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Abstract

:

The long-time coherent integration can effectively improve the detection ability of radar targets. However, this strategy usually shows poor effect in resisting the sea clutter, which produces difficulties for accurate estimation of sea clutter characteristics and results in the inability to differentiate between the target and sea clutter. To solve this problem, a two-stage method is proposed, which consists of the sea clutter suppression stage and target decision stage. In the sea clutter suppression stage, the correlation time differences in the time and the space domains are adopted to estimate the correlation of sea clutter. Then, a selective whitening filter is proposed, which is performed more adaptively according to the estimation results. In the decision stage, the peak average ratio in the fractional Fourier domain (FRFT-PAR) is presented, which can make better use of the energy accumulation characteristics and further suppress the interference of sea clutter. Experiments on the IPIX datasets with various observation times and polarization modes are included. The results indicate that the proposed method could not only effectively suppress sea clutter but also achieve better target detection performance than baseline algorithms.
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1. Introduction


The detection of low-reflection and slow speed small radar target (LSS-target) plays an important role in target detection due to military and commercial needs [1,2]. However, detecting the LSS-target in concentrated sea clutter is a big challenge. Because the characteristics of complex sea clutter are affected by terrain and weather, the target echoes usually have a low signal to noise ratio (SNR). Traditional methods [3,4,5] usually have low detection probability and high false alarm because their detection abilities are easily interfered with by sea clutter of different densities. With the development of the radar theory, more and more studies are being conducted on the characteristics of sea clutter. Therefore, it is important to perform sea clutter suppression based on refined characteristics in radar target detection.



The long-time coherent integration strategy [6,7,8,9] has been widely applied in recent studies because it is a feasible way to accumulate energy from multiple echoes and contributes to improving the SNR of target echoes. Nevertheless, the target moves with the undulating waves. The effect of the across-range unit (ARU) and phase modulations cannot be ignored [10], which would limit the improvement of detection performance. Then, the Radon–Fourier transform (RFT) [11] and the Radon–Fractional–Fourier transform (RFRFT) [12] are presented. They overcome the ARU effect and phase modulations by jointly searching along with the range and velocity directions of moving targets. However, the surge of sea clutter usually lasts for seconds with a certain movement pattern, and its energy would also be accumulated. Therefore, the long-time coherent integration-based methods cannot effectively overcome the interference of sea clutter.



In the meanwhile, due to the existence of multifractal behaviors of sea clutter [13,14], the fractal features in the Fractional–Fourier transform (FRFT) domain [15] are used to identify sea clutter and target. However, the estimation accuracy of fractal features largely depends on the observation time. It would be higher with the extension of the observation time when the observation time is within a certain range. In addition, extracting the fractal features requires a huge computational cost.



The correlation analysis, which utilizes the stationarity difference, is another way to distinguish between sea clutter and target. The adaptive normalized matching filter (ANMF) [16,17] uses the referenced samples to directly estimate the covariance matrix. It is a very effective detector when the sea clutter is approximately stationary during the observation time. However, when the observation time is long, its detection performance will drop a lot and will be disturbed by the Doppler spread. To address this issue, a combined adaptive normalized matching filter (CANMF) [18,19] is proposed, which supposes that the Doppler spread and range walk across bins can be ignored when the long integration duration is divided into several disjoint subintervals. In this way, a series of ANMF with different normalized Doppler frequencies constitutes the CANMF, which helps to estimate the characteristics of sea clutter more accurately. Besides, the time-frequency method is introduced in the S-method [20,21], which realizes the time-frequency representation and decomposition by utilizing the autocorrelation of the target echoes. The detection statistics are extracted from the decomposed components to separate the target from the sea clutter. However, the detection performances of methods based on autocorrelation are often disturbed by spatial changes. To solve this problem, the cross S-method (CSM) [22,23] realizes the signal decomposition by jointly combining two adjacent bins. It uses the signal synthesis method to decompose the joint time-space-frequency representation, which guarantees the ability to detect range-spread targets without correcting the range migration. Nevertheless, in the case of joint time-space-frequency representation, more sea clutter components will inevitably be mixed into the decomposed components, and the improvement of detection performance is also limited. Besides, the above methods rely on the estimation of reference bins. If there are not enough ideal reference bins available, the interference of sea clutter will remain.



A two-stage method is proposed in this paper to solve these problems, which consists of the sea clutter suppression stage and the target decision stage. In the sea clutter suppression stage, the correlation time differences in the time domain and space domain are adopted to estimate the correlation of sea clutter. According to the estimation results, the sea clutter in different range bins is suppressed. After that, a selective whitening filter is presented, which is performed more adaptively according to the estimation results and facilitates the suppression of the sea clutter in the echo components. In the decision stage, the peak average ratio in the fractional Fourier domain (FRFT-PAR) is presented, which is adopted to make better use of the energy accumulation characteristics and further suppress the interference of sea clutter. The main contributions of this paper can be summarized as follows:



	(1)

	
A correlation estimation method of sea clutter based on correlation time is proposed. The correlation of sea clutter is evaluated by calculating the correlation time in both time and space domains. According to the estimation results, the sea clutter in different range bins is suppressed.




