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A coprime array with fewer sensors can achieve the same resolution as a uniform linear array. However, when detecting co-frequency targets, there can be prominent false alarms due to overlaps between the main and grating lobes of subarrays. This study proposes a direction-of-arrival (DOA) estimation method to obtain the co-frequency target directions from high grating lobes. The method utilizes joint processing of sound pressure and vibration velocity data from vector hydrophones of a coprime vector hydrophone array and designs joint-cross terms (JCTs) using channel combinations. Based on JCTs, we establish a characteristic data point identification algorithm. The method in this paper can stably and accurately acquire co-frequency target directions from high grating lobes without decoherence operation. Simulation results demonstrate that the proposed algorithm achieves accurate DOA estimation even with reduced signal-to-noise ratio (SNR) and fewer data points. Additionally, a sea experiment confirms the rationality and efficiency of the proposed algorithm, providing new ideas for co-frequency source detection using coprime vector sensor arrays.
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1 Introduction

Direction-of-arrival (DOA) estimation is an essential aspect of array signal processing that holds immense significance in multiple fields, including acoustics, radar, and wireless communications (Zhang et al., 2022; Xie et al., 2023; Zhang et al., 2023). Classic techniques for DOA estimation involve subspace theory and typically utilize methods such as multiple signal classification (MUSIC) (Schmidt, 1986) and estimating signal parameters via rotational invariance techniques (ESPRIT) (Roy and Kailath, 1989). In these algorithms, uncorrelated incident signals are assumed, and coherent signals will fail due to the covariance matrix’s rank deficit. To handle coherent signal situations, several techniques have been suggested, such as spatial smoothing (SS) (Pillai and Kwon, 1989) and forward/backward SS (FBSS) (Shan et al., 1985). The SS method achieves DOA estimation of coherent signals but at the cost of decreasing array aperture. The FBSS method can enhance estimation accuracy but does not fully address signal decoherence. Furthermore, these techniques typically consider ULAs, with sparse linear arrays being less commonly employed.

Coprime line arrays (CLAs) offer a systematic array setup beyond Nyquist sampling while minimizing mutual coupling between array elements (Vaidyanathan and Pal, 2010; Vaidyanathan and Pal, 2011; Adhikari et al., 2013; Zhang et al., 2013; Tan et al., 2014; Adhikari and Buck, 2015; Di Martino and Iodice, 2017; Qin et al., 2017; Zhou et al., 2017; Alawsh and Muqaibel, 2018; Mei et al., 2018; Adhikari, 2019; Moghadam and Shirazi, 2019; Alawsh and Muqaibel, 2020; Alawsh and Muqaibel, 2021; Moghadam and Shirazi, 2022). The research on DOA estimation of the coprime array is mainly carried out from two aspects. On the one hand, it is implemented from the physical array domain. On the other hand, it is achieved in the virtual array domain. For processing the physical array elements, a DOA estimation method utilizes a decomposed CLA and solves a joint covariance matrix optimization problem. The method enables the reconstruction of the interference-plus-noise covariance matrix and weight vector computation for the minimum variance distortionless response (MVDR) beamformer that minimizes variance distortion (Zhou et al., 2016; Zhou et al., 2017). The DOA estimation in the physical array domain suffers from high grating lobes caused by the intersensor spacing, which is greater than   (where λ is the wavelength of the signal), and many methods have been investigated in order to reduce the effect of grating lobes. For scalar CLAs, Product and Min algorithms were proposed to calculate the signal spatial power spectral density (PSD) and resolve the grating lobe problems (Adhikari and Buck, 2017). The array factors can be established based on a uniform linear array for single-target direction estimation. The array factors should satisfy that the beam response of the uniform linear array has the opposite amplitude with one subarray of the CLA (Liu and Buck, 2015). Extending the coprime array is also a way to settle the grating lobe matters. Some methods have been suggested to extend CLAs by changing the positions of grating lobes and sidelobes of the beam output for two coprime subarrays (Adhikari et al., 2013; Adhikari et al., 2014; Chen et al., 2023). The methods above for suppressing grating lobes are developed when the signals are incoherent. In the virtual array domain, the investigation of the coprime vector sensor array has received more attention. Nowadays, DOA estimation for coprime vector sensor arrays has already been developed in the radar field. A six-sensor coprime electromagnetic vector-sensor (EMVS) array (Fu et al., 2021) was used in a new method. The method involved a nuclear norm minimization (NNM) problem to create an extended covariance matrix for DOA information. Then, the issue of DOA estimating in a two-dimensional space was examined for a multiple-input multiple-output (MIMO) radar with coprime EMVS arrays operating in a bistatic configuration (Yang et al., 2021). However, these methods are used to process uncorrelated signals for the coprime vector sensor array, while coherent signals are less considered in the application. Moreover, the main advantage of these algorithms in the radar field is the high degree of freedom for DOA estimation. For underwater array target detection, such a high degree of freedom is not an urgent need to be achieved.

