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Abstract

:

This paper investigates the design of waveforms for multiple-input multiple-output (MIMO) radar systems that can exploit multipath returns to enhance target detection performance. By making reasonable use of multipath information in the waveform design, MIMO radar can effectively improve the signal-to-interference and noise ratio (SINR) of the receiver under a constant modulus (CM) constraint. However, optimizing the waveform design under these constraints is a challenging non-linear and non-convex problem that cannot be easily solved using traditional methods. To overcome this challenge, we proposed a novel waveform design method for MIMO radar in multipath scenarios based on deep learning. Specifically, we leveraged the powerful nonlinear fitting ability of neural networks to solve the non-convex optimization problem. First, we constructed a deep residual network and transform the CM constraint into a phase sequence optimization problem. Next, we used the constructed waveform optimization design problem as the loss function of the network. Finally, we used the adaptive moment estimation (Adam) optimizer to train the network. Simulation results demonstrated that our proposed method outperformed existing methods by achieving better SINR values for the receiver.
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1. Introduction


Radar systems often encounter multipath effects when detecting low-altitude targets. In such scenarios, the received returns consist not only of the backscattered line-of-sight (LOS) component, but also of the multipath returns component [1,2,3]. However, the presence of multipath returns can cause the received echo signal to fluctuate and even cancel, which will reduce the performance of target detection and parameter estimation. The early research has been devoted to suppressing the multipath returns [4,5,6,7]. In [4], multipath returns are regarded as clutter and suppressed.



However, the principle of multipath generation suggests that both the direct and multipath returns are coherent and contain target energy [8]. If the energy of the multipath returns can be accurately estimated and accumulated, it can improve the detection and tracking performance of the target [9,10,11].



Multiple-input multiple-output (MIMO) radar is a new type of radar system in which the transmitting antennas can transmit mutually independent signals [12,13,14,15,16]. By adaptively adjusting the MIMO radar transmission waveform for different tactical needs, the radar detection performance can be significantly improved in complex environments [17,18].



MIMO channel models can be broadly categorized into two types based on the methods used for their establishment. The first type is deterministic channel models [19,20,21], where precise information about the channel is obtained, and the wireless propagation is deemed as a deterministic process. This enables the determination of the spatio-temporal characteristics of any point in space. One study [19] employed a multilayer artificial neural network method to predict channel characteristics, thereby overcoming the low computational efficacy of traditional deterministic channel models. In contrast, the other type is statistical channel models [22,23,24,25], wherein the channel is regarded as a stochastic process, and a probability distribution is used to describe its temporal and spatial changes.



Depending on the specific application requirements of the radar, the waveform optimization design criteria for MIMO radar can be divided into four types. The first type of optimization criterion aims to maximize the signal-to-interference and noise ratio (SINR) [26,27,28,29]. Through appropriate waveform design, MIMO radar can maximize the SINR to improve target detection performance. In [29], an optimization design problem for maximizing the SINR based on constant modulus, similarity, and spectrum constraints was presented, and a semi-definite programming method was used to solve the problem. The second type of optimization criterion aims to maximize mutual information [30,31]. By maximizing the amount of mutual information between the corresponding target and the received waveform, the echo can exhibit more target characteristics. The third type of optimization criterion is the pattern matching problem [32,33]. The goal of this type of problem is to concentrate the transmitted beam energy of the MIMO radar in a specified airspace while minimizing the transmitted energy of the side lobes. The last type of optimization criterion is the orthogonal waveform design problem [34,35,36]. By reducing the correlation between the transmitted waveforms, the performance of matched filtering can be improved.



Combining high degrees of freedom in the MIMO radar waveform design with multipath exploitation [37,38,39] has shown great potential for further improving target detection performance. Most existing waveform design methods using multipath returns focus on slow time domain weight optimization for fixed waveform. In [37], the authors proposed to improve the detection performance of moving targets in multipath scenarios by optimizing the weights between different coherent processing intervals (CPIs), which they performed by using the orthogonal frequency division multiplexing (OFDM) waveform. On the other hand, in [38], the authors proposed an OFDM MIMO adaptive waveform design algorithm based on the mutual information criteria, thus aiming to select the best OFDM waveform by maximizing the mutual information between the state and measurement vectors. This particular type of slow time domain MIMO radar waveform can present challenges in scenarios that demand low range domain sidelobes, due to its high range domain sidelobes. Additionally, complex signal processing algorithms are required for slow time domain waveforms, which can increase system cost and overall complexity.



In recent years, there has been an increasing interest among radar technicians in exploring fast time domain waveform design methods that make use of multipath information. In [40], the transmit waveform and receive filter of a MIMO radar system were jointly designed to maximize the SINR of the receiver for multipath exploitation. In [41], the robust joint design of MIMO radar transmit waveform and receive filter banks was considered under the uncertainty of multipath returns information. This method addressed the limitation of requiring accurate prior knowledge of the multipath returns information in the method presented in [40]. The optimization problem discussed in the literature is non-convex and, therefore, cannot be solved directly. Existing research primarily relies on algorithms such as semi-definite relaxation algorithms to solve non-convex problems indirectly by relaxing the objective function or the constraint to a more tractable form. Oftentimes, these methods experience degradation in performance due to the relaxation process.