	(2)

	
A selective whitening filter is proposed. In the selective whitening filter, the processing bins are selected adaptively according to the sea clutter correlation estimation results, which can facilitate the suppression of the sea clutter in the target echo components and reduce the computational load.




	(3)

	
The FRFT-PAR is presented to distinguish between the sea clutter and target, which is adopted to make better use of the energy accumulation characteristics and further suppress the interference of sea clutter.








2. Material and Methods


The overall architecture of the proposed algorithm is illustrated in Figure 1. The core goal of this algorithm is to suppress sea clutter more effectively by using the correlation characteristics of sea clutter. For this reason, a two-stage method based on sea clutter correlation estimation is designed. It consists of two successive stages: the sea clutter suppression stage and the target decision stage. In the sea clutter suppression stage, the strong auto-correlation time (SACT) in the time domain and the weak cross-correlation time (WCCT) in the space domain are adopted to estimate the correlation between sea clutter. Then, the selective whitening filter is performed according to the correlation estimation results of interested bins. In the target decision stage, the FRFT-PAR is presented, and a judgment model is built by SVM tools. The model is then adopted to distinguish between the target and sea clutter in the interested range bins.



2.1. Sea Clutter Suppression Stage


In the maritime environment, the detection of low observable radar target can be described by the following binary hypothesis testing [18,24]:


   {      H 1  :   x ( n ) = s ( n ) + c ( n )    H 0  :   x ( n ) = c ( n )      



(1)




where   x ( n )   represents the echoes received by a certain range bin,   c ( n )   represents the pure sea clutter, and   s ( n )   represents the target echoes. If the    H 0    hypothesis is accepted, then   x ( n ) = c ( n )   and   x ( n )   denotes the pure sea clutter. Otherwise, the    H 1    hypothesis is accepted,   x ( n )   denotes the echoes of the target bin, and the echoes are the mix of target echoes and sea clutter.



The sea clutter suppression stage is presented to effectively suppress the sea clutter, as shown in Figure 2. The suppression of sea clutter can be divided into two aspects: the suppression of sea clutter in different space range bins and the suppression of sea clutter in the target echo components.



The sea clutter suppression method based on correlation time estimation is proposed to achieve the suppression of sea clutter in different space range bins. Traditional correlation estimation methods consider a single dimension and are easily disturbed by sea clutter. As shown in Figure 2a, both the SACT and WCCT of    x i  ( n )   are considered in the proposed sea clutter suppression method, where    x i  ( n )   denotes the echoes of a certain range bin. Besides, to enhance the estimation accuracy, the observation time is divided into several intervals, and multiple estimation results constitute the final estimation result, which makes the sea clutter suppression method more refined.



After the suppression of sea clutter in different space range bins, the whitening filter is adopted to suppress the sea clutter in the echo components. However, the traditional whitening filter is usually blind and requires a lot of calculation, in which all the range bins are whitened. To solve this problem, a selective whitening filter is illustrated in Figure 2b and is performed adaptively according to   s ( i )  , where   s ( i )   denotes the correlation estimation results.



In the next subsections, detailed information on the proposed sea clutter suppression stage is discussed.



2.1.1. Correlation Time of Sea Clutter in Time and Space Domains


The sea clutter is composed of the speckle component, the fast-changing capillary waves, and the modulation component, slow-changing gravity waves [25]. Within the period of energy accumulation, sea clutter shows a weak correlation, which is mainly determined by the speckle component. The target echoes have a stronger correlation than sea clutter because the target echoes are smoother. The time correlation coefficient    r i    of the time series    r i  ( n )   is denoted as:


   r i  ( t ) =   ∑  n = − ∞   + ∞     x i  ( n )  x i  ( n + t )    



(2)




where    x i  ( n )   represents the echoes of    i  t h     range bin. The signal is usually regarded as highly auto-correlated [26] when the correlation coefficient    r i    is between 0.5 and 1. In order to quantify the correlation coefficient,   S A C T   is defined as:


  S A C T =  τ 1  ,    r i  (  τ 1  ) = 0.5  



(3)




where    τ 1    is the time when the correlation coefficient drops from 1 to 0.5. The SACT of IPIX-#1 and IPIX-#11 are shown in Figure 3. The results marked by the red line are the corresponding results of the target bin. The results confirm that the target echoes and sea clutter differ in SACT, and the target echoes have stronger auto-correlation than sea clutter.



Simultaneously, the sea clutter at adjacent bins shows a certain correlation [25], while it is not correlated with the target echoes in the space domain. The space correlation coefficient    r j    of the time series   y ( n )   of the    j  t h     range bin can be defined as:


   r j  ( t ) =  1 m    ∑  i = 1  m     ∑  n = − ∞   + ∞     y i      ( n )  y j  ( n + t )      



(4)




where    y i      ( n )   denotes the time sequence of the adjacent bin and  m  denotes the number of the adjacent bin. Similarly, the   W C C T   is also defined as:


  W C C T =  τ 2  ,    r j  (  τ 2  ) = 0.5  



(5)




where    τ 2    is the time when the cross-correlation coefficient    r j    drops from 1 to 0.5. The WCCT of IPIX-#1 and IPIX-#11 are shown in Figure 4. The results confirm that the target echoes and sea clutter differ in WCCT and the target echoes have weaker cross-correlation compared to the sea clutter.



