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Abstract


Matched filtering is widely used in active sonar because of its simplicity and ease of implementation. However, the resolution performance generally depends on the transmitted waveform. Moreover, its detection performance is limited by the high-level sidelobes and seriously degraded in a shallow water environment due to time spread induced by multipath propagation. This paper proposed a method named iterative deconvolution-time reversal (ID-TR), on which the energy of the cross-ambiguity function is modeled, as a convolution of the energy of the auto-ambiguity function of the transmitted signal with the generalized target reflectivity density. Similarly, the generalized target reflectivity density is a convolution of the spread function of channel with the reflectivity density of target as well. The ambiguity caused by the transmitted signal and the spread function of channel are removed by Richardson-Lucy iterative deconvolution and the time reversal processing, respectively. Moreover, this is a special case of the Richardson-Lucy algorithm that the blur function is one-dimensional and time-invariant. Therefore, the iteration deconvolution is actually implemented by the iterative temporal time reversal processing. Due to the iterative time reversal method can focus more and more energy on the strongest target with the iterative number increasing and then the peak-signal power increases, the simulated result shows that the noise reduction can achieve 250 dB in the “ideal” free field environment and 100 dB in a strong multipaths waveguide environment if a 1-ms linear frequency modulation with a 4-kHz frequency bandwidth is transmitted and the number of iteration is 10. Moreover, the range resolution is approximately a delta function. The results of the experiment in a tank show that the noise level is suppressed by more than 70 dB and the reverberation level is suppressed by 3 dB in the case of a single target and the iteration number being 8.
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1. Introduction


Matched filtering (MF) is widely used in active sonar because of its simplicity and ease of implementation [1,2,3,4]. The purpose of active sonar is not only to detect the echo buried in the noise/reverberation but also to estimate the range of the target and distinguish the target echo from clutters to avoid false alarms. In order to achieve the purpose, the sonar system must not only provide a sufficient processing gain to combat the noise but also exhibit a good time and frequency resolution. Moreover, the sidelobe level is another important factor. If the sidelobe is relatively high, the sidelobes of a larger response can bury the mainlobe of a smaller response located nearby. Therefore, the capability of noise reduction, range sidelobe level and range resolution are the three key issues considered by active radar/sonar. The usual way to solve the problems of high sidelobe level or low resolution is radar/sonar waveform design [5,6,7,8,9,10,11]. Generally speaking, different waveforms have different resolution performances. For example, the pulsed continuous wave has a high Doppler resolution on the order of 1/T (T is duration) but lacks range resolution, whereas the linear frequency modulation (LFM) signal has a high range resolution, depending on the bandwidth, but is insensitive to Doppler. Therefore, multiple-input-multiple-output (MIMO) radar systems have been intensively studied in the recent decade, which simultaneously transmit multiple waveforms. After years of research, great progress has been made in MIMO radar waveform design. For the current state of art, sidelobe suppression merely by means of waveform design seems to achieve a limit [11]. Therefore, other approaches, such as the coherent CLEAN algorithm [12] and coherence factor filtering [13,14] have been reported to suppress the sidelobe.



Since it is not meaningful to design waveforms to suppress additive thermal noise, the high gain is usually provided by a high product of the signal bandwidth and duration. For a peak-power-limited sonar system, the improvement in detection performance is mainly reliant on increasing the signal energy/duration under noise-limited detection conditions. The characteristic of rapid time variation in underwater environments may not be suited to the use of signals with a long duration. The other way to combat noise is the design of image reconstruction, which perform Wiener filtering [15] or rational orthogonal wavelet analysis filter bank [16] to suppress noise in active radar on the basis of MIMO waveform design. The shallow water environment is a complicated media with the sea surface upward and the seafloor downward [17,18]. For active sonar in shallow water environments, since the received signal is distorted due to the time-delay and Doppler spread caused by the channel, the received signal comprises the ambiguity of both the transmitted signal and the channel. Therefore, the difficulty of detecting a target is greatly exemplified when a low Doppler target is situated in shallow water environments. It cannot exploit the difference in Doppler between a moving target and the bottom clutter to separate the target echo from the clutter. Analysis based on experimental data demonstrated that a moving target can be “unambiguously” identified in the high Doppler space due to the absence of a high-Doppler background [19,20].



The objective of this paper is to propose an alternative way to provide the active sonar with a superior processing gain, super-resolution and low-level sidelobe. Recent publications have shown that deconvolution-based methods can yield higher resolution and higher processing gain than the conventional methods, such as the CLEAN algorithm [12], Wiener filter [16] and Richardson-Lucy algorithm [21,22,23,24,25]. The Richardson-Lucy algorithm was devised by Richardson [26] and Lucy [27], which is an iterative deconvolution algorithm and recently applied in active radar/sonar to remove the blur caused by the transmitted signal [23,24,25]. In [23,24], the Richardson-Lucy algorithm is applied to the range-Doppler image, whereas it is used to the range image in the case of zero-Doppler in the paper. It will be shown that the iterative deconvolution is actually an iterative time reversal processing in the special case of a one-dimensional, time-invariant blur function, which is easy to be met for the case in the paper. The traditional iterative time reversal is achieved using an array name time reversal mirror [28,29,30,31,32,33,34,35]. This is the first time that the time reversal is implemented in the time domain. Compared with the usual Richardson-Lucy, the special case has many advantageous characteristics. The speed of iterative deconvolution in the paper is much faster than the usual one whose iterative speed is lower than the Wiener filter [23]. Moreover, due to the iterative time reversal can focus more and more energy on the strongest target, the peak-signal power of the iterative deconvolution is higher and higher with the number of iteration increasing. Therefore, the processing gain to combat noise and the peak-to-sidelobe level are greatly improved. Instead of transmitting multiple waveforms [5,6,7,8,9,10,11,12,13,14,15,16], the transmitted signal is a single pulse of LFM in the paper.



The iterative deconvolution can only remove the ambiguity caused by the transmitted signal. Moreover, the knowledge of the spread function of channel cannot be precisely known in practice and then is estimated in [24,25]. In this paper, we put forward an iterative deconvolution-time reversal (ID-TR) method that can also remove the blur caused by the channel using the time-reversal method [28,29,30,31,32,33,34,35]. It is shown below with simulated and real data that the proposed method can not only provide a high resolution beyond Rayleigh resolution limit, a super processing gain that can combat noise and a low sidelobe but also discriminate the target from reverberation to a certain degree under reverberation-limited condition.



This paper is organized as follows. In Section 2, we review the received signals in free environments and in waveguide environments, and model the cross-ambiguity function as a convolution of auto-ambiguity function and the generalized reflectivity density function of the target, and finally put forward the ID-TR method. Section 3 presents the simulation results of target detection using ID-TR and MF in free field and waveguide environments. Section 4 shows the experimental results in a tank. The discussion and conclusion are given in Section 5.