The constant modulus (CM) constraint is a common requirement for MIMO radar waveform design to avoid distortion of the transmit signal in near-saturated operating modes of the high frequency amplifier [42]. The objective of MIMO radar waveform design for multipath exploitation is to maximize the SINR of the receiver while adhering to the CM constraint of the transmit waveform. However, this problem is non-linear and non-convex, thereby making it difficult to solve with traditional optimization algorithms.



Deep learning, as a natural non-linear system [43], can effectively solve such problems. In this paper, we proposed a method to design MIMO radar fast time domain waveforms for multipath exploitation using deep learning. We used a residual neural network to directly solve the non-convex optimization problem, rather than indirectly solving it by relaxing the CM constraint or SINR function. Firstly, we transformed the CM constraint problem into an unconstrained phase optimization problem and took a random phase sequence as the input of the network. Next, the reciprocal of the SINR function of the received signal model in the multipath scenario was used as the loss function of the network. After training the network using an adaptive moment estimation (Adam) optimizer, the output of the network became the phase sequence of the designed waveform.



The simulation results demonstrated that the proposed algorithm made full use of the multipath energy, thus resulting in the waveform with higher SINR performance and detection probability compared to existing methods.



In summary, the main contributions of this article can be summarized as follows:




	
A MIMO radar signal model was constructed for multipath scenarios;



	
The MIMO radar waveform design problem for multipath exploitation was modeled as a maximizing SINR problem with the constant modulus constraint on the transmit waveform;



	
Our proposed MIMO radar waveform design algorithm employed deep learning that utilized the non-linear fitting ability of neural networks to directly solve the non-convex waveform optimization problem.








The remainder of this paper is organized as follows. In Section 2, the multipath signal model for the MIMO radar is established. In Section 3, the MIMO radar waveform optimization design problem is formulated, and the waveform design algorithm based on deep learning is presented. Section 4 provides the simulation results to demonstrate the effectiveness of the proposed algorithm and the superiority of the designed waveform. Finally, Section 5 draws the conclusions.



Notations: In this paper, we use italic letters for scalars, bold italic lowercase letters for vectors, and bold italic uppercase letters for matrices. The superscripts    ·  T  ,    ·  H   and    ·  ∗   denote the transpose, conjugate transpose, and conjugate, respectively.   C  N × N    denotes the sets of   N × N   complex matrices.   vec  ·    denotes stacking the matrix by column. The symbol ⊗ denotes the Kronecker product.   E  ·    represents the calculation expectation, and   tr  ·    denotes the trace of a square matrix.   ·   denotes the Frobeneous norm.   Re  a    and   Im  a    denote the real part and imaginary part of the vector  a , respectively.




2. Signal Model


A colocated MIMO radar consisting of   N T   transmitting antennas and   N R   receiving antennas was considered in the multipath scenario. The transmit waveform of the lth snapshot can be expressed as


   s l  =    s l   ( 1 )  ,  s l   ( 2 )  , … ,  s l   (  N T  )   T  ,  



(1)




where   l = 1 , 2 , … , L  , L denotes the number of samples in the fast time domain. The transmit signal matrix can be represented by


  S =   s 1  ,  s 2  , … ,  s L   ∈  C   N T  × L   .  



(2)







It is assumed that the unit spacing in the transmitting antenna array and the receiving antenna array is set at half wavelength, that is,   d = λ / 2  . The synthetic signal of the lth snapshot at the azimuth  θ  can be expressed as


   y l  =  a  t  T   ( θ )   s l  , l = 1 , 2 , … , L ,  



(3)




where    a t   ( θ )  =   1 ,  e  −   j 2 π d sin θ  λ    , … ,  e  −   j 2 π   N T  − 1  d sin θ  λ     T    denotes the transmit steering vector.



The signal received by the MIMO radar receiver of the lth snapshot can be modeled as


   z l  = α A  ( θ )   s l  = α  a r   ( θ )   a  t  T   ( θ )   s l  , l = 1 , 2 , … , L ,  



(4)




where  α  is the complex reflection coefficient, and    a r   ( θ )  =   1 ,  e  −   j 2 π d sin θ  λ    , … ,  e  −   j 2 π   N R  − 1  d sin θ          λ     T    denotes the receive steering vector   A  ( θ )  =  a r   ( θ )   a  t  T   ( θ )   .



As shown in Figure 1, it is assumed that there is a reflective surface in the scenario that results in multipath returns. When the radar system transmits signals to detect a target, the returns received by the radar array include not only direct returns, but also multipath returns from the reflector. The transmit–receive path of direct returns is   A → D → A  . Multipath returns include the multipath of the transmission process and the multipath of the reception process, namely,   A → B → D → A   and   A → D → B → A  . In addition, there are returns from the clutter area, namely   A → C → A  . The received signal model is given by


  y =  y d  +  y m  +  y c  +  y n  ,  



(5)




where   y d  ,   y m  ,   y c  , and   y n   represent the direct returns, multipath returns, clutter returns, and noise, respectively.