To fully explain their differences in correlation time, statistical experiments are carried out on IPIX-1993 and IPIX-1998 data, and the observation time interval is 0.512 s. The experimental results are shown in Figure 5 and Figure 6.



In Figure 5, the SACT of the target is much higher than that of the sea clutter, and its statistical results almost drown the results of sea clutter. While in Figure 6, the WCCT of the target is smaller than that of the sea clutter, and the overlapping degree between the sea clutter and the target is higher than SACT, which is caused by the complex characteristics of the sea clutter. There is a certain correlation between the sea clutter of adjacent bins with a similar motion state. Still, if there are large fluctuations, the cross-correlation in space may decrease significantly.



When the observation time is 0.512 s, the SACT of sea clutter is only tens of milliseconds, while the SACT of target echoes can be up to hundreds of milliseconds. The WCCT of the target usually does not exceed 200 milliseconds, while the WCCT of sea clutter is mainly distributed between 200 and 500 milliseconds.




2.1.2. Sea Clutter Suppression Method Based on Correlation Time Estimation


The two related correlation time concepts proposed in Section 2.1.1 describe their correlation from the time dimension or the space dimension, respectively. They intuitively describe the correlation characteristics of sea clutter. However, there are many jump values in both statistical experiments. It is difficult to accurately describe the complex features of sea clutter in the time dimension or the space dimension.



In this work, a sea clutter suppression method based on correlation time estimation is then proposed, which can detect complex features in both the time and space dimensions. The correlation time of sea clutter is estimated in both time and space domains and is defined as:


   s x  ( u ) =  {      1 ,   S A C T (  x u  ( n ) ) ≥  T 1        0 ,   o t h e r w i s e        



(6)






   s y  ( u ) =  {      1 ,   W C C T (  y u  ( n ) ) ≤  T 2        0 ,   o t h e r w i s e        



(7)




where    s x  ( u )   denotes the estimation results of   S A C T   and    s y  ( u )   denotes the estimation results of   W C C T  .    T 1    and    T 2    are the corresponding threshold, which can be set according to specific experiments. To ensure the accuracy of the sea clutter correlation estimation, the echoes can be considered approximately stationary in a relatively short period of time [18,19]. The long observation time  T  is divided into several intervals    t m   , and the judgment of each range bin is jointly determined by multiple intervals. It is defined as:


   s x  ( u ) = O R (  s  x ,  w k    ( u ) ) ,   k = 1 , 2 , … ,  T   t m     



(8)






   s y  ( u ) = O R (  s  y ,  w k    ( u ) ) ,   k = 1 , 2 , … ,  T   t m     



(9)






   w k  = ( ( k − 1 ) ∗  t m  ) : ( k ∗  t m  ) ,   k = 1 , 2 , … ,  T   t m     



(10)




where    w k    denotes the sliding window within the observation time  T . Then, the two perception results,    s x  ( u )   and    s y  ( u )  , are jointly processed, and the operational relationship is shown in Equation (11):


   s  x y   ( u ) =  s x  ( u )   A N D    s y  ( u )  



(11)




where    s  x y   ( u )   denotes the final estimation results as follows:



	(1)

	
Suppose the estimation result of a particular range bin satisfies    s  x y   ( u ) = 1  . In that case, it is regarded that the auto-correlation between the echoes of this range bin is strong, and the cross-correlation between the echoes in the adjacent range bin is weak. It is considered an interested bin.




	(2)

	
Suppose the estimation result of a certain range bin satisfies    s  x y   ( u ) = 0  . In that case, it is regarded that the auto-correlation between the echoes of this range bin is weak, or the cross-correlation between the echoes in the adjacent range bin is strong. It is considered a sea clutter bin.







The sea clutter in different space range bins can be suppressed by utilizing the estimation results. However, it is worth noting that the interested bins are completely preserved, and the sea clutter remains in the target echo component. To further achieve the suppression of the sea clutter in target echo components, the related method is discussed in Section 2.1.3.




2.1.3. Selective Whitening Filter Based on Correlation Estimation


A whitening filter is usually used for data pre-processing. The aim is to make the pulses of the same range bin not correlated with each other, and it is conducive to the extraction of subsequent feature components [27]. The principle of the whitening filter is to find a linear transformation so that the original data vector can become a whitening vector after being projected into a new subspace. It is defined as:


   x ^  =  B  x  



(12)




where  x  is the time sequence of a certain range bin,   B   is the whitening matrix, and   x ^   is the whitening vector after processing. As for the whitening matrix   B  , it can be obtained via principal component analysis. A transformation based on the calculation of the sample vector is defined as:


   B  =    M ^    −  1 2      U  T   



(13)




where    M ^    is the covariance matrix and   U   is the eigenvalue matrix of  x .