In underwater signal detection, vector hydrophone linear arrays are often used. Each vector hydrophone can be composed of hydrophone and velocity sensors. Owing to the frequency-independent dipole directivity of the vector hydrophone, a vector hydrophone linear array has similar performance but with a smaller array aperture compared with a sound pressure array. Moreover, vector hydrophone arrays have attracted wide attention for their left–right discrimination, which acoustic pressure arrays cannot provide (Hawkes and Nehorai, 1998). Furthermore, when the signals of vibration velocity and sound pressure are combined, the combination holds strong anti-isotropic noise ability (Santos et al., 2011; Felisberto et al., 2016; Felisberto et al., 2018). As for practical applications, fulfilling coprime array configuration in underwater vector sensor arrays is a recently new attempt (Chen et al., 2023). Moreover, the issue about DOA estimation of co-frequency signals for underwater coprime vector sensor array is still expected to be addressed.

When the target is incoherent, the array will output high grating sidelobes but not exceed the magnitude of the output in the direction where the targets are located, and this issue has been studied. However, when the targets are co-frequency, overlapping high grating sidelobes can cause higher array output than the magnitudes of the target directions. As a result, the actual targets may be obscured, and the DOA estimation performance will deteriorate. In this paper, we propose an algorithm that utilizes a coprime vector hydrophone array to achieve DOA estimation of two co-frequency signals. We aim to address the issue of concealed targets due to high grating lobes. Thus, the target directions can be identified accurately from the high grating lobes, thereby avoiding false alarms. To enhance robustness, we employ the conventional beamformer (CBF) based on the entire coprime array as the preprocessing method. Joint-cross terms (JCTs) are constructed based on the vector hydrophone subarrays, and the channel combinations of vector hydrophones are utilized in the algorithm. Additionally, we design a characteristic data point identification method based on JCTs. Unlike existing techniques, the proposed method does not perform spatial smoothing, but it is highly effective in processing coherent signals with the same frequency. Simulation results and experimental data analysis validate the effectiveness of the proposed algorithm. The paper’s contributions can be summarized as follows.

	Firstly, the paper analyzes the cause of the high grating lobes in coprime vector sensor arrays when two co-frequency signals are present. JCTs are constructed using the characteristics of coprime arrays and vector hydrophones, which imply the DOA information.

	Secondly, a DOA estimation method based on characteristic data point identification algorithm using JCTs is designed, which achieves stable extraction of co-frequency targets’ directions.



This paper is organized as follows. In Section 2, we establish the mathematical signal model of the coprime vector sensor array and attain the array beam output. Next, we advance the situation in which strong grating lobes appear and present an example. In Section 3, we present the DOA estimation method. The DOA estimation method based on characteristic data point identification is introduced based on JCTs to achieve the direction extraction. We validate the method through simulation in Section 4 and experimental data processing in Section 5. Finally, we summarize the article in Section 6.

Notations: The uppercase bold characters denote matrices, while their lowercase counterparts denote vectors.  ,  , and   represent the complex conjugate, conjugate transpose, and transpose, respectively. bmI stands for the unit matrix.   represents the Kronecker product.




2 Co-frequency signals model

An underwater acoustic vector sensor linear array consists of two sparse uniform vector sensor linear subarrays with M and N physical sensors, respectively. The values of M and N are coprime. The first subarray containing M sensors is spaced apart by Nd, whereas Md spaces apart the second subarray containing N sensors. Here,   represents the intersensor unit spacing, where λ indicates the wavelength of the narrowband signal received by the array. With two subarrays sharing the first sensor, the other sensors of each subarray are arranged according to the original structure, and the array configuration is represented in Figure 1 and Equation (1).




