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The Frequency Modulation Combined (FMC) waveform has delay (range)-Doppler (velocity) coupling resolution, and the traditional nonlinear high-resolution algorithms represented by Point-wise Product (PP) and Point-wise Minimization (PM) have good anti-reverberation performances, but their detection performances are poor under low Signal-to-Noise Ratio (SNR) conditions. We propose the improved method PAMP by combining PP and PM methods, and select the combination waveform of “W”-type Linear Frequency Modulation (W-LFM) as the processing object, verifying the effectiveness of the proposed method through numerical simulation and lake experiment. Firstly, the ROC curve analysis shows that the detection performance of PAMP is significantly improved compared with PM and PP, and is close to the optimal detector. Secondly, numerical simulation shows that PAMP is more suitable for target detection in low SNR scenario, where it has a narrower resolution width and lower reverberation energy. Finally, we design lake experiment and analyze the data processing results. The active sonar display image in direction-velocity-range coordinates demonstrates the high-resolution advantage of the FMC signal represented by W-LFM. Moreover, PAMP effectively reduces the intensity of reverberation area and improves the range-velocity resolution, realizing the high-resolution detection for active sonar.
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1 INTRODUCTION
In the field of radar and sonar, the Matched Filter (MF) is defined as the best receiver of active signals because it is a linear filter with maximum output Signal-to-Noise Ratio (SNR) [1–3]. The Ambiguity Function (AF) based on the output response of the MF portrays the delay (range) and Doppler (velocity) resolution characteristics of signal and is an indispensable method for active sonar waveform design and signal processing [4–6]. Frequency Modulation (FM) waveforms such as Linear FM (LFM) and Hyperbolic FM (HFM) commonly used in active sonar have good Doppler tolerance, which is conducive to signal detection, but the two-dimensional delay-Doppler coupling resolution is poor, which makes it impossible to accurately estimate the range and velocity [7–9].
Reverberation is one of the main factors interfering with active sonar detection and is most evident in shallow water [10, 11]. A large number of scattered waves from the seabed and sea surface enter the active sonar system and degrade the target detection and discrimination performance [12–14]. In terms of ambiguity function shape, the main lobes of the pegboard [15–17] and thumbtack [18–20] signals are high-resolution, which is advantageous in single-target detection under ideal conditions [21–23]. However, subject to the limitation of constant ambiguity volume [24], higher sidelobes or bases in noisy or reverberant backgrounds can cause interference in the detection and discrimination of multiple targets. Although there are several waveform optimization schemes available in the radar and sonar fields, there is no corresponding special high-resolution processing method to reduce the reverberation output [25–27]. Therefore, the design of a high-resolution active transmit waveform with high transmit efficiency and low sidelobe and the corresponding high-resolution signal processing algorithm is the key to the performance of active sonar [28–30].
The FM Combined (FMC) waveform was originally derived from bionic signals [31–33] and consists of multiple FM waveforms. The ambiguity function shape of FMC waveform is characterized by both thumbtack-type and oblique ridge-type features, where multiple oblique ridges cross each other and are superimposed at the coordinate origin to form a thumbtack-type main peak with high delay-velocity resolution. In the multi-target case, due to the intersection and superposition of ridges between different targets, not only the base is elevated, but also a large number of false target peaks will appear, causing interference to the target detection. The conventional processing based on matched filter cannot meet the demand of high-resolution detection. Rasool [34] introduced nonlinear algorithms for ambiguity function processing of radar V-chirp signals, which effectively eliminated the peak ridges and realized the high delay-velocity resolution. Zhu [35, 36] proposed double V-chirp waveform for false target problem under multi-target conditions, which reduces the height of ridges and the incidence of false target. The ridge suppression and high delay-velocity resolution are also realized after nonlinear algorithm processing. Lou [37] introduced the idea of combined waveform design and nonlinear signal processing in radar system into active sonar system, which realized the high delay-velocity resolution and anti-reverberation of active sonar. However, due to the low SNR of hydroacoustic signals, the loss of SNR gain caused by nonlinear processing has a greater impact on the underwater target detection.