To avoid the influence of sea clutter power variation on covariance matrix estimation, the normalized sample covariance matrix estimation method (NSCM) is employed for calculation. The covariance matrix estimation is shown in Equation (14):


    M ^   =  1 N    ∑  n = 1  N    (   m   x n H   x n     )     x n   x n H   



(14)




where  m  denotes the number of pulses in a range bin,    x n    is the echo of the    n  t h     range bin,     ( ⋅ )  H    represents the conjugate transpose operation, and  N  is the number of reference range bins. To improve the whitening effect, many proposed methods focus on the estimation of the covariance matrix [28,29,30]. However, such methods are generally blind and cannot effectively overcome the interference of sea clutter. In this work, a selective whitening filter is proposed, which is based on the estimation result in Section 2.1.2. It is performed on the “interested bins”, and the covariance matrix is calculated within the given range. The principle of the selective whitening filter is shown in Equation (15):


    x ^  u  ( n ) =  {      W h i t e n i n g (  x u  ( n ) ) ,   i f  S  x y   ( u ) = 1       0 ,   o t h e r w i s e        



(15)




where     x ^  u  ( n )   represents the reconstructed data and   W h i t e n i n g ( · )   denotes the whitening process. In this way, the signal is reconstructed, and the sea clutter is suppressed more effectively.



After using a traditional whitening filter, the sea clutter remains an obstacle to target observations in Figure 7b and Figure 8b, and the SNR in Figure 7b even decreases to 4.08 dB. As for the selective whitening filter, the SNR increase of the raw data is 6.6 dB and 10.34 dB in Figure 7c and Figure 8c, respectively. Not only is the sea clutter suppressed more greatly, but the observation of the target bin is also more intuitive in Figure 7c and Figure 8c. Besides, with this selective whitening filter, a large number of complex calculations around unnecessary sea clutter range bins are also avoided.





2.2. Target Decision Stage


After the sea clutter suppression stage, the interference of sea clutter is reduced, and the SNR is also improved. Under this condition, a decision method based on long-time coherent integration is proposed. The FRFT is adopted to extract more advanced features, the peak average ratio (PAR), and a judgment model is built by SVM tools. The traditional extraction method of frequency PAR (F-PAR) [31] is based on the Fourier transform (FT), which is the only case when   α =  π 2    in Figure 9. As is illustrated in Figure 9, utilizing the FRFT will make the feature extraction more effective.



The FRFT is the adaptation of the Fourier transform with fractional angles of 90 degrees [6,7,8,9]. Therefore, it has a better energy aggregation than the traditional Fourier transform. It is defined as:


   X α   ( u )  =    ∫  − ∞  ∞   x ( t )     K a  ( t , u ) d t  



(16)






   K p  ( t , u ) =  {             δ  [  u −   ( − 1 )  n  t  ]  ,   α = k π          1 − j cot α   2 π     exp  {  j (  1 2   t 2  cot α − u t csc α +  1 2   u 2  cot α )  }  ,   α ≠ k π     , k ∈ Z    



(17)




where   x ( t )   is the time sequence,  α  is the rotation angle, and  p  is the transform order,   p =   2 α  π   ,   p ∈ ( − 2 , 2 ]  . By searching for the peak point in the   ( α , u )   parameter plane, the optimal order of the transformation is determined. The   F R F T - P A R   is defined as:


  F R F T - P A R ( x ) =   max {  X  o p t   ( u ) , u = 1 , … , N }    1 N    ∑  u = 1  N    X  o p t   ( u )      



(18)




where    X  o p t     is the transformation in the optimal order and  N  is the length of time sequence   x ( t )  . To demonstrate the reliability of the proposed FRFT detector, the raw data are directly used for tests and the comparisons between peak average ratio in the time domain (  T - P A R  ),   F - P A R  , and   F R F T - P A R   are shown in Figure 10. The   F R F T - P A R   can attain a better energy aggregation for the LSS-target, and the peak characteristics of the target are more highlighted with the proposed   F R F T - P A R  .



Furthermore, statistical experiments are also carried out, but the observation time is much longer and is 2.048 s. The experimental results are shown in Figure 11. Although there is some coupling in the statistical results, the overall distinction is clear. Experimentally, the   F R F T - P A R   value of the target is between 1% and 7%, while sea clutter is usually less than 1%.





3. Results


3.1. Dataset Description


The detection performance of the proposed method is validated by the IPIX radar data. The IPIX database, a widely used database for sea surface small target detection, is collected by McMaster University in Canada. The test target in 1993 [18] is an anchored spherical block of Styrofoam, which is wrapped with wire mesh, and its diameter is about 1 m. Each dataset consists of complex echoes of 14 continuous range bins, and the length of the echoes in each bin is    2  17    . Meanwhile, in 1998 [24], the test targets are floating boats. Each dataset consists of complex echoes of 28 continuous range bins, and the length of the echoes in each bin is   6 ×   10  4   . All the data have four polarization modes, namely, HH (horizontal transmit, horizontal receive), HV (horizontal transmit, vertical receive), VH (vertical transmit, horizontal receive), and VV (vertical transmit, vertical receive) polarizations. Besides, the two datasets have the same sampling frequency of 1 KHz in the slow time domain.