2. Iterative Deconvolution-Time Reversal (ID-TR) Method


2.1. Modeling of the Received Signal


In a free field environment, the signal r(t) reflected by a single target can be modeled as:


  r ( t ) = ρ s ( α t − τ ) + n ( t ) ,  



(1)




where s(t) and n(t) are transmitted signal and noise, respectively, ρ is amplitude attenuation and phase variation, depending on the target reflectivity coefficient and acoustic propagation characteristic, and α and τ are the Doppler and delay, respectively. The proposed method developed for the situation that ignores the Doppler, can be easy to extend to the moving target as in [24].



The received signals of multiple incoherent targets in underwater multipath channel, can be expressed as [4]:


  r ( t ) =   ∑  m = 1  M     ∑  k = 1  K    ρ  m k   s ( t −  τ  m k   )     + n ( t ) = ρ ( t ) ⊗ s ( t ) + n ( t ) ,  



(2)




where M and K are the number of targets and that of the paths, respectively,    ρ  m k    ,    τ  m k     are the variation of amplitude and phase, delay for the m-th target and k-th path, respectively, which are dependent on the parameters of the target and the channel, and  ⊗  is linear convolution.



Since the characteristic of underwater channel is that it bounded in a vertical direction and unbounded in a horizontal direction, the sound propagation should take into account the multipath caused by the reflection from the upper and lower boundary and the refraction by the inhomogeneity of channel. Consider the procedure of active sonar. Provided that the active sonar has a single source element and a single receiver element, ρ(t) should include the forward propagation from the source to target, the target reflectivity function, and the backward propagation from the target to the receiver:


  ρ ( t ) =  h f  ( t ) ⊗ c ( t ) ⊗  h b  ( t ) = h ( t ) ⊗ c ( t ) ,  



(3)




where hf(t), hb(t) are the spread function of the forward and backward propagation channels, respectively, hf(t) = hb(t),   h ( t ) =  h f  ( t ) ⊗  h b  ( t )  , for the static waveguide considered in the paper. The spread function of channel is modeled as the weighted sum of multipath signal. The target reflectivity function consists of the reflectivity parameters of multiple targets.


    h ( t ) =   ∑  k = 1  K    h k  δ ( t −  τ k  )       c ( t ) =   ∑  m = 1  M    c m  δ ( t −  τ m  )      



(4)







Therefore, ρ(t) in Equation (2) should comprise of the characteristics of both target reflection and channel propagation.


  ρ ( t ) = h ( t ) ⊗ c ( t ) =   ∑  m = 1  M     ∑  k = 1  K    h k   c m  δ ( t −  τ k  −  τ m  )      



(5)




ρ(t) includes the effect of the spread function of channel h(t) and the reflectivity density function of the target c(t) and is named as generalized reflectivity density function of the target.



Setting ρmk = hkcm, τmk = τm + τk, we can see that ρ(t) in Equation (5) is equals to that of Equation (2). The free field environment can be treated as a special waveguide environment. The spread function of channel has only direct path, that is K = 1, and becomes h(t) = hδ(t − τ). Therefore, the corresponding generalized target reflectivity density function for a single target is:


  ρ ( t ) = h c δ ( t − τ ) = ρ δ ( t − τ )  



(6)







One finds that Equation (1) can be obtain if we substitute Equation (6) into Equation (2) with α = 1.




2.2. Matched Filter


A sonar/radar uses the delay or the Doppler of the received waveforms as a means of obtaining surveillance information, and requires the use of waveforms that are carefully designed to provide adequate resolution and avoid ambiguity. The major analytical tool used to design such waveforms is the ambiguity function.



The auto-ambiguity function of the transmitted signal s(t) with finite energy is defined as [19]:


  χ ( τ , α ) =    ∫  − ∞  ∞   s ( t )  s α *  ( t − τ ) d t     



(7)




where superscript * is conjugation, and    s α  ( t ) =  α  s ( α t )   is the time compressed or dilated version of the transmitted signal s(t), where α is the compression/dilation ration, referred as the Doppler ratio. One sees that the Doppler and range resolution is determined predominantly by the ambiguity function of the transmitted signal. The wideband cross-ambiguity function of the received signal is a superposition of the wideband auto-ambiguity functions of the transmitted signal delayed by the multipath arrival time and weighted by the multipath amplitude:


   χ c  ( τ , α ) =    ∫  − ∞  ∞   r ( t )  s α *  ( t − τ ) d t    ,  



(8)







For a given Doppler ratio, Equation (8) can be viewed as a matched filter processor, or a correlation receiver, where sα(t), referred to as the replica signal, is used to match (correlate) with the data. We can estimate the range and the Doppler using the matched filter. However, delay and Doppler resolutions are dependent on the main lobe of auto-ambiguity function. Moreover, the gain of the matched filter is also limited by the transmitted signal.




2.3. Convolution Model of Wideband Cross-Ambiguity Function


In order to guarantee their non-negativities, in this paper, we chose the energy of auto-ambiguity function and the cross-ambiguity and set α = 1 by ignoring the Doppler. Equations (7) and (8) can be expressed as:


     |  χ ( τ )  |   2  =    |     ∫  − ∞  ∞   s ( t )  s *  ( t − τ ) d t     |   2  ,  



(9)






     |   χ c  ( τ )  |   2  =    |     ∫  − ∞  ∞   r ( t )  s *  ( t − τ ) d t     |   2   



(10)







Substituting the received signal Equation (2) into Equation (10), we can get the expectation of it as:


      |   χ c  ( τ )  |  2  =   |     ∫  − ∞  ∞     ∑  m = 1  M     ∑  k = 1  K    ρ  m k   s ( t −  τ  m k   )      s *  ( t − τ ) d t     |  2  =   |    ∑  m = 1  M     ∑  k = 1  K    ρ  m k      ∫  − ∞  ∞   s ( t −  τ  m k   )  s *  ( t − τ ) d t         |  2      =   |    ∑  m = 1  M     ∑  k = 1  K    ρ  m k   χ ( τ −  τ  m k   )      |  2  ≠   |  ρ ( τ )  |  2  ⊗   |  χ ( τ )  |  2     



(11)







If and only if it is in the free field environment      |    ∑  m = 1  M     ∑  k = 1  K    ρ  m k   χ ( τ −  τ  m k   )      |   2  =    |  ρ ( τ )  |   2  ⊗    |  χ ( τ )  |   2   . For simplification, we ignore the absolute value sign    ‖ 2    in the following derivation process.




2.4. Iterative Deconvolution-Time Reversal Method


The question is how to estimate the generalized target reflectivity density function in Equation (11). This is a deconvolution process with the prior knowledge including the sampling cross-ambiguity function χc(τ) and the auto-ambigity function χ(τ) of the transmitted signal.



The estimation of an image from noisy data can be treated by the principle of maximum likelihood. The Richardson–Lucy deconvolution algorithm is derived by Richardson and Lucy from Bayes formula of probability theory. In this paper, the Richardson-Lucy algorithm is developed using information theory [36], which minimize a discrepancy measurement named Csiszár discrimination


  L  (  a ( x ) , b ( x )  )  =    ∫  − ∞  ∞   a ( x ) log   a ( x )   b ( x )   d x −    ∫  − ∞  ∞   [ a ( x ) − b ( x ) ] d x       ,  



(12)




where a(x) and b(x) are elements of the space of nonnegative real functions. The Csiszár discrimination is an appropriate way to measure the separation between nonnegative functions.