The rest of the paper is organized as follows. In section 2, we introduce the FMC waveform model and the concept of its AF. In Section 3, we introduce the nonlinear high-resolution processing and propose an improved method, Point-wise Addition-Minimum-Product (PAMP). The detection performance defects of the existing nonlinear methods and the enhancement of the PMAP are comparatively analyzed by ROC curves. In Section 4, we comparatively analyze the performance advantages of the PMAP by numerical simulation result. In Section 5, we process the experimental data and verify the feasibility of the W-LFM waveform and the high-resolution and anti-reverberation performance of the PMAP. Finally, in Section 6, we summarize the work of this paper and give an outlook for future work.
2 THEORETICAL FRAMEWORK FOR FREQUENCY MODULATION COMBINED WAVEFORM
2.1 Signal model
The FMC waveform consists of [image: image] FM sub-waves, which have the same pulse width and can have different bandwidths. The initial and cutoff frequencies of the sub-waves are set according to the waveform design requirements. The ith sub-wave of the FMC waveform is defined as Equation 1.
[image: image]
Here, [image: image] is the total pulse width of the FMC waveform, [image: image] is the pulse width of the sub-waves, and [image: image] is the instantaneous phase of the ith sub-wave. The FMC waveform can be represented as
[image: image]
where [image: image] is the number of sub-waves, [image: image], [image: image]. Function [image: image] is defined as Equation 3.
[image: image]
Each sub-waves of the FMC waveform maintains the same pulse width, which is to keep the same SNR gain in sub-wave detection and nonlinear processing. In order to obtain a rational distribution state of ridge lines, the time-frequency curves of the sub-waves can be flexibly adjusted within a given frequency range according to the waveform design needs.
Increasing the number of sub-waves can effectively reduce the false target probability, and the combination of 4 sub-waves is the best choice. We discussed the design and application of “W” type LFM (W-LFM) waveform in our previous work [38], and its time-frequency curve is shown in Figure 1A.
[image: Figure 1]FIGURE 1 | (A) Time-frequency curve of W-LFM waveform. (B) Auto ambiguity function shape of W-LFM waveform.
2.2 Ambiguity function
Both waveform design and signal processing of FMC depend on the performance of its AF. In this paper, we assume a point-target signal model in a Gaussian white noise background [39, 40]. Under this assumption, the target echo is the result of the original waveform after time delay and Doppler spreading. [image: image] is the target assumption and [image: image] is the no-target assumption. The received signal can be represented as Equation 4.
[image: image]
Here, [image: image] denotes the amplitude and [image: image] denotes the time delay of target. [image: image] denotes the Doppler spreading factor and is defined as [image: image], where [image: image] denotes the target velocity and [image: image] denotes the sound velocity. [image: image] denotes the 0-mean Gaussian white noise. Then the target distance [image: image].
The cross AF and cross sub-AF of received signal are defined respectively as Equation 5.
[image: image]
where “(⋅)*” denotes the conjugate operation. Substituting Equation 2, we get
[image: image]
Since delay and distance have a unique correspondence, cross AF and cross Sub-AF can also be notated: [image: image] and [image: image]。
Under the assumption of [image: image], the cross AF and cross sub-AF can also be called the auto AF and the auto sub-AF when [image: image] = 0, [image: image] = 0 and [image: image] = 0. The auto AF shape of the FM waveform shows oblique ridge-type, and we refer to its centerline as the ridge line in this paper. It can be proved that in the low-velocity range, the ridge lines of FM waveforms are approximately straight lines. From Equation 6, the auto ambiguity function shape of the FMC waveform has [image: image] superimposed ridge lines.
Figure 1B shows the schematic of the auto AF shape of the W-LFM waveform, which consists of four intersecting ridge lines. The slope of the ridge line of the ith sub-wave [image: image] is expressed as [38]
[image: image]
where [image: image] and [image: image] are the initial and cutoff frequencies of [image: image], respectively. Equation 7 represents the time-frequency distribution characteristics of the ridge lines, which can guide the FMC waveform design.