All the data can be divided into three categories, the pure sea clutter, the primary target bin, and the secondary bins. The main components of secondary bins are sea clutter, and only a small part of the target echoes are included. Its existence will make the characteristic analysis of sea clutter very complicated. For convenience, we only chose the pure sea clutter and primary range bin for the experiment, and the secondary bins were removed.



In Table 1, the detailed information about the datasets is described, including their file names in the IPIX database, wind speed (WS), significant wave height (SWH), the angle between the line of radar sight and wind direction, and the adjusted position information of the primary bins.



The SNR of the target bin is calculated as follows:


  A S N R = 10   log   10    (    N   ∑  n = 1  N      |  x ( n )  |   2    −    p ¯   c       p ¯   c     )   



(19)




where  N  denotes the length of time sequence   x ( n )   and      p ¯   c    represents the average power of the sea clutter. The statistical results of ASNR are shown in Figure 12.



In addition, to illustrate the detection ability of different algorithms more specifically, the data in Table 1 are classified according to the average SNR. The classification results are shown in Table 2, and all the data are classified into 15 categories. In a word, they are evenly distributed, such as the low SNR interval [−1, 2.02], medium SNR interval [10.3, 10.8], and high SNR interval [16.5, 17].




3.2. Comparison with the Existing Algorithms


To evaluate the robustness and effectiveness of the proposed method, several widely used methods based on sea clutter correlation analysis are taken for performance comparison. These methods include CF (the SACT in Section 2.1.1), CSM [22,23], and CANMF [18,19]. CF is the description of the auto-correlation of sea clutter, which uses the auto-correlation time to distinguish the sea clutter. CSM turns to the space domain and uses the signal synthesis method to decompose the space-time-frequency representation, which extracts the detection statistics from the decomposed components. CANMF is also conducted on the space domain and uses the reference bins to estimate the covariance matrix, which extracts the detection statistics from multiple frequency components.



The time sequence   x ( n )   of length  N  is grouped into equal observation time  T , and the detection results are obtained from different groups. Besides, the comparison experiments are also conducted under four polarizations. The observation time  T  is selected as 2.048 s, and the false alarm rate is 0.001.



3.2.1. Detection Results on IPIX-1993 Dataset


The detection results of different methods for the IPIX-1993 dataset are illustrated in Figure 13. It can be seen that the proposed method achieves the finest detection performance in four polarization modes. Because most sea clutter is suppressed in the suppression stage, and a pretty base is provided for the decision stage.



Compared with other methods, the detection performance of CF is maintained at a high level, but the overall curve fluctuates greatly because this single auto-correlation representation cannot respond to spatial changes. As for the CSM and CANMF, they show pretty detection performances at   5  th  –  10   th    data. Although the spatial correlation is considered, their detection performances degrade sharply at   1  st  – 4 th   data. Because their detection performances rely on the estimation of reference bins. If there are not enough ideal reference bins available, the sea clutter would remain as false alarms.



In addition, the test target in 1993 was an anchored spherical block of Styrofoam. Although it is wrapped with wire mesh, it is easy to rise and fall with the waves, which complicates its characteristics. This also explains why the detection curves of most methods show great fluctuations in Figure 13.




3.2.2. Detection Results on IPIX-1998 Dataset


The detection results of different methods for the IPIX-1998 dataset are illustrated in Figure 14. It can be seen that the proposed method also achieves the finest detection performance in four polarization modes, and the detection probabilities of CSM and CANMF are slightly lower.



Compared with other methods, CSM and CANMF rely on the estimation of reference bins. For the IPIX-1998 dataset, the number of total range bins is twice the number of IPIX-1993. Therefore, more reference bins are available, and their detection performances are improved. For the detection performance of CF, Figure 14 shows a similar trend to Figure 13. Its detection performance still maintains a high level, but the overall curve fluctuates greatly in Figure 14 because there are more sea clutter range bins, and it cannot respond to spatial changes.



In addition, the test targets in 1998 were small boats with a more stable motion state and higher SNR in the echoes. This also explains why the detection curves of most methods show pretty detection performance in Figure 14.





3.3. Comprehensive Experimental Results


To make a more comprehensive analysis of the proposed algorithm, the average detection probabilities of the detectors on the 20 datasets are illustrated in Table 3. Figure 15a describes the detection rates of different algorithms changing with SNR. In the meantime, 3721 target samples and 3271 sea clutter samples were randomly extracted from the 20 datasets and Figure 15b describes the receiver operating curves (ROC) of different algorithms.



The detection performances of most algorithms achieved about 2% to 10% improvement when the observation time doubled, as in Table 3. The sea clutter interferes with the target echoes, and more pulses are required to ensure high accuracy of target detection. However, the detection rates of most methods show large fluctuations in the whole SNR range in Figure 15a, especially at the   10 th   interval. In such cases, extending observation time is not necessarily an optimal choice in improving the detection performance because it will also bring a heavy computational burden.