The energies of χc(τ) and χ(τ) are nonnegative. At the same time, we can ensure that the integral of χc(τ) and χ(τ) are one by rescaling ρ(τ). The estimation of cross-ambiguity function is:


  E [   χ ^  c  ( τ ) ] =    ∫  − ∞  ∞   ρ ( v ) χ ( τ  | v  ) d v    .  



(13)




where   χ (  τ |  v )   becomes the impulse response function of the filter that need not be time invariant in general.



The task is that we find a nonnegative function ρ(v) that integrates to one and minimizes the discrimination [37]:


  L  (   χ c  ( τ ) , E [   χ ^  c  ( τ ) ]  )  = L  (   χ c  ( τ ) ,    ∫  − ∞  ∞   ρ ( v ) χ (  τ |  v ) d v     )  =    ∫  − ∞  ∞    χ c  ( τ ) log    χ c  ( τ )      ∫  − ∞  ∞   ρ ( v ) χ (  τ |  v )    d v   d τ     



(14)







The Csiszár discrimination is nonnegative and equal to zeros if and only if    χ c  ( τ ) = E [   χ ^  c  ( τ ) ]   [38]. The function that achieves the minimum is written as:


   ρ ^   ( v )  = arg   min   ρ ( v )      ∫  − ∞  ∞    χ c  ( τ ) log    χ c  ( τ )      ∫  − ∞  ∞   ρ ( v ) χ (  τ |  v )    d v   d τ     



(15)







Any solution that achieves the desired minimum must satisfy the Kuhn-Tucker condition [38]:


     ∫  − ∞  ∞     χ (  τ |  v )      ∫  − ∞  ∞   ρ ( v ) χ (  τ |  v )    d v    χ c  ( τ ) d τ    =  {      =  H 0  ( v )       ≤  H 0  ( v )       ,  



(16)




with equality at all v for which ρ(v) is nonnegative and nonzero, where    H 0  ( v ) =    ∫  − ∞  ∞   χ ( τ  |  v ) d v       , which equals to one by rescaling ρ(τ).



It is difficult to find out its analytical solution, whereas the iterative solution can be obtained by multiplying through by ρ(v) in Equation (16) with equality at all v:


   ρ   (  r + 1  )     ( v )    =  ρ   ( r )     ( v )     ∫  − ∞  ∞     χ (  τ |  v )      ∫  − ∞  ∞   χ (  τ |  v )     ρ  ( r )   ( v ) d v    χ c  ( τ ) d τ    ,  



(17)




where r is the number of iteration. The recursion is the expression of the Richardson-Lucy algorithm. It was proved that the Kullback discrimination (that is Csiszár discrimination in information theory) of the Richardson-Lucy algorithm is monotonically decreasing with the number of iterations increasing. Finally, the solution must converge to the desired function [38].



In the special case of a one-dimensional, time-invariant blur function, the integrals become convolutions and Equation (17) can be expressed as:


   ρ   (  r + 1  )     ( τ )    =  ρ   ( r )     ( τ )    χ ( τ )   χ ( τ ) ⊗  ρ   ( r )     ( τ )    ⊗  χ c  ( − τ )  



(18)







In this paper, this situation can be met as shown in Equation (11) and then the iterative deconvolution is achieved using Equation (18). This is a similar procedure as iterative time reversal processing. However, the traditional iterative time reversal is achieved using an array named time reversal mirror. Now the time reversal is implemented not in space but in the time domain. Compared to the general Richardson-Lucy algorithm, the special case has a superior ability of anti-noise and a rapid speed of convergence.



However, the knowledge of multipath channel cannot be precisely known in practice. The channel function is estimated in [24,25]. Provided that the number of iterations is R, the final solution of generalized target reflectivity density function is    ρ R  ( v )  , which can be expressed as the convolution of the spread function of channel h(v) and the reflectivity density function of the target c(v) such as in Equation (5):


   ρ R  ( v ) = h ( v ) ⊗ c ( v )  



(19)







To emphasize the impact of the channel propagation effects (multipath) induced by the clutter and to keep the focus on the role of time reversal on detection, the extreme case of either a single antenna in the monostatic context or a single transmitting antenna and a single receiving antenna in the bistatic problem is considered [35]. In this paper, to remove the blur caused by the channel propagation, we use the time reversal method with a single antenna based on the concept that time reversal is equivalent to phase-conjugation in the frequency domain where the power detector analysis will be carried out [35,39]. The generalized target reflectivity density function is transformed into Fourier in a short time window between (v, v + Δτ):


   ρ  R *   ( f , v ) =  c *  ( f , v )  h *  ( f , v ) .  



(20)







The traditional time reversal method is that the signal is retransmitted into the real or modeled channel to focus on the target and then obtain the reflectivity density function of the target, which is called time reversal or numerical time reversal method [28,29,30,31,32,33,34]. As mentioned above, it is difficult to know the channel function. We achieve the time reversal process by multiplying    ρ R  ( f , v )   with its own conjugation, which is a power detector:


     |   ρ R  ( f , v )  |   2  =  ρ  R *   ( f , v )  ρ R  ( f , v ) =  c *  ( f , v )  h *  ( f , v ) h ( f , v ) c ( f , v ) =    |  c ( f , v )  |   2  ,  



(21)




where      |  h ( f , v )  |   2  = 1   provided that the channel function is normalized. In this case, the reflectivity energy density function of the target can be obtained. In fact, because the final result obtained by iterative deconvolution is not    ρ R  ( v )   but      |   ρ R  ( v )  |   2   , especially in free field environments, this time reversal step in Equation (21) is redundant. However, in waveguide environments, it can accumulate multipath components by setting the duration of the transmitted signal as the length of the block. If the duration of transmitted signal is long, the length of the block can be set as half of the duration of the transmitted signal. In the following signal processing, the length of block equals the duration of transmitted signal in the case of 0.5 ms and half of the duration of transmitted signal in the case of 1 ms. From the following analysis of simulation and experimental data in the tank, the process of iterative deconvolution has removed the blur caused by both the transmitted signal and most parts of the spread of the channel. The final time reversal processing is not very useful and can be discarded.



One can find that the ambiguity caused by the transmitted signal is removed by the iterative deconvolution and the blur caused by the multipath propagation is removed by the time reversal. Finally, we can get the reflectivity energy density of the target as a function of frequency and time-delay. This method is named the ID-TR filter.





3. Simulation Results


3.1. The Resolution of the ID-TR Filter


3.1.1. The Case in Free Field Environments


In the first simulation, the delay resolution capabilities of the proposed method and the MF are investigated. The transmitted signal is a 1-ms LFM with a central frequency of 12 kHz and a 4-kHz frequency bandwidth. The sampling frequency is 50 kHz.