The Q-function is defined as the integral of the square of ambiguity function along the delay axis, and is often used to analyze the anti-reverberation properties of a waveform. The expression for the Q-function is [41] is as Equation 8.
[image: image]
The lower the value of Q-function is, the lower the output energy of the ambiguity function is, indicating the higher anti-reverberation performance of the waveform.
FMC waveform design requires a comprehensive trade-off between the number of sub-waves and the FM parameters, which are related to the distribution of sub-wave ridge lines, thus affecting the resolution performance of the waveform. From the perspective of high-resolution and anti-reverberation, too small an angle between ridge lines will cause mutual interference. From the point of view of false target suppression, the number of sub-waves should be as large as possible. But the increase in the number of sub-waves will not only increase the difficulty of waveform design, but also unfavorable to nonlinear processing.
3 HIGH-RESOLUTION PROCESSING
High-resolution algorithms based on nonlinear processing greatly reduce the ambiguity function volume of FMC signal, which is an effective approach to realize anti-reverberation, while existing high-resolution algorithms have the disadvantage of large loss of detection performance. In this section, the Point-wise Addition-Minimum-Product (PAMP) is proposed and its improvement in detection performance is analyzed with ROC curves.
3.1 High-resolution receiver
From Equation 6, the ambiguity function of the FMC signal is equivalent to the point-wise summation of [image: image] sub-AFs, i.e., the conventional MF method. If some nonlinear methods are utilized to preserve the overlapping regions and eliminate the non-overlapping regions of the ridges in the ambiguity function shape, the output ambiguity function shape behaves as a thumbtack shape, which further reduces the output energy on the basis of high-resolution. We refer to this process as high-resolution processing, and a schematic diagram of the high-resolution receiver for FMC signals is shown in Figure 2, where sub-wave AF indicates the sub-wave detection based on MF for the received signal, and nonlinear processing indicates the fusion of the sub-AFs.
[image: Figure 2]FIGURE 2 | The schematic diagram of the high-resolution receiver.
In the coordinate region where the ridges cross, all sub-AF shapes behave as peaks, and the ambiguity function shape after nonlinear processing remains as peaks. In the coordinate region where the ridges do not cross, at most 1 sub-AF shape behaves as peak while the rest behaves as base, and the ambiguity function shape after nonlinear processing behaves as base. Compared to MF, the ridges are preserved at target coordinates and suppressed at non-targets coordinates in the high-resolution AF shape, which can reduce reverberation on the basic of high-resolution.
Rasool and Zhu [34, 35] describes various nonlinear processing algorithms, each of them has its own advantages and disadvantages, and all of them achieve high-resolution and anti-reverberation at the expense of detection performance. Point-wise Product (PP) has the expression as Equation 9.
[image: image]
Point-wise product increases the dynamic range of the output image, and its degree of variation increases with the increase in the number of sub-waves. In multi-target scenes, it makes strong targets stronger and weak targets weaker, which is not conducive to comparative analysis and target extraction. To offset the adverse effects caused by changes in dynamic range, we generally take the [image: image]-th square root of [image: image] to maintain the original mapping relationship of the output data. Point-wise Minimum (PM) has the expression as Equation 10.
[image: image]
Here “min{ }” means to find the minimum of the set. Both PP and PM realize high-resolution processing by fusing sub-AFs, and the SNR gain of sub-wave detection is [image: image] of the overall detection gain, resulting in low detection performance of existing nonlinear high-resolution processing.
Monte Carlo method is used to simulate the ROC curves of the signal processing algorithms. The constant false alarm probability is 0.01 and the number of calculations is 100,000. The time bandwidth product of FMC waveforms is 1,000. The ROC curves of PM and PP are shown in Figures 3A, B, respectively, where [image: image] denotes the number of sub-waves, and as the number of sub-waves increases, the SNR required for detection also increases, i.e., the detection performance decreases. When the number of sub-waves is the same, the detection performance of PM decreases more than that of PP. Therefore, the existing nonlinear high-resolution algorithms have a large loss of detection performance and are not applicable to hydroacoustic target detection.