As for the proposed detector, its detection performance is not sensitive to observation time in Figure 15a and shows a more stable detection performance than other methods in Figure 15b. The average detection rate reaches 94% when the observation time is 0.512 s. The detection rate of CSM, CF, and CANMF could reach 90% when the observation time is 1.024 s or more.





4. Discussion


To further evaluate the effectiveness of the proposed sea clutter suppression stage, some experiments are carried out to analyze the effects of the sea clutter suppression stage.



4.1. Validation of the Sea Clutter Suppression Method


To illustrate the effectiveness of the proposed sea clutter suppression method, two indicators are introduced to validate its effectiveness. They are defined as:


   p r  =  n N   



(20)






   s r  =    R b     S b     



(21)




where    p r    denotes the perception rate of the interested target bin,    s r    denotes the suppression rate of sea clutter,  n  denotes the number of observation times that the target is perceived in  N  observations,    S b    is the number of total range bins, and    R b    denotes the number of the suppressed range bins. The perception rate should be as close to 100% as possible to ensure that the target range bin could be retained. A high suppression rate of sea clutter should also be maintained, which is the key to removing the effect of sea clutter in different space range bins.



After many statistical experiments, the threshold    T 1    in SACT is set to 50 milliseconds and the threshold    T 2    in WCCT is set to 150 milliseconds. The perception rates and the suppression rates on the IPIX-1993 dataset and IPIX-1998 dataset are shown in Figure 16. The perception accuracy retains around 100% in Figure 16a, and 80% to 90% of range bins are suppressed in Figure 16b. The results show that the proposed estimation method can maintain a high sea clutter suppression rate while maintaining the perception rate.




4.2. Validation of the Sea Clutter Suppression Stage


In this section, an ablation experiment was constructed to analyze the effects of the sea clutter suppression stage. The proposed detection method was compared to the long-time coherent integration strategy similar to FRFT-PAR. The RFT [11] and the fractal dimension (FD) in the FRFT domain (FRFT-FD) [15] were also added to confirm the effectiveness of the proposed sea clutter suppression stage. In this experiment, other settings were the same except for the sea clutter suppression stage.



Figure 17a describes the changes in detection rate with SNR for different methods. Meanwhile, 3721 target samples and 3271 sea clutter samples were randomly extracted from the 20 datasets and Figure 17b describes the ROC curves of different algorithms. Table 4 gives their average detection performances at four polarization modes for different observation times.



The detection performances of the FRFT-PAR improved a lot with the help of the sea clutter suppression stage. When the observation time was 0.512 s, the detection rate of FRFT-PAR improved from 65.1% to 94.0% in HH polarization in Table 4. The maximum increase of the detection rate can reach 30%. Compared to other detection methods, the advantages of the proposed detection methods are even more obvious in Figure 17a,b. It holds a stable detection performance along the whole process in Figure 17a, while the detection curves of other algorithms show large fluctuations.



Besides, owing to the fact that the sea clutter is effectively suppressed by the sea clutter suppression stage, the computation cost of the proposed FRFT detector is moderate because the long-time coherent integration is completed in the few interested range bins. When the rotation angle obeys   α ∈ [ − 2 , 2 ]  , the search step is 0.001, and the number of range bins is 100. The iteration times for one range bin are   4 ×   10  3    and the total iteration times are   4 ×   10  5   . With the sea clutter suppression, the iteration times can be reduced to   4 ×   10  4   , and about   3.6 ×   10  5    iteration times are reduced.




4.3. Comparison of the Computational Complexity


To evaluate the proposed method more intuitively, the computational complexity of different algorithms mentioned in this paper is illustrated in Table 5.



In Table 5,  M ,  N ,    N 1   ,    N 2   ,    N 3   , and    N 4    represent the number of range bins, the number of echoes, the group of the echoes, the number of the reference range bin, the number of iterations in FRFT, and the perception rate in Section 4.1, respectively. The procedures of the above algorithms mainly include the calculations of short-time Fourier transform (STFT), singular value decomposition (SVD), covariance matrix estimation, and FRFT. For the   M ∗ N   two-dimensional radar data, the calculations of STFT and FRFT can be solved by fast Fourier transform (FFT), and the computational complexity of FFT is   O ( M N   log  2  N )  . The computational complexity of SVD is   O (  N 3  )  , and the computational complexity of covariance matrix estimation is represented as   O ( M  N 2   N 2  )  .



As for the proposed detection method, the computation of the correlation estimation includes the calculation of SACT and WCCT, and its computational complexity is   O ( M  N 1  ( N   log  2  N +  N 2  N log N ) )  , which can be several times that of CF and RFT. Compared with CSM, CANMF, FD, and FRFT-PAR, the calculation of the selective whitening filter and target decision stage is much lower because it improves the selectivity of the calculation by correlation estimation, and the total computational complexity is   O ( ( 1 −  N 4  ) M (  N 2   N 2  +  N 2  +  N 3  N   log  2  N ) )  . In this way, a lot of computations are saved.



In a word, the computational complexity of the method proposed in this paper was increased compared with other methods, but it is generally controlled within a certain range.