Provided that a target is placed at the position of 10 m, the received signal is simulated according to the model in Equation (1) with α = 1, which is an ideal target echo. In order to analysis the resolution, it is assumed that there is noise containing in the same target echo with added noise to guarantee the signal-to-noise ratio (SNR) of 20 and 0 dB, respectively. The width of the main lobe is measured by the sectional view that the amplitude is dropping to −3 dB of the maximum value. The result of MF is generated according to Equation (10). The result of generalized target reflectivity density function ρ(τ) is obtained according to Equation (18). The result of reflectivity density function of the target c(v) is obtained according to Equation (21). As shown in Figure 1, the width of main lobe of range is 0.3 m for the MF, whereas the resolution after iterative deconvolution with iteration number being 10 is approximately a delta function. The process of iterative deconvolution is implemented as iterative time reversal processing, as shown in Equation (18). With the number of iterations increasing, the ambiguity caused by the transmitted signal is more and more removed by deconvolution. The energy is concentrating and concentrating, and then finally becomes a delta function. Moreover, the first sidelobe of the MF is approximately −11 dB, whereas the first sidelobe of iterative deconvolution and the ID-TR filter is very low.



For the traditional methods, the width of the peak of the ambiguity surface reveals the resolution in delay and Doppler—the accuracy to which a target’s range and radial speed can be estimated. In active sonar, the pulsed continuous wave and linear/hyperbolic frequency modulation signal are often used in sequence [19]. When there is only one target, one can determine that target range and speed using linear/hyperbolic frequency modulation signal and pulsed continuous wave separately. Moreover, the process of deconvolution can be implemented with a long time window. This high-resolution characteristic is easy to extend to Doppler, which is demonstrated in [24].




3.1.2. The Case in Waveguide Environments


The experimental environments and setup are shown is Figure 2, which is the laboratary waveguide. The laboratory waveguide is 1.44 m in water depth. The floor of the tank is covered with 0.22-m-thick sand, which is the sediment. The environmental parameters in the tank are as follows. The water speed is calculated as c1 = 1493 m/s by measuring water temperature and the water density is ρ1 = 1000 kg/m3. The speed in sediment is c2 = 1650 m/s, the density is ρ2 = 1800 kg/m3 and the attenuation coefficient is α2 = 0.67 dB/λ. The speed in basement is c3 = 1580 m/s, the density is ρ3 = 1800 kg/m3 and the attenuation coefficient is α3 = 0.8 dB/λ. The target is assumed in the range of 10 m and at depth of 0.6 m. The receiver is assumed at depth of 0.6 m. We use KRAKEN to calculate the sound pressure (Green’s function) in the frequency domain provided that the soure time series has the form   s ( t ) =  e  j ω t     [40]:


  p ( r , z ) ≈  i  4 ρ (  z s  )   8 π r      e  − i π / 4     ∑  n = 1  ∞    z n  (  z s    )  z n  ( z )    e  i  k n  r        k n       



(22)




where p(r,z) is the pressure in range of r and at a depth of z, zn(z) is a mode shape function of nth propagation mode, kn is a horizontal propagation wavenumber, zs is the depth of source, and ρ(zs) is the density at the location of source. The Green’s functions are both the spread function of forward hf(t) and backward propagation channel hb(t) in Equation (3), which are normalized to one to guarantee different SNR. The target echo is generated using Equation (2) for a point target with reflectivity density function of the target setting as one, which spreads in time from duration of 1 to 4 ms due to the multipath propagation, as shown in Figure 3b. One finds that the target echo emerges into the noise with SNR = 0 dB in Figure 3a. We generate 200 realizations to obtain the results.



As shown in Figure 4, all the results can distinguish the two closely spaced multipath components, which are locate at the range of 10 and 10.5 m and correspond to the first two largest separated components in Figure 3b, respectively. The capability of energy concentration provide by the iterative deconvolution can achieve a resolution beyond Rayleigh limit (green line) in Figure 4a. Moreover, since the received signal is distorted by the multipath propagation, the first sidelobe located in range of 9.2 m increases to −8 dB in Figure 4a, whereas it is less than −10 dB in Figure 1a. One finds that the other multipath components can not be separated when the time delay is larger than 2 ms in Figure 3b. When the SNR is high, since the output level is −5 dB in a range between 11 and 12 m, whereas the output level of noise is only −25 dB, one find out that they can be detected using MF. However, when the SNR is lower, these components are treated as noise since they have the same output level as the noise in Figure 4b. As for ID-TR, it focuses on the strongest components with the sharpest resolution and then these components are greatly suppressed.





3.2. Targets Under Noise-Limited Condition


3.2.1. The Case in Free Field Environments


Under noise-limited detection conditions, the traditional way to improve the detection performance is to increase the signal energy/duration. In order to investigate its capability of anti-noise, provided that a target is at the position of 10 m, we generate 200 independent noise realizations added into the same target echo to ensure the signal-to-noise ratio (SNR) of 0 dB. For long received signal time series, one sometimes needs to divide the data into blocks using sliding (overlapping) windows to search for the target echo. Each block of data is processed using a matched filter to produce an output time series, which is also the first procedure for the ID-TR filter. The received signal is divided into blocks of equal length, which is the duration of transmitted signal in the paper. It is important that the support of s(t) is shorter than (or equal to) the length of a block and that this support is entirely included in one block [1]. This is unrealistic for the previous works due to the duration of transmitted signal is very long in order to guarantee the resolution and detection performance. The active sonar needs the transmitted signal with long duration to combat the noise [1,19,20]. However, this is a non-trivial task for the ID-TR method since it can provide a high resolution and super gain using iterative deconvolution and time reversal processing. Moreover, the iterative deconvolution can be implemented with a time window as long as possible. The target signal may be split between blocks in the procedure of the matched filter. How to recover the signal requires precise synchronization between the output signals (between different blocks). This problem is solved by the overlap-add method [41]. We cut the received signal into nonoverlapping sections of length that equal the duration of the transmitted signal N (N = Tfs, where fs is the sampling frequency). The transmitted signal and each block of the received signal are transformed into Fourier using (2N −1)-point fast Fourier transform which is expressed as s(f) and rl(f), where l is the lth block. The number of the point 2N −1 equals to the length of the convolution of the transmitted signal and each block of the received signal. The cross-ambiguity is implemented by the product of rl(f) and the conjugation of s(f) and then transform into time domain using invert fast Fourier transform. The overlap samples N − 1 of output are added in carrying out the sum to achieve the cross-ambiguity as a function of time delay. The iterative deconvolution is implemented using Equation (18) by regarding the output of matched filter as one block.