[image: Figure 3]FIGURE 3 | (A) ROC curves of PP. (B) ROC curves of PM. (C) ROC curves of PAMP.
3.2 The PAMP algorithm
In order to improve the detection performance of existing nonlinear methods, this paper proposes an improved method PAMP based on PM and PP. The method reorganizes the sub-wave detection results and improves the SNR gain of individual detection parts without losing the variability of the ambiguity functions, which not only ensures the high-resolution effect but also improves the overall detection performance of the algorithm.
The processing flow of PMAP is shown in Figure 4. First, we add the two sub-AFs point-wise to get Equation 11.
[image: image]
[image: Figure 4]FIGURE 4 | Processing flow of the PAMP.
Here, [image: image] and [image: image]. [image: image] is formed by summing two crossed ridges, and they remain distinct from each other, which provides a basis for nonlinear processing. Disregarding the case of repeated combinations, the number of reconfigured sub-AFs is as Equation 12.
[image: image]
Taking the W-LFM waveform as an example, there are six ([image: image], [image: image]) reconfiguration schemes, namely (1, 2), (1, 3), (1, 4), (2, 3), (2, 4), (3, 4). It is worth mentioning that the SNR of reconfigured sub-AFs is twice that of a single sub-AF, but they are not completely independent of each other.
Second, we take a PM of the reconfigured sub-AFs to get.
[image: image]
Because of the variability in ridge distribution in reconfigured sub-AFs, the ambiguity function shape for this step behaves as thumbtack shapes similarly to the conventional PP and PM. At last, in order to further enhance the target peak and suppress the base in ambiguity function shape, we multiply Equation 6 and Equation 13 and take the square root to get Equation 14.
[image: image]
This step is based on the conventional ambiguity function with the highest SNR gain, and the high-resolution result is used as the weighting factor to ensure sufficient detection gain, which enhances the display and facilitates bright spot detection and extraction.
As in section 3.1, Monte Carlo method is used to simulate the ROC curves of PAMP. The constant false alarm probability is 0.01 and the number of calculations is 100,000. The time bandwidth product of FMC waveforms is 1,000. The ROC curve of PAMP is shown in Figure 3C. When [image: image] = 2, PAMP becomes conventional ambiguity function, so its detection performance is exactly the same as MF. With the increase of the number of sub-waves, the detection performance tends to decrease, but the loss is much lower than that of PP and PM. For the W-LFM waveform, with [image: image] = 4 and a detection probability of 0.5, the SNR loss of PAMP is only 0.4 dB, compared to 2.1 dB and 3.8 dB for PP and PM, respectively. The detection performance of PAMP is significantly improved compared to PP and PM.
3.3 Variation rules of resolution cell
The resolution cell is the contour of the ambiguity function shape at a certain height, and its range and velocity scales can indicate the range and velocity resolution performance. The smaller the area or scale of the resolution cell, the higher the resolution performance. Increasing the number of sub-waves decreases the overall resolution performance. To explore the relationship between the number of sub-waves and the resolution width, the resolution cells under different sub-wave number settings are compared. Figure 5 shows the MF resolution cells and the PAMP resolution cells for the three sub-wave number settings. Table 1 shows the comparison results of range and velocity resolution widths.
[image: Figure 5]FIGURE 5 | (A) MF resolution cells under three sub-wave number settings. (B) PAMP resolution cells under three sub-wave number settings.
TABLE 1 | Resolution widths comparison.
[image: Table 1]It can be seen that with the increase of the number of sub-waves, both range and velocity resolution widths increase, which is unfavorable for multi-target resolution. When the number of sub-waves is certain, the resolution widths of PAMP are smaller than PM, which indicates that PAMP can effectively improve the resolution performance. From the perspective of resolution, the number of sub-waves cannot be increased indefinitely, and its selection needs to comprehensively balance the three performance indexes of resolution loss, detection loss and false target probability.