Figure 1 | Coprime array configuration.





Assuming that the far-field narrowband co-frequency coherent signal impinges on the coprime vector hydrophone from the direction  , the received signal can be modeled as:

 

where. denotes the signal waveform vector and   denotes statistically independent Gaussian noise component with  , where   is the noise power. Here,   and  ,  , and   denote the pressure component and the horizontal velocity x and y direction components of the noise vector at the ith element, and they are mutually independent.   is the steering vector connected with DOA   given by:



where  . Here,   by taking the first array element as a reference, which can be shown in Figure 1. The velocity components of three-dimensional vector hydrophones are displayed in Figure 2. For two-dimensional vector hydrophones in practical application, the 3 × 1 steering vector can be obtained as:




Figure 2 | The view of a vector hydrophone geometry.



 

Without regard to the noise component, the CBF is given by the following equation (Yang and Ye, 2019):

 

 

 

where   denotes the weight of the array beamformer and  . When there is only one source, the beam output of the array can achieve the maximum output in the source direction. However, when two sources have the same frequency, the large cross-term appears in Eq. (5). The large cross-term will result in large beam outputs in other non-target directions, ultimately leading to false alarms or incorrect bearing estimation results. Figure 3 also explains the situation. The positions indicated by the arrows in the figure represent the grating lobe locations for a coprime vector sensor array. When two subarrays’ grating lobes caused by co-frequency signals overlap, a high output will be generated for the whole array. The directions with grating lobes relation can be explained by the following formula (Adhikari et al., 2014):




Figure 3 | The distribution characteristics of zero point, grating lobes, and sidelobes of a coprime vector sensor array output.



 

where  ,  , and α and β are two angles satisfying the overlapping relationship of grating lobes. For instance, as shown in Figure 4, the directions of   and   marked by the black dotted lines are the true co-frequency sources’ directions, whereas the directions of   and   marked by the red dotted boxes are the false-alarm directions. In Figure 4A, the main lobe of one subarray and the grating lobe of the other subarray coincide, or the grating lobe of one subarray and the grating lobe of the other subarray coincide (as shown in red dotted boxes). Consequently, ambiguity emerges in comparable amplitude beam output to true sources, as shown in Figure 4B.




Figure 4 | The situation of the blurred orientation output caused by the overlapping of subarray grating lobes. (A) Beam output for two subarrays of the coprime vector sensor array. (B) Beam output of the whole coprime vector sensor array.






3 DOA estimation for two co-frequency sources



3.1 Constructing joint-cross terms for coprime vector hydrophone array

The correlation coefficient between sound pressure and vibration velocity in the isotropic noise field is 0, which means that the joint processing of sound pressure and vibration velocity for the acoustic vector signal suppresses the noise. Therefore, without regard to the noise component, the data channel of the acoustic vector hydrophone is transformed by rotation and combination, and Eq. (9) is obtained

 

 

where   and   represent the velocity components of a vector hydrophone, and they are mutually orthogonal.   and   stand for the combined transformation of the velocity channel of vector hydrophone, where φ is the electron rotation angle and   is the sound pressure signal received by the hydrophone. In this paper, the combination of sound pressure and vibration velocity is used as

 

where

 

  indicates the sound pressure of a vector hydrophone. We can see that   when   and the noise reduction process is carried out by using the correlation characteristics between signal and noise. Therefore, by rotating the acoustic vector hydrophone data and selecting an appropriate rotation angle φ, the noise can be reduced, thereby reducing the SNR threshold and making it possible to explore weak targets.

For a single uniform sparse vector hydrophone array, when there is a target from a certain orientation (take the target with an orientation of 40° as an example), the spatial spectrum output of the sparse vector array using conventional beamforming obtained based on Eq. (12) can be shown as Figure 5. It can be seen that the spatial spectrum output based on vector hydrophone combined channels shows a concave point at target orientation. However, there is an unreliability in using concave points to determine target orientations when the noise is considered. Moreover, for a single sparse array, this unreliability will become more acute as the spacing of array elements increases.