The results of 200 realizations are averaged to obtain their means, as shown in Figure 5. Figure 5a shows that an improvement of in the output SNR of MF is 11 dB, whereas the improvements of iterative deconvolution and ID-TR are approximately 60 dB in Figure 5b and 250 dB in Figure 5c, respectively. The first sidelobe of MF is approximately −11 dB. One can find that the ID-TR method has a superior gain to combat the noise. The gain is higher and higher with the number of iteration increasing and finally becomes a fixed value [24]. It has known that the array gain reflects the improvement in SNR obtained using the array, which is determined by the number of array element [42]. Using deconvolved conventional beamforming, the improvement of the array gain is about 5 dB [43]. In this paper, the iterative deconvolution is achieved in the time domain. The improvement in the array gain provided by deconvolution is limited by the array aperture, whereas the gain provided by deconvolution in the time domain is greatly improved by increasing the length of time that is 80 ms in the paper. The principle is somewhat similar to that of synthetic aperture sonar.



In the case of multiple targets, provided that there are two targets at the positions of 10 m and 11 m with a signal-to-noise ratio of 0 and 2 dB, respectively, we generate 200 independent noise realizations. As shown in Figure 6a, the relative level between the two targets is 2 dB, which is the true relative level between the two targets. However, it becomes 20 dB in Figure 6b and 100 dB in Figure 6c, respectively. Therefore, the energy is more and more focusing on the strongest target with the number of iterations increasing. In fact, the process of deconvolution is achieved in Equation (18) by the iterative time reversal method that the cross-ambiguity is reversed in time and then retransmitted numerically to remove the ambiguity caused by the transmitted signal. A time reversal method is implemented in Equation (21) to remove the blur caused by the channel. Therefore, the ID-TR method is an iterative time reversal processing. The characteristic of iterative time reversal processing is that it can focus on the strongest target finally [28,31,32]. However, the traditional iterative time reversal is implemented using time reversal array to remove the blur caused by the channel.




3.2.2. The Case in Waveguide Environments


The received signal is the same as that in Figure 3a with SNR = 0 dB. We generate 200 independent noise realizations and average to obtain the results in Figure 7. Due to the multipath propagation, the received signal is distorted and then the detection performance is degrated as compared to Figure 5. Figure 7a shows that the improvement in the output SNR of MF becomes 6 dB with a performance degradation of 5 dB compared to the ideal case in Figure 5a. The improvements in the output SNR of iterative deconvolution and ID-TR method is 30 dB and 100 dB. Since the last equation in Equation (11) is not ture in waveguide environments, the performance degradation of the ID-TR method is more serious than that of the MF. However, it still has a superior gain to combat the noise. Although the multipath components after 2 ms in Figure 3b are greatly suppressed compared to the strongest component in range of 10 m, they obviously present as peaks in a range between 11 and 12 m in Figure 7c due to the superior anti-noise capability of the ID-TR method.



In the multiple targets case, we assumed that there are two point targets in the range of 8 and 10 m and at depth of 0.6 m, the SNR of which is 0 and 2 dB, respectively. Due to the coupling between the two targets [44,45], the target echo in range of 10 m in Figure 8b is different with that in Figure 3b. The target echo includes the forward propagation from the source to target, the target reflectivity function, and the backward propagation from the target to the receiver. Therefore, the echoes of the two targets are different from each other for the same target but at different positions of waveguide due to the forward propagation from the source to target, and the backward propagation from the target to the receiver are different. We generate 200 independent noise realizations and average to obtain the results in Figure 9.



Due to the fact that the two targets are close to each other and the SNR is low, it is not easy to find out the multipath components for both targets. Compared to the two targets in free field environments, the performance degradation of MF is 7 dB since the peak to side ratio is from −13 dB in Figure 6a to −6 dB in Figure 9a. In waveguide environments, the noise background becomes more fluctuant than MF after using iterative deconvolution, as shown in Figure 7 and Figure 9. However, the improvements in the output SNR of iterative deconvolution and ID-TR method is still 25 dB and 100 dB. Although the performance degradation of the ID-TR method is more serious than that of the MF, it still has a superior gain to combat the noise. The performance degradation is similar as the case for a single target in Figure 7.






4. Experimental Results


4.1. The Case of an Extended Target


As analyzed above, the implementation of the ID-TR filter is a process of iterative time reversal. It has been demonstrated that the time reversal has a superior ability to suppress the reverberation [28,29,30,31,32,33,34]. In order to investigate the performance of the ID-TR filter under reverberation condition, two experiments have been carried out in a tank. Target detection is more difficult in a reverberation/clutter-limited environment, where the clutters are often target like, and detection might not improve by increasing the number of iterations (in contrast to the noise limited case). It is noted that the reverberation in real oceans is highly non-Gaussian, and clutter varies significantly depending on the bottom and is very difficult to model either analytically or numerically. For reverberation/clutter-limited environments, one is often forced to use real data for performance evaluation [20]. This paper studies the performance of the ID-TR method in a reverberation-limited environment using experimental data in a tank.



The experimental environments and setup are as shown in Figure 2. The laboratory waveguide is 1.44 m in depth, 1.2 m in width and 14 m in length. The source-receiver array (SRA) of 32 elements is vertically deployed from the surface to the floor. The first transducer is 0.04 m apart from the surface. The space between elements is 0.04 m with array aperture equaling to the water depth. Underwater sound absorbing materials stick on the three sides of the tank. The other side is a steel plate at a range of 13 m from SRA, which is used for producing waves. The floor of the tank is covered with 0.22-m-thick sand, which is the sediment. In the first experiment, some bricks are placed on the sand to generate strong reverberation, which are settled in the softer sand. In order to exclude the high scatter near the source, the data of analysis is chosen in the range between 2 and 14 m. The target is an air-filled steel cylindrical shell with a diameter of 0.21 m and a length of 0.51 m in the first experiment, which is approximately placed in the range of 8.5 m on the seafloor. An exact definition of extend targets has not existed at present, but it usually regards the target whose typical size is comparable to the acoustic wavelength as an extended one [33]. The transmitted signal is a 1-ms LFM with a central frequency of 12 kHz and a 4-kHz frequency bandwidth. The SRA transmits a broadside ping, that is, each source element transmits LFM with equal amplitude.



We chose the signal received by the 15th array element placed at the depth of 0.6 m to achieve the target detection and range estimation. The number of iterations is 8. The results are shown in Figure 10. The noise level is suppressed by more than 20 dB by using iterative deconvolution, whereas the reverberation level in the range of 4 m is only suppressed by less than 3 dB in Figure 10b. We ignore the strong returns in the range of 13 m, which are caused by the steel plate. By removing the blur caused by the spread of the channel, one finds that the reverberation is suppressed by more than 2 dB in the range of 4 m and the noise is suppressed by more than 50 dB by the time reversal processing in Figure 10c. The processing gain of ID-TR is more than 70 dB. One finds that it is difficult to suppress the reverberation with the similar level as the target.




4.2. The Case of Ideally Resolved and Extended Targets


For the second experiment, the targets are two extended targets that are the same as the steel cylindrical shell used in the first experiment. One is place at the bottom of tank is in range of 5.9 m and the other is in range of 7.9 m and at a depth of 0.83 m. The transmitted signal is a 0.5 ms LFM with a central frequency of 18 kHz and a 4 kHz frequency bandwidth. The 12th element of SRA at depth 0.48 m acts as a source to transmit the signal. The bricks are removed.