4 SIMULATION RESULTS
Based on the FMC waveform design guidelines [38], a W-LFM waveform is designed, which has a bandwidth [image: image] = 1 kHz and a pulse width [image: image] = 1 s. Its Time-frequency curve and auto ambiguity function shape are shown in Figure 6. In this section, on the one hand, the two-target simulation signal is processed with high-resolution and the advantage of this paper’s algorithm in the multi-target case is analyzed. On the other hand, based on the ambiguity functions and Q-functions, the advantages of this paper’s algorithm in high-resolution and anti-reverberation performance are compared and analyzed.
[image: Figure 6]FIGURE 6 | (A) Time-frequency curve of simulation waveform. (B) Auto ambiguity function shape of simulation waveform.
4.1 Ambiguity function shapes of two-target signal
Consider two targets at ranges of 0 m and 10 m, intensities of 0 dB and −3 dB, and velocities of 0 m/s and 5 m/s, respectively. Simulate two W-LFM echo signals formed by the above two targets, one of which is noise-free for the ideal condition, and the other contains Gaussian white noise with SNR = −10 dB for the noise condition. The two signals are processed by four methods, MF, PP, PM and PAMP. Figure 7 shows the ambiguity function shapes of the noise-free signal and Figure 8 shows the ambiguity function shapes of the noise-limited signal.
[image: Figure 7]FIGURE 7 | (A) Ambiguity function shapes of noise-free signal for MF. (B) Ambiguity function shapes of noise-free signal for PP. (C) Ambiguity function shapes of noise-free signal for PM. (D) Ambiguity function shapes of noise-free signal for PAMP.
[image: Figure 8]FIGURE 8 | (A) Ambiguity function shapes of noise-limited signal for MF. (B) Ambiguity function shapes of noise-limited signal for PP. (C) Ambiguity function shapes of noise-limited signal for PM. (D) Ambiguity function shapes of noise-limited signal for PAMP.
In Figure 7A, the ridges of the two targets cross each other and form several interference main lobes, which are lower in amplitude than the two real main lobes but have similar structural features to them, which is not conducive to autonomous target identification. Although the backgrounds in Figures 7B–D are relatively flat, the widths of the main lobes of the targets in Figure 7B and C are significantly larger than that in Figure 7D, which indicates that the resolution of PAMP is better than that of PP and PM.
In Figure 8, the overall brightness of the four images increases compared to Figure 7, where Figure 8B has the highest brightness and Figure 8D has the lowest brightness, which means that PP has the largest ambiguity function volume and PAMP has the smallest ambiguity function volume. The ambiguity function volume represents the output reverberation energy of this waveform in the reverberation scenario, and theoretically the smaller the volume the better the anti-reverberation. When there are a large number of densely distributed scattering elements, the high-resolution processing with low background and narrow main lobe can effectively reduce the accumulation of energy and improve the anti-reverberation capability.
4.2 Performance comparison
Consider the theoretical resolution width in auto ambiguity function shape of the FM waveform at −3 dB height. The frequency resolution width is as Equation 15.
[image: image]
Pulse width [image: image] = 1 s, center frequency [image: image] = 2.5 kHz, and velocity resolution width [image: image] = 0.3 m/s. Time resolution width is as Equation 16.
[image: image]
Bandwidth [image: image] = 1 kHz, sound velocity [image: image] = 1,500 m/s, and range resolution width [image: image] = 0.75 m.
Figure 9A shows the cross-section in auto ambiguity function shapes of the W-LFM waveform at −3 dB height, i.e., the resolution cell of the signal. Unlike FM, the resolution width of the high-resolution waveform is based on the boundary value of the resolution cell, so it is larger than the theoretical width. The comparison results of the four methods are shown in Table 2.
[image: Figure 9]FIGURE 9 | (A) Comparison of range-velocity resolution. (B) Comparison of Q-function. (C) Comparison of SNR-Q curve.
