; DBSCAN and the extended Kalman filter (EKF) are used, followed by the group target probability association algorithm (GPDA) for data association, and the target tracks are updated. The tracking is performed in polar coordinates, as shown in Figure 19:



In the comparison in Figure 19, the angle of the navigation radar tacking maps a and b is between 270° and 360°. The traditional point-target tracking algorithm has the problem that the clutter generates false tracks. When tracking multiple targets, the algorithm in this paper not only filters out the points that cannot generate an extended clutter, but also reduces the tracks formed by the measurement targets with 1–2 frames of flicker, which greatly improves the accuracy of target tracking and solves the problem that the multi-target clutter affects the accuracy of track association. The track information of EKF-GPDA and CMKF-RMETT is shown in Table 2, and the results of multi-target tracking are shown in Figure 20, Figure 21, Figure 22, Figure 23 and Figure 24, where the horizontal and vertical coordinates (0, 0) are ground and the radar rotates 360 degrees at the current position to measure the movement information of the fishing boats at sea.



The results in Figure 20, Figure 21 and Figure 22 show that there are not only straight-line fishing boats, but also maneuvering targets and targets with varying velocities in this scene. The estimated number of centroids depends on the ship with the current frame number. Through Figure 15, Figure 16 and Figure 17, the same problem as single-target tracking occurs in that that there may be errors or model distortion during radar measurement. In frame 80, one real target is recognized as multiple tracking targets. In the first 60 frames, the target keeps tracking as three targets, and in the last 40 frames, four targets are added. Because the uniform rectilinear model is adopted for tracking in this paper, there is a situation where one target generates multi-track judgments. The clutter generated in the multi-target tracking still cannot be extended. Subsequently, track deletion is performed for the extended targets with only 1–2 frames, which ensures the tracking of the real moving target only.



By comparing Figure 25, Figure 26, Figure 27, Figure 28, Figure 29 and Figure 30, it is obvious that the stability of the extended target track after measurement conversion is better than that of standard coordinate transformation in multi-target tracking. The tracking distance error and velocity estimation curves are slightly more stable, and the extreme values are also slightly lower. The reason for the large fluctuation in some of the velocity curves is that the Doppler information is not used in the update, the fishing vessel does not move in a uniformly straight-line and the prediction can be biased. According to Figure 28 and Figure 30, it can be seen that the estimation of the tracking error and velocity are in a linear relationship. In the multi-target tracking scenario, studying Figure 26, track 1-3 is my enlarged image of the original seven tracks, the target of track 1 shows no maneuvering in the first 60 frames, shows a stable size and angle during the tracking in the first 70 frames, and has a course deflection in the last 40 frames, which has a great impact on the estimation of the target’s width and angle. The target of track 3 has large variation in its maneuvering. This model has a deviation in angle estimation, and consequently, correct angle estimation cannot be formed. In the multi-target tracking scene, the extended algorithm can still control the error within 3 m, which is negligible compared with the size of large fishing boats and the range resolution of the radar. The research results in Figure 31 also show that the same target breaks in tracks 1 and 3. When the number of measured frames is small, the motion feature information also has large fluctuations and instability.



Table 3 compares three algorithms for point-target tracking, extended target tracking and extended target tracking after measurement conversion in terms of calculation speed, adaptability to the environment and track accuracy.




4.3. Research Findings and Limitations


This paper designed a fusion algorithm (CMKF-RMEOT) for the measurement of target trajectory using sea navigation radar systems. The study optimized the problem of excessive clutter in point-target tracking and more accurately located the precise trajectory of fishing vessels in multi-target tracking. It solved the interference of more sea clutter and also realized the real-time estimation of speed, heading and size of each surface target. In addition, the prediction error is within the range of radar accuracy, which is consistent with the real target motion characteristics. However, in this study, the algorithm needed too many sampling frames to achieve a stable tracking effect, and the sampling interval of 3 s was too long, which also led to a stable result in speed estimation. The same track will be broken and two new tracks will be generated in fishing vessels making larger maneuvers, which will lead to deviation in the tracks from the real situation. The motion of the targets near the sea is complicated because the vessels are prone to greater maneuvering. The motion model of the maneuvering targets can be constructed to achieve more accurate estimation as a further research direction.