5. Conclusions


A low observable radar target detection method based on sea clutter correlation estimation is proposed in this paper, which consists of the sea clutter suppression stage and target detection stage. In the sea clutter suppression stage, the correlation time differences in the time domain and the space domain are adopted to estimate the correlation of sea clutter. According to the estimation results, the sea clutter in different range bins is suppressed. After that, a selective whitening filter is presented, which is performed more adaptively according to the estimation results and can facilitate the suppression of the sea clutter in the echo components. In the decision stage, the peak average ratio in the fractional Fourier domain (FRFT-PAR) is presented, which is adopted to make better use of the energy accumulation characteristics and further suppress the interference of sea clutter. Experiments on the IPIX datasets with various observation times and polarization modes are included. The results indicate that the proposed detection method can effectively suppress the sea clutter and achieve better target detection performance than baseline algorithms. Besides, the computational complexity of the proposed detection method is also controlled within a certain range.



However, the detection performance of the proposed detection method depends on the accuracy of correlation estimation. The thresholds of the proposed correlation estimation are derived from the statistical experiments, which are not adaptive and need to be adjusted in different scenarios. Furthermore, the proposed detection method is not tested with the secondary bin, whose existence will make the characteristic analysis of sea clutter more complicated. The way to maintain more steady detection performances will be our future works.
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Figure 1. Flow chart of the proposed algorithm. 
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Figure 2. Flow chart of the proposed sea clutter suppression stage. (a) Sea clutter suppression method based on correlation time estimation. (b) Selective whitening filter. 
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Figure 3. Diagram of the SACT. (a) SACT of IPIX-#1. (b) SACT of IPIX-#11. 
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Figure 4. Diagram of the WCCT. (a) WCCT of IPIX-#1. (b) WCCT of IPIX-#11. 
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Figure 5. Statistical results of the SACT. (a) SACT of IPIX-1993. (b) SACT of IPIX-1998. 
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Figure 6. Statistical results of the WCCT. (a) WCCT of IPIX-1993. (b) WCCT of IPIX-1998. 
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Figure 7. Comparison results of whitening filter on IPIX-#1. (a) Raw data (5.70 dB). (b) Traditional whitening (4.08 dB). (c) Selective whitening (12.32 dB). 
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Figure 8. Comparison results of whitening filter on IPIX-#11. (a) Raw data (6.70 dB). (b) Traditional whitening (10.24 dB). (c) Selective whitening(17.04dB). 
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Figure 9. Flow chart of the proposed decision methods. 
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Figure 10. Comparison results of peak average ratio. (a) IPIX-#1. (b) IPIX-#11. 
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Figure 11. Statistical results of the FRFT-PAR. (a) FRFT-PAR of IPIX-1993. (b) FRFT-PAR of IPIX-1998. 
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Figure 12. Statistical results of data signal-to-noise ratio. (a) IPIX-1993. (b) IPIX-1998. 
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Figure 13. Target detection results of IPIX-1993 dataset. (a) HH. (b) HV. (c) VH. (d) VV. 
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Figure 14. Target detection results on IPIX-1998 dataset. (a) HH. (b) HV. (c) VH. (d) VV. 
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Figure 15. Target detection probability (observation time 2.048 s). (a) Detection rates of different algorithms. (b) ROC curves of different algorithms. 
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Figure 16. Quantitative indicators of the proposed correlation estimation method. (a) perception rate. (b) suppression rate. 
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Figure 17. Target detection probability (observation time 2.048 s). (a) Detection rates of different algorithms. (b) ROC curves of different algorithms. 
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Table 1. Descriptions of the datasets of the IPIX radar database.
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	Label
	File Name
	WS

(km/h)
	SWH

(m)
	Angle

(Degree)
	Primary





	1
	19931107_135603_starea17
	9
	2.2
	9
	8



	2
	19931107_145028_starea19
	-
	-
	-
	5



	3
	19931108_220902_starea26
	9
	1.1
	97
	6



	4
	19931109_191449_starea30
	19
	0.9
	98
	6



	5
	19931111_163625_starea54
	20
	0.7
	8
	7



	6
	19931118_023604_stareC0000280
	10
	1.6
	130
	7



	7
	19931118_035737_stareC0000283
	-
	-
	-
	8



	8
	19931118_162155_stareC0000310
	33
	0.9
	30
	6



	9
	19931118_162658_stareC0000311
	33
	0.9
	40
	6



	10
	19931118_174259_stareC0000320
	28
	0.9
	30
	6



	11
	19980204_163113_ANTSTEP6
	-
	-
	165
	23



	12
	19980204_202225_ANTSTEP21
	-
	-
	165
	23



	13
	19980204_202525_ANTSTEP22
	-
	-
	180
	6



	14
	19980205_171437_ANTSTEP41
	-
	-
	180
	6



	15
	19980205_180558_ANTSTEP46
	-
	-
	180
	6



	16
	19980212_195704_ANTSTEP65
	-
	-
	180
	6



	17
	19980223_164055_ANTSTEP82
	-
	-
	165
	30



	18
	19980223_173317_ANTSTEP91
	-
	-
	165
	31



	19
	19980223_173950_ANTSTEP92
	-
	-
	165
	28



	20
	19980304_184537_ANTSTEP204
	-
	-
	-
	21
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Table 2. Classification table of the average signal-to-noise ratio of IPIX radar data.
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	Interval Number
	SNR Interval/dB
	Data Label
	Interval Number
	SNR Interval/dB
	Data Label