The receiver waveform after MF processing is shown in Figure 11a for a target range of 3 to 12 m. One observes many scattered returns if a single element is used. The high-level returns are suppressed by 5 dB by using iterative deconvolution with the iteration number being 3. The number of iterations is small to guarantee the weak target not to be simultaneously suppressed in Figure 11b. The two targets can be simultaneously detected using the ID-TR method in Figure 11c. However, due to the duration of transmitted signal is short and the size of target is big, two peaks simultaneously present in the range of 6 m and the mainlobe of the two targets are widened.



We average all the results of the array elements to achieve the target detection and range estimation. Since the weak target can be greatly suppressed using ID-TR, the number of iterations is 3. The results are shown in Figure 12. The receiver waveform after MF processing is shown in Figure 12a, the two targets are at a range of 6 and 8 m, respectively, which is a similar result by using the ID-TR method with a single element in Figure 11c. Due to the short duration of the transmitted signal and a big size of the target, one finds that two peaks are simultaneously present at the range of 8 m using a matched filter in Figure 12a. By removing the ambiguity caused by the transmitted signal and the channel, one observes that two peaks combine into one peak in Figure 12c. The weak target is suppressed more than 2 dB in Figure 11c. Therefore, the number of iterations should be set to a smaller number in practical application. The depth of the tank is only 1.44 m, and then the multipaths are very strong. Moreover, the size of the target is very big compared with the tank. The time reversal processing in Equation (21) is actually accumulated all the components caused by the multipaths and the extended target, which can also be demonstrated both in Figure 10 and Figure 11.





5. Discussion


MF is widely used in active sonar because of its simplicity and ease of implementation. The major drawback of the matched filtering is that its processing gain and resolution are limited by the transmitted signal. Modern high-gain active sonar uses wideband and/or long duration signals to improve the signal-to-reverberation ratio. However, it may not be suited to the use of signals with a long duration since underwater environments exhibit rapid time variation. We put forward an ID-TR method that can achieve super-resolution and a high processing gain in the condition of smaller bandwidth and shorter time duration.



The underlying physical process of wave propagation would be unchanged if time is reversed. This is a special case of the Richardson-Lucy algorithm that the blur function is one-dimensional and time-invariant. Therefore, the iteration deconvolution can be implemented by the iterative time reversal processing. Different with the conventional time reversal method, the time reversal processing is implemented not in space but in the time domain. Compared to the general Richardson-Lucy algorithm, the special case has a superior ability of anti-noise and a rapid speed of convergence, which will be discussed in detail in the future.



For an “ideal” case that the received signal is a time-delay of the transmitted signal, the sidelobe of the MF in this paper is −11 dB and then the gain of MF is 11 dB. The gain of ID-TR is 250 dB when the number of iterations is 10 with a resolution as a delta function. In a waveguide environment with strong multipaths, the received signal is greatly distorted due to the superposition of multiple components of target echoes from different paths. The gain of MF is degraded from 11 to 6 dB, whereas the gain of ID-TR decreases from 250 to 100 dB. Although the performance degradation of the ID-TR is more serious than that of the MF, the ID-TR still has enough gain to combat the noise. In fact, the procedure of iterative deconvolution is implemented by iterative time reversal processing. Therefore, with the number of iterations increasing, the energy is more and more concentrating on the strongest target when more than two targets present. However, the weak target can still emerge out from the noise due to the superior ability of anti-noise provided by the ID-TR method. In the practical application, the number of iterations should be set to a smaller number in order to detect the weak target. It is not suitable to apply in a high clutter environment and we are trying to solve it. It is possible that it can be solved in the future. From the analysis of simulation and experimental data in the tank, the process of iterative deconvolution has removed the blur caused by both the transmitted signal and most parts of the spread of the channel. The final time reversal processing is not very useful and can be discarded.



When the reverberation is dominant, the MF output often contains many high-level returns of comparable levels as the target echo, which is known as clutter and can confuse the target. For the traditional method, clutters are the reasons for a high probability of false alarm in the case of a small number of snapshots (small number of pings). Using a single snapshot and a single receiver, the ID-TR can differentiate the target echo from the clutter to a certain degree due to the capability of reverberation suppression provided by the iterative time reversal, which is demonstrated by the experimental data in a tank. Moreover, the ID-TR is very easy to be implemented by FFT and IFFT. However, the experimental tank is not a strong reverberation environment, whereas it is more like a noise-limited detection condition. Therefore, the ability of the anti-reverberation of ID-TR has not been demonstrated. This is one of the works that should be done in the future.




6. Conclusions


In this paper, we put forward an ID-TR method, which can simultaneously remove the blur caused by the transmitted signal and the spread function of channel. Therefore, the range resolution is approximately a delta function even though the transmitted signal is a LFM with a central frequency of 12 kHz and a 4-kHz frequency bandwidth. Moreover, the peak-signal power is becoming larger and larger with the number of iteration increasing. Therefore, the peak-to-sidelobe level is improved. The simulated result shows that the noise reduction can achieve 250 dB in the “ideal” free field environment and 100 dB in a strong multipaths waveguide environment if a 1-ms linear frequency modulation with a 4-kHz frequency bandwidth is transmitted and the number of iteration is 10. The results of the experiment in a tank show that the noise level is suppressed by more than 70 dB and the reverberation level is suppressed by 3 dB in the case of a single target and the iteration number being 8.




7. Patents


The patent named an iterative deconvolution-time reversal method for target detection and range estimation is accepted with number 202010123948.1 in China.
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Nomenclature




	r(t)
	received signal



	s(t)
	transmitted signal



	n(t)
	noise



	hf(t)
	spread function of forward propagation channel



	hb(t)
	spread function of backward propagation channel



	h(t)
	spread function of channel



	c(t)
	reflectivity density function of the target



	ρ(t)
	generalized reflectivity density function of the target



	   χ ( τ , α )   
	auto-ambiguity function



	    χ c  ( τ , α )   
	cross-ambiguity function



	   χ ( τ )   
	auto-ambiguity function with α = 1



	    χ c  ( τ )   
	cross-ambiguity function with α = 1



	α
	Doppler



	τ,v
	time-delay



	t
	time variable



	f
	frequency variable



	M
	the number of targets



	K
	the number of paths



	R
	the number of iterations







References


	



Carmillet, V.; Amblard, P.O.; Jourdain, G. Detection of phase- or frequency-modulated signals in reverberation noise. J. Acoust. Soc. Am. 1999, 105, 3375–3389. [Google Scholar] [CrossRef] [Scilit]

	



Ricker, D.W.; Cutezo, A.J. Estimation of coherent detection performance for spread scattering in reverberation-noise mixtures. J. Acoust. Soc. Am. 1999, 107, 1978–1986. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Allen, W.B.; Westerfield, E.C. Digital compressed-time correlators and matched filters for active sonar. J. Acoust. Soc. Am. 1964, 36, 121–139. [Google Scholar] [CrossRef] [Scilit]