2.1. Direct Returns Model


Assuming that the target velocity and the angle between the target motion direction and LOS are v and   θ v  , respectively, the Doppler frequency of the direct returns can be expressed as


   F d  =   2 v cos  θ v   λ  ,  



(6)




where  λ  is the wavelength of the transmit waveform. The shift matrix is defined as   G l  , which is represented as


   G l   ( m , n )  =      1 ,  if  m − n + l = 0       0 ,  if  m − n + l ≠ 0      .   



(7)







The direct returns model of the pth pulse can be expressed as


   Y  d , p   = α  a r    θ d    a  t  T    θ d   S  G 0   e  j 2 π  F d   ( p − 1 )    ∈  C   N R  × 2 L   ,  



(8)




where  α  is the complex scattering coefficient of the target, and    a t    θ d     and    a r    θ d     denote the transmit steering vector and receive steering vector in the target azimuth   θ d  , respectively.



Assuming that the radar transmits P pulses in a CPI, we have


   y d  =      y  d , 1    T  ,    y  d , 2    T  , … ,    y  d , P    T   T  ,  



(9)




where    y  d , p   = vec  (  Y  d , p   )   . The direct return model vector can be expressed as


   y d  = α  f ⊗  G  0  T  ⊗   a r    θ d    a  t  T    θ d     s ,  



(10)




where   s = vec ( S )  ,   f =   1 ,  e  j 2 π  F d    , … ,  e  j 2 π  F d   ( P − 1 )     T   .




2.2. Multipath Returns Model


The Doppler frequency of the multipath returns can be given by


   F m  =   F d  2  +   cos   θ i  −  θ v    F d    2 cos  θ v    ,  



(11)




where   θ i   is the angle between    D B  ¯   and    D A  ¯  .



For the multipath returns, the transmit steering vector and the receive steering vector will point in different azimuths due to the reflective surface. Taking into account both the receiving and transmitting multipath, the received signal model of the pth pulse can be represented as


   Y  m , p   = ρ α   a r    θ m    a  t  T    θ d   +  a r    θ d    a  t  T    θ m    S  G  l m    e  j 2 π  F m   ( p − 1 )    ∈  C   N R  × 2 L   ,  



(12)




where  ρ  and   θ m   are the complex reflection coefficient of the surface and the arrival azimuth of multipath returns, respectively, and   l m   is the relative fast time delay of the multipath path with respect to the direct path.



Considering the CPI, the multipath returns model can finally be expressed as


   y m  = ρ α   f ′  ⊗  G   l m   T  ⊗   a r    θ d    a  t  T    θ m   +  a r    θ m    a  t  T    θ d     s ,  



(13)




where    f ′  =   1 ,  e  j 2 π  F m    , … ,  e  j 2 π  F m   ( P − 1 )     T   .




2.3. Clutter


In radar operations, there will inevitably be reflections from other objects in the scene that are not desired, which will have a noticeable effect on the received returns. The clutter returns of the pth pulse can be expressed as


   Y  c , p   = β  a r    θ c    a  t  T    θ c   S  G  l c   ∈  C   N R  × 2 L   ,  



(14)




where  β  is the complex backscattering coefficient of the clutter area,   θ c   is the azimuth of the clutter area, and   l c   is the relative fast time delay of the clutter path with respect to the direct path. The clutter signal model can be further expressed as


   y c  = β   1 P  ⊗  G   l c   T  ⊗   a r    θ c    a  t  T    θ c     s ,  



(15)




where   1 P   denotes a row unit vector of length P.




2.4. Noise


There is also signal-independent interference in the received data, which is caused by system noise. Typically, signal-independent noise is modeled as a Gaussian distribution.





3. Methods


3.1. Problem Formulation


The SINR is a commonly used optimization criterion that is closely related to target detection and parameter estimation performance. In our approach, we maximized the SINR in multipath scenarios to optimize the waveform design. Unlike common methods that treat multipath returns as clutter and suppress them, we leveraged the information from the multipath returns to improve the SINR of the output.



In order to calculate the SINR, the signal power of the received direct returns, multipath returns, clutter, and noise should be calculated separately and expressed as   P d  ,   P m  ,   P c  , and   P n  .



Based on the direct returns model, the signal power of the direct returns can be expressed as


      P d      =   1 L    ∑  p = 1  P   ∑  l = 1  L  E    α  e  j 2 π  F d   ( p − 1 )    A   θ d    s l   2            =  ∑  p = 1  P  E     e  j 2 π  F d   ( p − 1 )     2   E    α  2    1 L   ∑  l = 1  L   s  l  H   a t    θ d    a  r  T    θ d    a  r  ∗    θ d    a  t  H    θ d    s l           =  ∑  p = 1  P  E     e  j 2 π  F d   ( p − 1 )     2   E    α  2   tr   a  t  H    θ d    ∑  l = 1  L   s l   s  l  H   a t    θ d             =  ∑  p = 1  P  E     e  j 2 π  F d   ( p − 1 )     2     E    α  2    L     a  t  H    θ d   S  2  ,     



(16)




where   A  (  θ d  )  =  a r   (  θ d  )   a  t  T   (  θ d  )   .