Range resolution width: PM < PAMP < MF < PP, velocity resolution width: PAMP < MF < PM < PP, resolution cell area: PAMP < MF < PM < PP., Compared with MF, the range and velocity resolution widths of PAMP, are reduced by 13% and 10%, respectively. Considering both the width and area of the resolution cell, the W-LFM, waveform processed by PAMP, have the optimal high-resolution performance.
TABLE 2 | Simulated resolution width.
[image: Table 2]Figure 9B shows the Q-function curves of the W-LFM waveform. The overall height of the Q-function: PP < PAMP < PM < MF. In order to characterize the Q-function curves of the high-resolution algorithms in a low SNR scenario, we examine the Q variation curve about SNR with 5 m/s as an example, and the results are shown in Figure 9C. As the SNR decreases, the Q of all algorithms show an increasing trend. The Q of PM is 16 dB lower than that of MF without noise while SNR <10 dB is higher than that of PAMP, and SNR <−5 dB is close to that of MF. The Q of PP is 5 dB lower than that of MF without noise while SNR <16 dB is higher than that of MF. In contrast, PAMP has a more stable Q variation, with a 6 dB reduction compared to MF in the noiseless case and a 2.5 dB reduction at SNR <−5 dB.
4.3 Summary
Consider a typical case when the detection probability of MF is 0.5, then SNR = −24 dB. The detection probabilities of PP, PM, and PAMP are 0.23, 0.15, and 0.45, and the Qs are −12.6 dB, −16.8 dB and −19.3 dB, respectively.
Although the conventional MF is the receiver with the highest SNR gain, the intersecting ridges in the ambiguity function shape are easy to form interfering bright spots, which are not favorable for target discrimination. The two-target simulation results show that PAMP has strong ridge suppression and target discrimination ability. The resolution performance of PP and PM is lower than that of MF and PAMP, and both of their anti-reverberation advantages are dependent on high SNR of signal, which is not suitable for underwater target detection. However, the PAMP’s anti-reverberation performance is stable in low SNR scenario, where it reduces reverberation by more than 2.5 dB compared to MF, while the detection performance remains close to that of MF.
5 EXPERIMENT VERIFICATION
To verify the practical performance of the FMC signal and the PAMP algorithm, we conducted an active sonar signal test in April 2023 on the lake. The average depth of the experimental area is about 15 meters, and the Signal-to-Interference Ratio (SIR) of the echo is low due to the shallow water. In order to improve the saliency of the target, we set up a detection platform and a simulated target at a relative distance of about 350 m. The detection platform consists of a transducer with a maximum transmitting power of 5 kw and a 12-element standard hydrophone array for transmitting active pulses and receiving signals, respectively. The hydrophones are arranged horizontally and linearly with a spacing of 0.3 m. The simulated target consists of a transducer with a maximum transmitting power of 500 w, which emits Doppler-modulated pulses to simulate a moving target. The deployment depth of the above equipment is 5 m. The experiment situation is shown in Figure 10.
[image: Figure 10]FIGURE 10 | Experiment situation.
The transmit pulses for the test are LFM and W-LFM signals with a pulse width of 1 s and a frequency of 2–3 kHz. The active transducer transmits the pulse at moment 0 of the current detection period, and the target transducer transmits a Doppler-modulated pulse at moment 1.7 s of the current detection period, simulating a moving target with a radial velocity of 1.5 m/s. The signal is received by the hydrophone array throughout the detection period.
5.1 Display image
The received signal is processed with conventional beamforming and matched filtering to obtain a direction-range map for the active sonar. Figure 11 shows the direction-range map of the LFM signal and three main targets labeled in the figure. Target 1 has the shortest range and highest brightness and is considered a direct wave target. Targets 2 and 3 are reflected wave signals, with target 2 being the least bright. There is a bright band near the 90° direction in the figure and a reverberant area in the region within 1.3 km.