Figure 5 | Comparison of treating each channel as normal and combining channels for a vector hydrophone. (A) Spatial spectrum output of a vector uniform line array without considering noise. (B) Spatial spectrum output of a vector sparse line array without considering noise.



The CBF for a coprime vector hydrophone array produces two spatial spectra but contains ambiguous orientation concave points due to the spatial undersampling of the subarrays. Inspired by the Product theorem (Adhikari et al., 2014; Adhikari and Buck, 2017), which resolves the spatial frequency ambiguities by performing complex conjugate multiplication between two coprime subarrays (Vaidyanathan and Pal, 2010), we proposed a DOA estimation method based on JCTs for coprime vector hydrophone array. Let  ,  , and   be the acoustic pressure and the x-axis and y-axis velocity data of acoustic particles received by the vector hydrophones from the subarray with M sensors, respectively. Meanwhile, let  ,  , and   be the acoustic pressure and the x-axis and y-axis velocity data of acoustic particles received by the vector hydrophones from the subarray with N sensors. The JCTs for coprime vector hydrophone array can be constructed as

 

where for the subarray with M sensors



and for the subarray with N sensors






3.2 Estimating DOA based on JCTs for coprime vector hydrophone array

Based on CBF, we define the spatial spectrum output concave point discriminant algorithm

 

where   and   are the subarray beam output obtained by beamforming after vector coprime array channel combination based on Eqs. (4) to (7), and Eqs. (13) to (15). Compared with one single sparse array, the relation between two sparse subarrays of the coprime vector hydrophone array is established, thus improving the reliability of the concave points judgment. Let   be the search step and   be the suspected target’s orientation. The discriminating process can be expressed as



where "IF()" indicates if conditional operation.




3.3 Major steps and practical application

The algorithm steps mainly focus on the data preprocessing, the constructions of JCTs and characteristic data point identification algorithm, and the source directions determination. The preprocessing is conducted based on Eq. (5), and the result can be robust because of the CBF, which can be validated in Section 4. The suspected targets’ orientations are predetermined with the beam output of the whole coprime vector sensor array. The JCTs are established by taking advantage of the channel data combination of the vector sensor array on Eq. (13). Based on JCTs, the discriminant algorithm for identifying the concave points can be achieved by Eq. (16). In either case, one single target or two detected with a specified detection threshold, the source direction can be determined. Since there is no possibility of false-alarm lobes of array output in either case, only the true output is presented. Furthermore, for more suspected directions, whether there are false targets will be determined according to Eq. (8), and coherent sources can be identified efficiently based on Eq. (17). The pseudo-code of the proposed method is exhibited in Algorithm 1.



Algorithm 1
 Pseudo code of the major steps for the overall algorithm.






4 Simulation analysis



4.1 Accuracy performance

Numerical simulations are conducted to assess the performance of the proposed method. Furthermore, MUSIC based on the SS (Pillai and Kwon, 1989) and FBSS methods (Shan et al., 1985) are used as comparison methods. A coprime vector hydrophone array with 10 sensors (M = 5 and N = 6) is adopted in all examples.

The first part of the simulations investigates the situation in Figure 4. Two coherent sources with the same frequency, 500 Hz, come from the directions   and  , respectively, which are shown in red circles in Figure 4B. The grating lobe caused by the same frequency and coherence of the signal leads to wrong target directions of   and   , which are presented in blue circles. The DOA estimation performance of different algorithms is evaluated using the root-mean-square error (RMSE), which is described as



where   denotes the estimated DOA of   for the   th independent trial and I and K, respectively, denote the number of Monte Carlo simulation experiments and the number of sources. The suggested method, as shown in Figure 6, consistently produces reliable estimates of true DOAs. When the SNR varies from −15 dB to 15 dB, the quantity of snapshots is set to a constant value of 1,000. As shown in Figure 7, the RMSE is reduced with the increase of SNR. Furthermore, when the SNR is fixed at 10 dB, it can be observed that three estimation results become more stable, and the proposed method demonstrates enhanced accuracy as the number of snapshots increases.