The signal power of the multipath returns consists of two parts, namely, the signal power of the transmitting multipath returns and the signal power of the receiving multipath returns, which can be expressed as


      P m      =   1 L    ∑  p = 1  P   ∑  l = 1  L  E    ρ α  e  j 2 π  F m   ( p − 1 )    B   θ  m d     s l   2   +   1 L    ∑  p = 1  P   ∑  l = 1  L  E    ρ α  e  j 2 π  F m   ( p − 1 )    B   θ  d m     s l   2            =  ∑  p = 1  P  E    α  2   E    ρ  2   E     e  j 2 π  F m   ( p − 1 )     2    1 L   ∑  l = 1  L   s  l  H   a t    θ d    a  r  T    θ m    a  r  ∗    θ m    a  t  H    θ d    s l            +  ∑  p = 1  P  E    α  2   E    ρ  2   E     e  j 2 π  F m   ( p − 1 )     2    1 L   ∑  l = 1  L   s  l  H   a t    θ m    a  r  T    θ d    a  r  ∗    θ d    a  t  H    θ m    s l           =  ∑  p = 1  P  η tr   a  t  H    θ d    ∑  l = 1  L   s l   s  l  H   a t    θ d    +  ∑  p = 1  P  η tr   a  t  H    θ m    ∑  l = 1  L   s l   s  l  H   a t    θ m             =  ∑  p = 1  P   η L      a  t  H    θ d   S  2  +    a  t  H    θ m   S  2   ,     



(17)




where   η = E    α  2   E    ρ  2   E     e  j 2 π  F m   ( p − 1 )     2    ,   B  (  θ  m d   )  =  a r   (  θ m  )   a  t  T   (  θ d  )   , and



  B  (  θ  d m   )  =  a r   (  θ d  )   a  t  T   (  θ m  )   .



The signal power of the clutter is given by


      P c      =   1 L    ∑  p = 1  P   ∑  l = 1  L  E    β A   θ c    s l   2            =  ∑  p = 1  P  E    β  2    1 L   ∑  l = 1  L   s  l  H   a t    θ c    a  r  T    θ c    a  r  ∗    θ c    a  t  H    θ c    s l           =  ∑  p = 1  P  E    β  2   tr   a  t  H    θ c    ∑  l = 1  L   s l   s  l  H   a t    θ c             =  ∑  p = 1  P    E    β  2    L     a  t  H    θ c   S  2  ,     



(18)




where   A  (  θ c  )  =  a r   (  θ c  )   a  t  T   (  θ c  )   .



The noise power can be expressed as


   P n  = P  N T  L  σ  n  2  ,  



(19)




where   σ  n  2   represents the variance of Gaussian white noise.



To sum up, the output SINR can be expressed as


     SINR     =    P d  +  P m     P c  +  P n             =    ∑  p = 1  P   μ 1     a  t  H    θ d   S  2  +  ∑  p = 1  P   μ 2     a  t  H    θ m   S  2     ∑  p = 1  P   μ 3     a  t  H    θ c   S  2  + P  N T  L  σ  n  2    ,     



(20)




where    μ 1  =   E    α  2    E     e  j 2 π  F d   ( p − 1 )           2   + E     e  j 2 π  F m   ( p − 1 )           2   E    ρ  2     L   ,    μ 2  =   E     e  j 2 π  F m   ( p − 1 )           2   E    ρ α  2    L   , and    μ 3  =   E    β  2    L   .



The aim of this paper was to optimize the waveform design by maximizing the output SINR with the constant modulus constraint. Therefore, the waveform optimization problem in this paper can be summarized as


         max S      ∑  p = 1  P   μ 1     a  t  H    θ d   S  2  +  ∑  p = 1  P   μ 2     a  t  H    θ m   S  2     ∑  p = 1  P   μ 3     a  t  H    θ c   S  2  + P  N T  L  σ  n  2                s . t .    | s  ( l )  |  = 1 , l = 1 , … , M  N T  .     



(21)








3.2. The Proposed Design Method


The problem of optimizing MIMO radar waveform to maximize SINR with a CM constraint is challenging due to the non-convex nature of both the SINR function and the CM constraint. This is a high-dimensional and non-convex problem that cannot be solved optimally using conventional methods. However, deep learning models are highly suitable for solving this problem, since they are high-dimensional and non-linear systems.



As the residual network can effectively tackle the issues of gradient disappearance and explosion while increasing the number of network layers [44], we constructed a deep residual network to use its non-linear fitting ability to solve the nonconvex problem of maximizing SINR with the CM constraint. The optimized training network designed in this paper is displayed in Figure 2 and comprises five modules: input, forward propagation, output, loss function, and Adam optimizer.