[image: Figure 11]FIGURE 11 | Conventional processing result of LFM signal.
W-LFM is a range-velocity two-dimensional resolution waveform, and the conventional processing cannot realize the detection of moving targets. In order to show the high-resolution processing effect, we calculate the AFs of the beam signals obtained by conventional beamforming, and obtain the direction-velocity-range map. Figure 12 shows the schematic diagram of the direction-velocity-range display.
[image: Figure 12]FIGURE 12 | The schematic diagram of direction-velocity-range display.
Figure 13 shows comparatively the direction-velocity-range images of the W-LFM signal, and Figures 13A–D are the processing results of MF, PP, PM, and PMAP, respectively. The four images are normalized by the intensity of their respective direct targets, and they are labeled for the three targets in Figure 11. The parameters (direction/degree, velocity/m/s, range/km) of the three simulated targets are (108, 1.5, 1.44), (92, 1.5, 1.46), and (78, 1.5, 1.56), respectively. Comparing the 4 images, it shows that PAMP has the best overall performance in the following 3 points.
a. Compared to Figure 13D, the reverberant areas of Figures 13A–C are brighter, indicating that the output reverberation of PAMP is the lowest.
b. Compared to Figures 13A, D, the area of the target bright spot is significantly larger in Figures 13B, C, and the center of the bright spot of target 2 is not obvious, indicating that PP and PM have a greater loss of detection performance for weak target. They increase the saliency of strong target but decrease the resolution accuracy.
c. Compared to Figure 13A, the saliency of the target bright spot in Figure 13D is higher due to the elimination effect of PAMP on the ridges, which facilitates target extraction and identification.
[image: Figure 13]FIGURE 13 | (A) Direction-velocity-range images for MF. (B) Direction-velocity-range images for PP. (C) Direction-velocity-range images for PM. (D) Direction-velocity-range images for PAMP.
5.2 Performance comparison
Figure 14A compares the range-velocity resolution cells of the W-LFM direct wave in the ambiguity function at the height of −3 dB with the 108-degree-direction beam as an example, and the resolution widths are shown in Table 3. The resolution widths of PP and PM are close to each other, while the range resolution width is almost the same and the velocity resolution width is increased by about 2.2 times compared with MF. Meanwhile, compared with MF, the range resolution width of PAMP decreases by about 17% and the velocity resolution width decreases by 10%. The comparison shows that PAMP has the best range-velocity 2-dimensional resolution performance.
[image: Figure 14]FIGURE 14 | (A) Comparison of range-velocity resolution. (B) Comparison of ambiguity function energy.
TABLE 3 | Experimental resolution width.
[image: Table 3]The dual integral of the square of the ambiguity function along range and velocity represents the total energy of the beam, which reflects the output reverberation of a beam. The energy of the beam is expressed as
[image: image]
Figure 14B shows the beam energy curves of the W-LFM signal, where [image: image] = [image: image] = −3 m/s, [image: image] = 1 km, and [image: image] = 2 km. Compared to the output reverberation of MF, the average elevation of PP is about 3.1 dB and the average reduction of PM is about 0.5 dB, indicating that neither of the two methods can effectively reduce the output reverberation in the experimental situation. Meanwhile, the output reverberation of PAMP is reduced by about 3.5 dB on average compared to MF, proving the anti-reverberation advantage of PAMP. The above conclusion is consistent with the simulation results in Section 4.2.
6 DISCUSSION
In this paper, we propose an improved high-resolution processing algorithm PAMP for FMC signals based on PP and PM, and verify that PAMP has the performance advantages of little detection loss, high range-velocity resolution, and low reverberation through numerical simulation and lake experiment. In summary, PAMP is suitable for high-resolution processing of hydroacoustic multi-target detection in low SNR background.
In our further work, in addition to continuing the research on high-resolution algorithms, we will conduct target detection experiments of active sonar in more complex acoustic fields. Moreover, we will design comparison experiment with conventional thumbtack signals to further explore the feasibility of FMC signals and high-resolution processing.
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