Figure 6 | Estimation reliability comparison for two coherent sources with the same frequency when SNR = 10 dB and snapshot is 1000. (A) Results of the Pillai and Kwon (1989) method. (B) Results of the Shan et al. (1985) method. (C) Result of the proposed method.






Figure 7 | RMSE of DOA estimation. Each simulated point is averaged based on 500 trials. (A) RMSE versus SNR for two coherent sources with the same frequency. The snapshot is 1,000. (B) RMSE versus snapshot for two coherent sources with the same frequency. The SNR is 10 dB.



The technique of spatial smoothing processing is a widely employed method for decorrelation in practical applications, serving as a foundation for numerous studies. Next, we implement and compare the approaches based on signal covariance matrix recovery (CMR) (Pan et al., 2022) and sparse signal reconstruction using compressive sensing (CS) (Das et al., 2016) with our method. The directions of co-frequency signals are 47.9° and 78.5°, with an SNR of 10 dB and a signal snapshot of 1000. From Figure 8A, it can be observed that the proposed and the CS methods can obtain the target direction information. The CMR method also achieves high-amplitude output in target directions but suffers from ambiguity. In Figure 8B, when the SNR decreases, both the method in this paper and the CMR method show ambiguous orientation, and the CS method shows direction misjudgment.




Figure 8 | Method performance comparison. (A) Method performance comparison when the SNR = 10 dB and the signal snapshot is 1,000. (B) Method performance comparison when the SNR = −10 dB and the signal snapshot is 1,000.






4.2 Sensitivity to position errors

In array signal processing, the signal mismatch is a critical issue. In this part, the element position errors are considered to assess the impact of signal mismatch on the proposed method (Yang, 2017). The spacings between array elements were assumed to hold the random error with a mean of 15% of the unit spacing between two sensors, which can be shown as Figure 9A. Receiver positions are represented by symbols, with the desired locations denoted by " " and the actual locations denoted by " ". In Figure 9B, one can find that in the presence of array element errors, the SS method has a DOA estimation bias. In comparison, the FBSS method performs a better DOA estimation accuracy. Compared with the two methods, the method of this work can obtain more accurate DOA estimation results. In addition, it can be seen from Figure 9C that the DOA estimation results of the method depend on the beam output obtained by the conventional beamforming (shown in the legend of "Array output" in the figure). Therefore, the DOA estimation error of the method will be affected by the array beamforming output. However, the algorithm still inherits the robustness of CBFs.




Figure 9 | Sensitivity of the algorithm to array element position errors. (A) Array setup with and without element position errors. (B) DOA results based on different methods with element position errors, SNR = 0 dB, θ1 = 47.9°C and θ2 = 78.5°C. (C) The magnified details for DOA results.






4.3 Bearing time record performance

This part simulates the bearing time record (BTR) under low SNR. As shown in Figure 10, the red "*" represents the detection result of the algorithm. Figure 10A conducts the simulation for two targets with directions changing. Furthermore, the simulation design ensures high grating lobe interference in the direction change interval (SNR = 0 dB). It can be seen from the figure that many high grating lobe interferences have a severe impact on the target detection results. However, this paper’s method can detect targets’ actual orientations more stably and accurately. Figure 10B depicts the scenario where two co-frequency targets generate the high grating lobes, with the SNR of both targets being −5 dB, while the targets move in a constant azimuth. It can be seen that there is substantial interference in the direction of the end fire of the array, which will seriously deteriorate the performance of DOA detection. The red "*" shows that the proposed algorithm in this paper demonstrates a stable estimation of true DOAs.




Figure 10 | BTR for bearing-changing targets. (A) SNR = 0 dB. (B) SNR = −5 dB.