3.2.1. Input and Output


A randomly generated normalized phase sequence of length    N T  L   was used as the input of the network and can be represented as


   x I  =   x I   ( 1 )  , … ,  x I   ( i )  , … ,  x I   (  N T  L )   ∈  C   N T  L × 1   ,  



(22)




where    x I   ( i )  ∈  [ 0 , 1 ]  , i = 1 , 2 , … ,  N T  L  .



The output of the network is a normalized phase sequence and can be represented as


   x O  =   x O   ( 1 )  , … ,  x O   ( i )  , … ,  x O   (  N T  L )   ∈  C   N T  L × 1   ,  



(23)




where    x O   ( i )  ∈  [ 0 , 1 ]  , i = 1 , 2 , … ,  N T  L  .




3.2.2. Forward Propagation Module


The constructed residual network consists of 10 residual blocks, each comprising two fully connected neural network layers. The first layer of the first residual block is a neural network with weight matrix dimension of    N T  L × J  , where the number of neurons is J. The second layer is a neural network with weight matrix dimension of   J × J   and J neurons.



The first layer of the last residual block is a neural network with weight matrix dimension of   J × J  , with J neurons. The second layer is a neural network with weight matrix dimension of   J ×  N T  L  , with J neurons.



To achieve dimension matching of the residual network, there is a network with weight matrix dimension of    N T  L × J   and J neurons between the input and output of the first residual block, and there is a network with weight matrix dimension of   J ×  N T  L   and J neurons between the input and output of the last residual block.



The other residual blocks in between consist of two layers of neural networks with weight matrix dimension of   J × J   and J neurons.




3.2.3. Loss Function


The output of forward propagation is a normalized phase sequence     x ^  O  ∈  C   N T  L × 1    . Assuming    φ ^  = 2 π ×   x ^  O   , the original signal from one forward propagation output can be expressed as    s ^  =  e  j  φ ^    ∈  C   N T  L × 1    . By the inverse process of vectorizing the waveform columns, an output signal matrix of dimension    N T  × L   can be obtained, where the lth column is the signal of the lth snapshot.



As the residual network cannot directly handle complex problems, an algebraic transformation of the original objective function is necessary. Assuming    s ^  = cos  φ ^  + j sin  φ ^    and    a  t  T   ( θ )  = Re   a  t  T   ( θ )   + j ∗ Im   a  t  T   ( θ )    , the synthetic signal of the lth snapshot of MIMO radar in azimuth  θ  can be expressed as


      y θ   ( l )      =  a  t  T   ( θ )    s ^  l           =  Re  {  a  t  T   ( θ )  }  + j ∗ Im  {  a  t  T   ( θ )  }    cos   φ ^  l  + j ∗ sin   φ ^  l            = Re  {  a t T   ( θ )  }  cos   φ ^  l  − Im  {  a t T   ( θ )  }  sin   φ ^  l  + j ∗  Re  {  a t T   ( θ )  }  sin   φ ^  l  + Im  {  a t T   ( θ )  }  cos   φ ^  l   .     



(24)







According to (24), we have


  Re   y θ   ( l )   = Re   a  t  T   θ   cos   φ ^  l  − Im   a  t  T   θ   sin   φ ^  l  ,  



(25)






  Im   y θ   ( l )   = Re   a  t  T   θ   sin   φ ^  l  + Im   a  t  T   θ   cos   φ ^  l  .  



(26)







The direct returns, multipath returns, and clutter of the lth snapshot of the pth pulse can be expressed as


      y  d , p    ( l )     =  α  e  j 2 π  F d   ( p − 1 )    ( Re  {  a  t  T   (  θ d  )  }  cos   φ ^  l  − Im  {  a  t  T   (  θ d  )  }  sin   φ ^  l            + j ∗  Re  {  a  t  T   (  θ d  )  }  sin   φ ^  l  + Im  {  a  t  T   (  θ d  )  }  cos   φ ^  l   ) ,     



(27)






      y  m , p    ( l )      = ρ α  e  j 2 π  F m   ( p − 1 )    ( Re  {  a  t  T   (  θ d  )  }  cos   φ ^  l  − Im  {  a  t  T   (  θ d  )  }  sin   φ ^  l            + j ∗  Re  {  a  t  T   (  θ d  )  }  sin   φ ^  l  + Im  {  a  t  T   (  θ d  )  }  cos   φ ^  l             + Re  {  a  t  T   (  θ m  )  }  cos   φ ^  l  − Im  {  a  t  T   (  θ m  )  }  sin   φ ^  l            + j ∗  Re  {  a  t  T   (  θ m  )  }  sin   φ ^  l  + Im  {  a  t  T   (  θ m  )  }  cos   φ ^  l   ) ,     



(28)






      y  c , p    ( l )     =  β ( Re  {  a  t  T   (  θ c  )  }  cos   φ ^  l  − Im  {  a  t  T   (  θ c  )  }  sin   φ ^  l            + j ∗  Re  {  a  t  T   (  θ c  )  }  sin   φ ^  l  + Im  {  a  t  T   (  θ c  )  }  cos   φ ^  l   ) .     