	



Jiang, X.; Zeng, W.J.; Li, X.L. Time delay and Doppler estimation for wideband acoustic signals in multipath environments. J. Acoust. Soc. Am. 2011, 130, 850–857. [Google Scholar] [CrossRef] [Scilit]

	



Yang, Y.; Blum, R.S. Minimax Robust MIMO Radar Waveform Design. IEEE J. Sel. Top. Signal Process. 2007, 1, 147–155. [Google Scholar] [CrossRef] [Scilit]

	



Li, J.; Xu, L.; Petre, S.; Keith, W.F.; Daniel, W.B. Range compression and waveform optimization for MIMO radar: A Cramér-Rao bound based study. IEEE Trans. Signal Process. 2008, 56, 218–232. [Google Scholar]

	



Liu, X.; Sun, C.; Yang, Y.; Zhuo, J. Low sidelobe range profile synthesis for sonar imaging using stepped-frequency pulses. IEEE Geosci. Remote Sens. Lett. 2017, 14, 218–221. [Google Scholar] [CrossRef] [Scilit]

	



Zou, J.; Yang, R.; Luo, S.; Zhou, Y. Range sidelobe suppression for OFDMintegrated radar and communication signal. J. Eng. 2019, 2019, 7624–7627. [Google Scholar]

	



Dong, Y. Implementable phase-coded radar waveforms featuring extra-low range sidelobes and Doppler resilience. IET Radar Sonar Navig. 2019, 13, 1530–1539. [Google Scholar] [CrossRef] [Scilit]

	



Hua, G.; Abeysekera, S.S. Receiver Design for Range and Doppler Sidelobe Suppression Using MIMO and Phased-Array Radar. IEEE Trans. Signal Process. 2013, 61, 1315–1326. [Google Scholar] [CrossRef] [Scilit]

	



Zhou, S.H.; Liu, H.W.; Wang, X.; Cao, Y. MIMO Radar Range-Angular-Doppler Sidelobe Suppression Using Random Space-Time Coding. IEEE Trans. Aerosp. Electron. Syst. 2014, 50, 2047–2060. [Google Scholar] [CrossRef] [Scilit]

	



Berestesky, P.; Attia, E.H. Sidelobe leakage reduction in random phase diversity radar using coherent CLEAN. IEEE Trans. Aerosp. Electron. Syst. 2019, 55, 2426–2435. [Google Scholar] [CrossRef] [Scilit]

	



An, Q.; Hoorfar, A.; Zhang, W.J.; Li, S.Y.; Wang, J.Q. Range coherence factor for down range sidelobes suppression in radar imaging through multilayered dielectric media. IEEE Access 2019, 7, 66910–66918. [Google Scholar] [CrossRef] [Scilit]

	



Li, S.; Amin, M.; An, Q.; Zhao, G.; Sun, H. 2-D Coherence Factor for Sidelobe and Ghost Suppressions in Radar Imaging. IEEE Trans. Antennas Propag. 2020, 68, 1204–1209. [Google Scholar] [CrossRef] [Scilit]

	



Yazici, B.; Xie, G. Wideband extended range-doppler imaging and waveform design in the presence of clutter and noise. IEEE Trans. Inform. Theory 2006, 52, 4563–4580. [Google Scholar] [CrossRef] [Scilit]

	



Yu, L.; Ma, F.; Lim, E.; Cheng, E.; White, L.B. Rational-orthogonal-wavelet-based active sonar pulse and detector design. IEEE J. Ocean. Eng. 2019, 44, 167–178. [Google Scholar] [CrossRef]

	



Tan, D.; Li, L.; Yin, Z.; Li, D.; Zhu, Y.; Zheng, S. Ekman boundary layer mass transfer mechanism of free sink vortex. Int. J. Heat Mass Transf. 2020, 150, 119250. [Google Scholar] [CrossRef] [Scilit]

	



Li, L.; Lu, J.; Fang, H.; Yin, Z.; Wang, T.; Wang, R.; Fan, X.; Zhao, L.; Tan, D.; Wan, Y. Lattice Boltzmann method for fluid-thermal systems: Status, hotspots, trends and outlook. IEEE Access 2020, 8, 27649–27675. [Google Scholar] [CrossRef] [Scilit]

	



Yang, T.C.; Schindall, J.; Huang, C.F.; Liu, J.Y. Clutter reduction using Doppler sonar in a harbor environment. J. Acoust. Soc. Am. 2012, 132, 3053–3067. [Google Scholar] [CrossRef] [Scilit]

	



Yu, G.; Yang, T.C.; Piao, S. Estimating the delay-Doppler of target echo in a high clutter underwater environment using wideband linear chirp signals: Evaluation of performance with experimental data. J. Acoust. Soc. Am. 2017, 142, 2047–2057. [Google Scholar] [CrossRef] [Scilit]

	



Dalitz, C.; Pohle-Fröhlich, R.; Michalk, T. Point spread functions and deconvolution of ultrasonic images. IEEE Trans. Ultrason. Ferr. 2015, 62, 531–544. [Google Scholar] [CrossRef] [Scilit] [PubMed]

	



Wu, J.; Aardt, J.A.N.; Asner, G.P. A comparison of signal deconvolution algorithms based on small-footprint liDAR waveform simulation. IEEE Trans. Geosci. Remote 2011, 49, 2402–2414. [Google Scholar] [CrossRef] [Scilit]

	



Kirk, B.H.; Martone, A.F.; Sherbondy, K.D.; Narayanan, R.M. Mitigation of target distortion in pulse-agile sensors via Richardson-Lucy deconvolution. Electron. Lett. 2019, 55, 1249–1252. [Google Scholar] [CrossRef] [Scilit]

	



Zhao, H.F.; Li, C.X.; Gong, X.Y.; Zeng, X.H. Delay-Doppler deconvolution image formation for multiple targets in waveguide environment. Acta Acustica 2017, 36, 473–488. [Google Scholar]

	



Zeng, W.J.; Jiang, X.; Li, X.L.; Zhang, X.D. Deconvolution of sparse underwater acoustic multipath channel with a large time-delay spread. J. Acoust. Soc. Am. 2010, 127, 909–919. [Google Scholar] [CrossRef] [Scilit]

	



Richardson, W.H. Bayesian-based iterative method of image restoration. J. Opt. Soc. Am. 1972, 62, 55–59. [Google Scholar] [CrossRef] [Scilit]

	



Lucy, L.B. An iterative technique for the rectification of observed distributions. Astron. J. 1974, 79, 745–754. [Google Scholar] [CrossRef] [Scilit]

	



Li, C.X.; Xu, W.; Li, J.L.; Gong, X.Y. Time-reversal detection of multidimensional signals in underwater acoustic. IEEE J. Ocean. 2011, 36, 61–71. [Google Scholar] [CrossRef] [Scilit]

	