	1
	[−1, 2.02]
	4
	9
	[11.3, 11.9]
	2, 7, 10



	2
	[2.54, 3.05]
	8
	10
	[11.9, 12.4]
	1



	3
	[5.12, 5.64]
	3
	11
	[12.4, 12.9]
	9



	4
	[5.64, 6.16]
	6
	12
	[14.4, 15]
	5, 13



	5
	[6.68, 7.19]
	18
	13
	[15, 15.5]
	15



	6
	[7.19, 7.71]
	19
	14
	[16, 16.5]
	12



	7
	[9.26, 9.78]
	11, 17, 20
	15
	[16.5, 17]
	16



	8
	[10.3, 10.8]
	14
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Table 3. Average detection probabilities of the detectors on the 20 datasets at four polarizations.
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Observation Time(s)

	
0.512 s

	
1.024 s




	
Polarizations

	
HH

	
HV

	
VH

	
VV

	
HH

	
HV

	
VH

	
VV




	
CSM detector

	
0.743

	
0.726

	
0.819

	
0.837

	
0.793

	
0.779

	
0.846

	
0.861




	
CF detector

	
0.672

	
0.604

	
0.840

	
0.854

	
0.762

	
0.700

	
0.891

	
0.906




	
CANMF detector

	
0.843

	
0.784

	
0.894

	
0.884

	
0.873

	
0.820

	
0.907

	
0.905




	
Proposed detector

	
0.940

	
0.807

	
0.990

	
1.000

	
0.834

	
0.894

	
0.986

	
0.989




	
Observation Time(s)

	
2.048 s

	
4.096 s




	
Polarizations

	
HH

	
HV

	
VH

	
VV

	
HH

	
HV

	
VH

	
VV




	
CSM detector

	
0.855

	
0.866

	
0.881

	
0.900

	
0.929

	
0.904

	
0.896

	
0.903




	
CF detector

	
0.838

	
0.799

	
0.940

	
0.941

	
0.883

	
0.858

	
0.966

	
0.973




	
CANMF detector

	
0.895

	
0.854

	
0.926

	
0.925

	
0.932

	
0.896

	
0.945

	
0.947




	
Proposed detector

	
0.991

	
0.926

	
0.986

	
0.986

	
0.962

	
0.908

	
0.992

	
0.994
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Table 4. Average detection probabilities of the detectors on the 20 datasets at four polarizations.
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Observation Time(s)

	
0.512 s

	
1.024 s




	
Polarizations

	
HH

	
HV

	
VH

	
VV

	
HH

	
HV

	
VH

	
VV




	
RFT detector

	
0.522

	
0.476

	
0.773

	
0.795

	
0.534

	
0.491

	
0.815

	
0.833




	
FRFT-FD detector

	
0.694

	
0.688

	
0.779

	
0.848

	
0.846

	
0.852

	
0.893

	
0.913




	
FRFT-PAR detector

	
0.651

	
0.584

	
0.809

	
0.826

	
0.667

	
0.605

	
0.832

	
0.843




	
Proposed detector

	
0.940

	
0.807

	
0.990

	
1.000

	
0.834

	
0.894

	
0.986

	
0.989




	
Observation Time(s)

	
2.048 s

	
4.096 s




	
Polarizations

	
HH

	
HV

	
VH

	
VV

	
HH

	
HV

	
VH

	
VV




	
RFT detector

	
0.570

	
0.538

	
0.852

	
0.863

	
0.626

	
0.593

	
0.896

	
0.897




	
FD detector

	
0.489

	
0.413

	
0.623

	
0.591

	
0.232

	
0.156

	
0.278

	
0.245




	
FRFT-PAR detector

	
0.702

	
0.638

	
0.859

	
0.866

	
0.725

	
0.654

	
0.879

	
0.888




	
Proposed detector

	
0.991

	
0.926

	
0.986

	
0.986

	
0.962

	
0.908

	
0.992

	
0.994
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Table 5. Computational complexity.






Table 5. Computational complexity.





	Method
	Computation Complexity





	CSM
	   O ( M ( N   log  2  N +  N 2  log N +  N 3  ) )   



	CF
	   O ( M N   log  2  N )   



	CANMF
	   O ( M  N 1   N 2   N 2  + M  N 1   N 2  )   



	RFT
	   O ( N M log M + N M log N )   



	FD
	   O ( M  N 3  N log N + M N )   



	FRFT-PAR
	   O ( M  N 3  N log N + M N )   



	Proposed method
	   O ( M  N 1  ( N   log  2  N +  N 2  N log N ) + ( 1 −  N 4  ) M (  N 2   N 2  +  N 2  +  N 3  N   log  2  N ) )   
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