(29)







Considering the delay of multipath returns and clutter relative to direct returns, the direct returns, multipath returns, and clutter of the pth pulse can be expressed as


   y  d , p   =       y  d , p    ( 1 )         y  d , p    ( 2 )       ⋮       y  d , p    ( L )        0 L      ,   



(30)






   y  m , p   =      0  l m         y  m , p    ( 1 )         y  m , p    ( 2 )       ⋮       y  m , p    ( L )        0  L −  l m        ,   



(31)






   y  c , p   =      0  l c         y  c , p    ( 1 )         y  c , p    ( 2 )       ⋮       y  c , p    ( L )        0  L −  l c        ,   



(32)




where   0 L   denotes a column zero vector of length L. Taking into account the coherent pulse interval P, the direct returns, multipath returns, and clutter can be finally expressed as


   y d  =      y  d , 1    T  ,    y  d , 2    T  , … ,    y  d , P    T   T  ,  



(33)






   y m  =      y  m , 1    T  ,    y  m , 2    T  , … ,    y  m , P    T   T  ,  



(34)






   y c  =      y  c , 1    T  ,    y  c , 2    T  , … ,    y  c , P    T   T  .  



(35)







The signal power of the direct returns, multipath returns, clutter, and noise can be given by


     P d     =   1 L      y d   H   y d           =   1 L    ( Re   {  y d  }  2  + Im   {  y d  }  2  )  ,     



(36)






     P m     =  1 L   y m    H   y m           =  1 L   ( Re   {  y m  }  2  + Im   {  y m  }  2  )  ,     



(37)






     P c     =   1 L      y c   H   y c           =   1 L    ( Re   {  y c  }  2  + Im   {  y c  }  2  )  ,     



(38)






     P n     = P  N T  L  σ  n  2  .     



(39)







The loss function of the network is set to be the inverse of the objective function in the above optimization problem and can be expressed as


  l o s s =  1 SINR  =    P c  +  P n     P d  +  P m    .  



(40)








3.2.4. Adam Optimizer


The optimizer is a tool to guide the neural network for parameter updates. After the neural network achieves forward propagation once and calculates the loss function, the optimizer is needed to perform backward propagation to achieve the update of the network parameters. Adam optimizer is a classical deep learning optimizer based on gradient descent algorithm, combining the ideas of momentum method and adaptive learning rate, with the advantage of adaptively adjusting the learning rate to adapt to different data and models.



The Adam optimizer computes first-order moment estimates and second-order moment estimates of the gradient in each iteration, thus updating the learning rate and network parameters.



The gradient parameter of the loss function at the tth iteration with respect to the network weights  w  can be expressed as


   g t  = ∇ l o s s =   ∂ l o s s   ∂  w t    .  



(41)







The first-order moments and second-order moments of the network weights in the tth iteration can be expressed as


   m t  =  β 1  ·  m  t − 1   +  1 −  β 1   ·  g t  ,  



(42)






   r t  =  β 2  ·  r  t − 1   +  1 −  β 2   ·  g t  ⊙  g t  ,  



(43)




where   β 1   and   β 2   are two hyperparameters of the Adam optimizer, usually set to    β 1  = 0.9   and    β 2  = 0.999  .



At the beginning of the iteration, there is a deviation of   m t   and   r t   to the initial value, so it is necessary to correct the deviation of the first-order moments and second-order moments. The corrected first-order moments and second-order moments can be expressed as


    m ^  t  =   m t   1 −  β 1 t    ,  



(44)






    r ^  t  =   r t   1 −  β 2 t    .  



(45)







We iterate over the network weights, and the network weight parameters can be updated and represented as follows


   w  t + 1   =  w t  −    m ^  t      r ^  t   + δ   ,  



(46)




where  δ  refers to a small constant used for numerical stabilization, usually set to   δ =  10  − 8    .



We summarize the proposed algorithm in Algorithm 1.






	Algorithm 1: Proposed algorithm.



	
Input: Random normalized phase sequence   x I  , learning rate of Adam  γ , number of iterations E.



Output: Desired waveform phase sequence   x O  .



Set   e = 0  , Adam learning rate set to   γ > 0  ;



1: Construct forward propagation module according to Figure 2;



2: Input   x I   to the forward propagation module to obtain output   x O  ;



3: Compute   y d  ,   y m   and   y c   according to (27)–(35);



4: Compute   P d  ,   P m  ,   P c   and   P n   according to (36)–(39), and the loss function is constructed by (40);



5: Optimizing loss function with Adam optimizer;



6: If   e = E  , stop and output the result. Otherwise, update e, i.e.,   e = e + 1  , and back to the step 2.











3.2.5. Complexity Analysis


To evaluate the complexity of our proposed model, we measured its time complexity using floating-point arithmetic, FLOPs, and its spatial complexity using parameter quantities, Params. Assuming that the input of the network is a sequence with a length of 320, the complexity of the proposed model is shown in Table 1.