Pan, X.; Li, C.X.; Xu, W.; Gong, Y.X. Combination of time-reversal focusing and nulling for detection of small targets in strong reverberation environments. IET Radar Sonar Navig. 2014, 8, 9–16. [Google Scholar] [CrossRef] [Scilit]

	



Li, C.X.; Lu, H.C.; Guo, M.F.; Zhao, H.F. Decomposition of the time reversal operator for target detection. Math. Probl. Eng. 2012, 2012, 597474. [Google Scholar] [CrossRef] [Scilit]

	



Sabra, K.G.; Roux, P.; Song, H.C.; Hodgkiss, W.S.; Kuperman, W.A.; Akal, T.; Stevenson, J.M. Experimental demonstration of iterative time-reversed reverberation focusing in a rough waveguide. Application to target detection. J. Acoust. Soc. Am. 2006, 120, 1305–1314. [Google Scholar] [CrossRef] [Scilit]

	



Prada, C.; Thomas, J.L.; Fink, M. The iterative time reveral process: Analysis of the convergence. J. Acoust. Soc. Am. 1995, 97, 62–71. [Google Scholar] [CrossRef] [Scilit]

	



Li, C.X.; Guo, M.F.; Wang, Z.K. Wideband imaging of extended targets with the decomposition of the time reversal operator. Acta Acustica 2020, 39, 192–206. [Google Scholar]

	



Abduljabbar, A.M.; Yavuz, M.E.; Costen, F.; Himeno, R.; Yokota, H. Continuous wavelet transform-based frequency dispersion compensation method for electromagnetic time-reversal imaging. IEEE Tran. Anten. Propag. 2017, 65, 1321–1328. [Google Scholar] [CrossRef] [Scilit]

	



Moura, J.M.F.; Jin, Y. Detection by time reversal: Single antenna. IEEE Trans. Signal Process. 2007, 55, 187–201. [Google Scholar] [CrossRef] [Scilit]

	



O’Sullivan, J.A.; Blahut, R.E.; Snyder, D.L. Information-theoretic imaging formation. IEEE Trans. Inform. Theory 1998, 44, 2094–2123. [Google Scholar] [CrossRef] [Scilit]

	



Blahut, R.E. Theory of Remote Imaging Formation, 1st ed.; Cambridge University Press: Cambridge, NY, USA, 2004; pp. 379–385. [Google Scholar]

	



Snyder, D.L.; Schulz, T.J.; O’Sullivan, J.A. Deblurring subject to nonnegativity constrains. IEEE Trans. Signal Process. 1992, 40, 1143–1150. [Google Scholar] [CrossRef] [Scilit]

	



Cepni, A.G.; Stancil, D.D.; Henty, B.; Jiang, Y.; Jin, Y.; Moura, J.M.F.; Zhu, J.G. Experimental results on single antenna target detection using time-reversal techniques. In Proceedings of the 2006 IEEE Antennas and Propagation Society International Symposium, Albuquerque, NM, USA, 9–14 July 2006; pp. 703–706. [Google Scholar]

	



Porter, M.B. The KRAKEN Normal Mode Program; SACLANT Undersea Research Centre: La Spezia, Italy, 1991. [Google Scholar]

	



Oppenheim, A.N.; Schafer, R.W.; Buck, J.R. Discrete-time Signal Processing, 2nd ed.; Prentice-Hall, Inc. Press: Upper Saddle River, NJ, USA, 1998; pp. 582–587. [Google Scholar]

	



Van Trees, H.L. Optimum Array Processing; Wiley: New York, NY, USA, 2002; pp. 65–66. [Google Scholar]

	



Yang, T.C. Deconvolved conventional beamforming for a horizontal line array. IEEE J. Ocean. 2018, 43, 160–172. [Google Scholar] [CrossRef] [Scilit]

	



Li, L.; Qi, H.; Yin, Z.; Li, D.; Zhu, Z.; Tangwarodomnukun, V.; Tan, D. Investigation on the multiphase sink vortex Ekman pumping effects by CFD-DEM coupling method. Powder Technol. 2020, 360, 462–480. [Google Scholar] [CrossRef] [Scilit]

	



Pan, Y.; Ji, S.; Tan, D.; Cao, H. Cavitation based soft abrasive flow processing method. Int. J. Adv. Manuf. Technol. 2019. in Press. [Google Scholar] [CrossRef]








[image: Sensors 20 02844 g001] 





Figure 1. Output of the matched filter (black line), iterative deconvolution with iteration being 10 (green line) and the iterative deconvolution-time reversal filter (red line) in free field environments (a) SNR = 20 dB; (b) SNR = 0 dB. 






Figure 1. Output of the matched filter (black line), iterative deconvolution with iteration being 10 (green line) and the iterative deconvolution-time reversal filter (red line) in free field environments (a) SNR = 20 dB; (b) SNR = 0 dB.
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Figure 2. Experimental setup and ocean’s acoustical environment. 
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Figure 3. Signal received by the receiver (a) as a function of range; (b) target echo in range of 10 m. 
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Figure 4. Output of the matched filter (black line), iterative deconvolution with iteration being 10 (green line) and the ID-TR filter (red line) in waveguide environments (a) SNR = 20 dB; (b) SNR = 0 dB. 
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Figure 5. Output of: (a) the matched filter; (b) iterative deconvolution with iteration being 10; (c) the ID-TR method for a signle target under the noise-limited detection condition in free environments. 
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Figure 6. Output of: (a) the matched filter; (b) iterative deconvolution with iteration being 10; (c) the ID-TR method for two targets under the noise-limited detection condition in free environments. 
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Figure 7. Output of: (a) matched filter; (b) iterative deconvolution with iteration being 10; (c) the ID-TR method under the noise-limited detection condition in waveguide environments. 
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Figure 8. Target echo for multiple targets in waveguide environments: (a) in range of 8 m; (b) in range of 10 m. 
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Figure 9. Output of: (a) the matched filter; (b) iterative deconvolution with iteration being 10; (c) the ID-TR method under the noise-limited detection condition for multiple targets in waveguide environments. 
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Figure 10. Output of (a) matched filtering (MF); (b) the comparison of MF and Iterative deconvolution with iteration being 8; (c) the comparison of Iterative deconvolution with iteration being 8 and ID-TR filtering under the reveberation-limited detection condition by choosing the array element placed at a depth of 0.6 m in the case of an extended target. 
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Figure 11. Output of (a) MF, (b) the comparison of MF and iterative deconvolution with iteration being 3; (c) the comparison of iterative deconvolution with iteration being 3 and ID-TR filtering under the reveberation-limited detection condition in case of ideally resolved and extended targets by choosing the array element placed at depth of 0.6 m in the case of an extended target. 
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Figure 12. Output of (a) MF; (b) the comparison of MF and Iterative deconvolution with iteration being 3; (c) the comparison of Iterative deconvolution with iteration being 3 and ID-TR filtering under the reveberation-limited detection condition in case of ideally resolved and extended targets by averaging the results of all array elements in the case of an extended target. 
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