5. Conclusions


To solve the problem of the low tracking accuracy of point target under cluttered environment and nonlinear measurement conditions (distance and angle), this paper improved the accuracy of transforming polar coordinates to Cartesian coordinates based on the idea of converted measurement. The extended target tracking algorithm was introduced into the measurement under a high resolution to expand the target and describe the evolution and observation distortion of the object expansion. A fusion-tracking algorithm for obtaining the converted measurement and random matrices expansion (CMKF-REMTT) was used to verify the measured data. The experimental results showed that this method not only reduces computational load and time of the traditional algorithm, but can also track the target accurately in a highly nonlinear environment. The distance error was far less than the threshold of the navigation safety distance, improving the accuracy of the tracking. It suppressed the influence of clutter on the real track, and the tracked target fed back more kinematic characteristics. In the future, a tracking model capable of identifying maneuvering targets will be built to accurately locate the track, and a radar network composed of three radars will be subsequently set up to conduct multi-sensor data fusion on the target, so as to further improve the tracking accuracy.
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Figure 1. Measured sea area and radar in Bohai Sea. 
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Figure 2. PPI information of vessel navigation (single targets). 






Figure 2. PPI information of vessel navigation (single targets).



[image: Electronics 12 00616 g002]







[image: Electronics 12 00616 g003 550] 





Figure 3. PPI information of vessel navigation (multiple targets). 
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Figure 4. Block diagram of the REMTT filter algorithm. 
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Figure 5. Flow chart of the CMKF-REMTT fusion algorithm. 
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Figure 6. Polar coordinate tracking under single-target tracking. (a) The point target’s tracks. (b) The extended targets’ tracks. 
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Figure 7. Single target in the Cartesian coordinate system tracking in the 10th frame. 
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Figure 8. Single target in the Cartesian coordinate system tracking in the 20th frame. 
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Figure 9. Single target in the Cartesian coordinate system tracking in the 30th frame. 
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Figure 10. Single target in the Cartesian coordinate system tracking in the 40th frame. 
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Figure 11. Single target in the Cartesian coordinate system tracking in the 50th frame. 
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Figure 12. Single-target track in the Cartesian coordinate system (REMTT). 
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Figure 13. Single-target track in the Cartesian coordinate system (CMKF-REMTT). 
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Figure 14. Tracking error between the prediction and actual track (REMTT). 
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Figure 15. Tracking error between prediction and actual track (CMKF-REMTT). 
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Figure 16. Tracking error between the prediction and actual track (REMTT). 
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Figure 17. Single-target velocity estimation (CMKF-REMTT). 
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Figure 18. Estimation of the single target’s size and azimuth. 
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Figure 19. Tracks in polar coordinates under multi-target tracking. (a) Tracks of point-target tracking. (b) Tracks of extended target tracking. 
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Figure 20. Multi-target tracking in the Cartesian coordinate system in the 20th frame. 
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Figure 21. Multi-target tracking in the Cartesian coordinate system in the 40th frame. 
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Figure 22. Multi-target in the Cartesian coordinate system tracking in the 60th frame. 
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Figure 23. Multi-target tracking in the Cartesian coordinate system in the 80th frame. 
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Figure 24. Multi-target tracking in the Cartesian coordinate system in the 100th frame. 
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Figure 25. Multi-target tracking in the Cartesian coordinate system (REMTT). 
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Figure 26. Multi-target tracking in the Cartesian coordinate system (CMKF-REMTT). 
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Figure 27. Tracking error between the prediction and actual track (REMTT). 
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Figure 28. Tracking error between the prediction and actual track (CMKF-REMTT). 






Figure 28. Tracking error between the prediction and actual track (CMKF-REMTT).
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Figure 29. Multi-target velocity estimation (REMTT). 
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Figure 30. Multi-target velocity estimation (CMKF-REMTT). 
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Figure 31. Estimation of the multi-target size and azimuth. 
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Table 1. Partial parameters and performance indices of sea surface navigation radar.
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	System Parameters and Performance Index of Radar
	Parameter





	Sampling period (s)
	3



	Effective detection range (km)
	adjustable



	Velocity detection range (m/s)
	−50~50



	Range resolution (m)
	adjustable



	Angle resolution (°)
	0.17
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Table 2. Comparison of tracking results under point target and extended target tracking methods.
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	EKF-GPDA
	CMKF-RMEOT





	Number of clusters
	11
	12



	Number of generated tracks
	15
	7



	Number of correct tracks
	6
	6



	Tracking accuracy
	40%
	85.8%
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Table 3. Comprehensive comparison of three algorithms.
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	Algorithm
	Calculation Speed
	Maximum Tracking Distance Error
	Tracking Accuracy
	Adapt to the Environment
	Linearity





	EKF-GPDA
	8.5 s
	10 m
	40%
	white Gaussian noise
	weak nonlinearity



	REMTT
	1.8 s
	4.5 m
	85.8%
	white Gaussian noise
	linear



	CMKF-REMTT
	2.1 s
	3 m
	85.8%
	white Gaussian noise
	unlimited
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