4. Results and Discussion


In this section, a series of simulations were conducted to verify the effectiveness of the proposed algorithm and the superiority of the designed waveform. All simulations were analyzed on a PC with a i7-12700H CPU and a GTX3080 GPU and 16 GB RAM. The neural network in this article was processed with Python 3.7 and pytorch 1.12 and ran on GPU.



The MIMO radar employed a transceiver co-array that consisted of a uniform line array with half-wavelength spacing and a wavelength of  λ . The simulation parameters shown in Table 2 were used in the subsequent simulations.



4.1. Convergence


This section analyzes the convergence of the proposed algorithm. The learning rate of the network was   γ = 0.01  , and the number of iterations was   E = 1000  . The number of optimized signals was    N T  = 20  , and the number of snapshots for each signal was   L = 16  .



As illustrated in Figure 3, the curve of the loss function gradually decreased as the number of training iterations increased. Particularly, during the first 10 training sessions, the loss function decreased rapidly. After 20 training sessions, the loss function started to converge and eventually approached zero, thus indicating that the proposed algorithm can converge to the global optimal solution.




4.2. SINR Performance


In this section, the learning rate of the network and the number of iterations were   γ = 0.01   and   E = 1000  . The number of optimized signals was    N T  = 20  , and the number of snapshots for each signal was   L = 16  . The interference-to-noise ratio was   INR = 20  dB  . The set of SNR were [−20 dB, −15 dB, −10 dB, −5 dB, 0 dB, 5 dB, 10 dB, 15 dB, 20 dB].



To evaluate the SINR performance of the waveform designed by the proposed algorithm, we compared it with the SINR performance of the waveforms designed using the multipath suppression algorithm [4] and the CAN algorithm [34] at different SNR conditions, as shown in Figure 4. It can be seen that the proposed algorithm achieved a higher SINR at both low SNR and high SNR. The SINR performance of the proposed algorithm was more than 2 dB higher than that of the multipath suppression algorithm at different SNR conditions. Because the purpose of the CAN algorithm is to generate orthogonal waveforms, the SINR performance of the generated waveform was much worse than that of the proposed algorithm and the multipath suppression algorithm.



To further highlight the superiority of the SINR performance of the waveform generated by the proposed algorithm, we conducted a comparative analysis assuming SNR = 20 dB and    N T  = 4  . Specifically, we compared the SINR performance of the proposed algorithm against an existing multipath exploitation algorithm [40] and a multipath suppression algorithm under these conditions. As shown in Table 3, the SINR performance of the proposed algorithm was higher than that of the multipath exploitation algorithm and multipath suppression algorithm.




4.3. Transmit Beampattern


In this section, we set the learning rate of the network to   γ = 0.01  , and we set the number of iterations to   E = 1000  . The number of optimized signals was    N T  = 20  , and the number of snapshots for each signal was   L = 16  . The signal-to-noise ratio was SNR = 20 dB, and the interference-to-noise ratio was INR = 20 dB. The azimuth ofthe target, multipath, and clutter were    θ d  =  20 ∘   ,    θ m  = −  10 ∘   , and    θ c  = −  5 ∘   . The azimuth ranged from   −  90 ∘    to   90 ∘   with a grid point spacing of   1 ∘  .



Figure 5 shows a comparison between the transmit beampattern generated by the proposed algorithm and the multipath suppression algorithm. As can be observed from the figure, the transmit beampattern generated by the proposed algorithm forms peaked in the target and multipath azimuths, while creating a deep notch in the clutter azimuth. In contrast, the multipath suppression algorithm treated the multipath returns as clutter, thus resulting in deep notches in both the multipath azimuth and clutter azimuth. It is evident from the transmit beampattern generated by the proposed algorithm and the multipath suppression algorithm that the multipath suppression algorithm achieved a suppression level of approximately −40 dB for both multipath returns and clutter. On the other hand, the proposed algorithm achieved a significantly superior suppression level of −70 dB for clutter energy.




4.4. Detection Probability


In this section, we compared the detection performance of the waveforms generated by the proposed algorithm and multipath suppression algorithm under different specular reflection coefficients. The learning rate of the network was   γ = 0.01  , and the number of iterations was   E = 1000  . The number of optimized signals was    N T  = 20  , and the number of snapshots for each signal was   L = 16  . The set of SNR were [−20 dB, −15 dB, −10 dB, −5 dB, 0 dB, 5 dB, 10 dB, 15 dB, 20 dB], and the interference-to-noise ratio was INR = 20 dB. The set of specular reflection coefficients included the values of 0.7  e  j π / 4   , 0.8  e  j π / 4   , and 0.9  e  j π / 4   .



The corresponding detection probabilities can be calculated by


   P d  = MarcQ    2 SINR   ,   − 2 log   P  f a       ,  



(47)




where   MarcQ  ·    denotes the Marcum-Q function [45], and   P  f a    denotes the false alarm probability.



Assuming the false alarm probability    P  f a   =  10  − 6    , the simulation results are shown in Figure 6. The proposed algorithm exhibited superior detection probability performance compared to the multipath suppression algorithm under the same input of SNR, as is evidenced by its higher   P d   value.