4.4 Attempts in the case of multiple targets

Multiple co-frequency target detection can be divided into three main cases: (1) All targets fall into the relation of overlapping grating lobes. (2) None of the targets fall into the relationship of overlapping grating lobes. (3) Some of the targets hold overlapping grating lobe relation. We set M = 5, N = 6, SNR = −7 dB, and f = 500 Hz. For the first case, there are targets from the directions of 47.9°, 57.8°, 78.5°, and 86.2° respectively, and all of them satisfy the grating lobe overlapping relation. In Figure 11A, one can find that due to the grating lobes, the real directions are submerged within the false alarms, affecting the accurate detection of targets. For the second case, the source directions are set as 30°, 38°, 50°, and 63°. These directions are not in the relationship of grating lobes overlapping. In Figure 11B, without the grating lobes overlapping, array grating lobes will not mask the true direction, and the algorithm can directly obtain the correct target directions’ information. However, when some of the targets fall into the relation of overlapping grating lobes, they are from the directions of 20°, 30°, 47.9°, and 78.5°, respectively. As shown in Figure 11C, the method proposed in this article cannot accurately determine the target’s true direction from the overlapped lobes of partial targets. Because of the complex grating lobe relationships caused by multiple targets, the feature relationships of the JCTs are affected. Future research will focus on studying and attempting array interference suppression techniques to address this issue.




Figure 11 | Simulation results of algorithm performance in multiple targets case. (A) All targets satisfy the grating lobes overlapping relation. (B) None of the targets satisfy the grating lobes overlapping relation. (C) Some of the targets satisfy the grating lobes overlapping relation.







5 Experiment data analysis

The experiment data analysis has been presented in this part. As shown in Figure 12, the experiment data were collected on an extended coprime vector hydrophone array with 12 sensors on the ocean bottom at a (water) depth of 35 m. The shipborne sound source emits signals to simulate the sound source. The vector hydrophone picks up the underwater sound signal, then transmits the data to the base station through the hydrophone array’s data acquisition and transmission system. The base station performs signal processing and realizes the display and reporting of the target detection results. M = 2 and N = 3 for the extended coprime vector hydrophone and the array expansion factor e =3 (Chen et al., 2023). A moving sound source transmitting at the frequency of 375 Hz moves in a straight line along the direction of 57°. In order to validate the proposed algorithm, the signal data from the direction of 86° have been added to the received signals of the coprime array. The added signal will produce grating lobes in the array output that overlap with the source array output. In Figure 13A, one can find that many strong grating lobe interferences show up after the signal was added, deteriorating the performance of source detection and DOA estimation. The proposed method can obtain the DOA information of targets more accurately. Because the signal data from the direction of 86° are artificially added, the DOA estimation method shows more stable results, which are shown in Figure 13B. In the second experiment, the sound source transmits the signal at the frequency of 315 Hz and moves in the direction of 43°, as shown in Figure 14A. In order to increase the grating lobe interferences, the signal from 67° has been included in the original received array signal. Owing to the additional signal, the grating lobes from two sources coincide, resulting in many grating lobe interferences in the array output. The real targets have been buried in strong grating lobe interferences and wide array beams. It can be observed that the proposed method achieves the extraction of real targets from the strong grating lobe interferences and then realizes the targets’ DOA estimation, as shown in Figure 14B.




Figure 12 | The experimental layout.






Figure 13 | BTR in experiment. (A) θ1 = 57°C and θ2 = 86°C. (B) Results of the proposed method.






Figure 14 | BTR in experiment. (A) θ1 = 43°C and θ2 = 67°C. (B) Results of the proposed method.






6 Conclusion

This paper investigates the problem of false alarms that can deteriorate the performance of DOA estimation for two co-frequency sources in a coprime vector hydrophone array. These false alarms are caused by the overlap of main lobes and grating lobes from subarrays. To address this issue, we propose a DOA estimation method that involves JCTs connected with subarrays from a coprime vector hydrophone array. Based on JCTs, we design a method to identify characteristic data points. The proposed method eliminates false-alarm directions without smoothing and detects true DOAs without ambiguity. Simulation and BTR results from the sea experiment data demonstrate that the algorithm performs well and provides a new approach for DOA estimation of coprime vector sensor arrays. Applying large aperture arrays will be a major trend in ocean observation and maritime combat, like marine life detection, UUV (unmanned underwater vehicle), and USV (unmanned surface vehicle) operations. Coprime arrays and their related signal-processing methods will play an important role in the marine domain. The method proposed in this article can also be applied to combined active and passive sonar detection and multi-base sonar cooperative detection. Furthermore, with the application of deep learning in ocean observation, combining deep learning concepts with the method presented in this article may achieve more efficient results in ocean observation, such as target recognition and tracking.
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