Regarding the proposed algorithm for multipath exploitation, the detection probability increased with the increase in multipath reflection intensity. In contrast, for the multipath suppression algorithm, the detection probability was not significantly affected by the multipath reflection intensity, as the multipath returns were treated as clutter and were suppressed by the algorithm.



To confirm the impact of the false alarm probability on the detection probability performance of the proposed algorithm, we evaluated and compared the detection probability performance of the proposed algorithm with existing and multipath exploitation algorithm and a multipath suppression algorithm under different false alarm probabilities. We set the signal-to-noise ratio to   SNR = 20 dB   and the number of optimized signals to    N T  = 4  . As shown in Table 4, the detection probability of the proposed algorithm was higher than that of the multipath exploitation algorithm and multipath suppression algorithm under different false alarm probabilities.




4.5. Effect of Initial Input


In this section, we set the learning rate of the network to   γ = 0.01   and the number of iterations to   E = 1000  . The number of optimized signals was    N T  = 20  , and the number of snapshots for each signal was   L = 16  . The signal-to-noise ratio was   SNR = 20  dB  , and the interference-to-noise ratio was   INR = 20  dB  .



We compared the SINR performance of the proposed algorithm using two different initial inputs: a random normalized phase sequence and a sequence optimized by the CAN algorithm. As shown in Figure 7, the proposed algorithm was insensitive to the initial input. For both cases, where the initial input was a random normalized sequence and a sequence optimized by the CAN algorithm, the SINR performance of the proposed algorithm had an acceptable error at the beginning of training and tended to become consistent with the increase in training iterations.




4.6. Effect of Number of Transmitting Antennas


In this section, we compared the SINR performance of the proposed algorithm with different numbers of transmit antennas. We set the learning rate of the network to   γ = 0.01  , and the number of iterations to   E = 1000  . The number of snapshots for each signal was   L = 16  . The signal-to-noise ratio was   SNR = 20  dB  , and the interference-to-noise ratio was   INR = 20  dB  . The set of the number of transmit antennas were [4, 8, 12, 16, 20, 24, 28].



As shown in Figure 8, the SINR performance of the proposed algorithm increased with the number of transmit array antennas   N T  . This is because the increase in the number of transmit antennas provided higher degrees of freedom (DOFs), which enabled the algorithm to exploit the multipath reflections better and achieve a higher SINR. This implies that augmenting the number of transmit antennas in the proposed algorithm leads to a better detection performance of the MIMO radar. Nonetheless, the increase in the number of transmit antennas may also escalate the cost and computational complexity of MIMO radar systems, thereby necessitating a comprehensive consideration in choosing an appropriate number of transmit antennas for practical applications.




4.7. The Phase of the Waveform


In this section, we plotted the phase of the waveform optimized by the proposed algorithm under different numbers of transmit antennas. We set the learning rate of the network to   γ = 0.01   and the number of iterations to   E = 1000  . The number of snapshots for each signal was   L = 16  . The signal-to-noise ratio was   SNR = 20  dB  , and the interference-to-noise ratio was   INR = 20  dB  .



As shown in Figure 9, the phase of the waveform optimized by the proposed algorithm varied between 0 and 2 π  for different numbers of transmit antennas. This result demonstrates the effectiveness of the algorithm in optimizing the transmission waveform.





5. Conclusions


In conclusion, this paper presents a novel approach for designing transmit waveforms for multipath exploitation using deep learning. We established the MIMO radar signal model for scenarios where a multipath exists and proposes an optimization objective that maximizes the receiver’s SINR with a CM constraint. To solve this non-convex problem, we developed a deep residual optimization training network that directly and optimally solved the problem without relaxation.



Our simulation results demonstrate that the proposed algorithm effectively utilized the energy of multipath reflections, thus outperforming existing methods in terms of SINR performance and detection probability. We also showed that the proposed algorithm was robust to different initial inputs and benefited from the increased degrees of freedom provided by additional transmit antennas.



Overall, our research has important implications for MIMO radar applications, where optimizing waveform design can significantly impact the accuracy and reliability of target detection. Future work could explore the generalization of our approach to more complex scenarios, such as those with unknown multipath information or multi-target situations.
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Figure 1. Multipath scenario diagram. 
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Figure 2. Constructed residual network. 
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Figure 3. Loss function curve. 
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Figure 4. Output SINR versus the SNR. 
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Figure 5. The transmit beampattern. 
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Figure 6. Comparisons of the detection probability. 
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Figure 7. SINR of different initial inputs. 
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Figure 8. SINR with different numbers of transmitting antennas. 
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Figure 9. Phase of the optimized waveform with different numbers of transmit antennas. (a)    N T  = 4  , (b)    N T  = 8  , (c)    N T  = 12  , (d)    N T  = 16  . 
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Table 1. The complexity of the proposed model.
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	Model
	FLOPs
	Params





	The proposed model
	786,432.0
	396,416
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Table 2. Simulation Parameters.






Table 2. Simulation Parameters.





	Parameters
	Value





	Number of transmitting antennas   N T  
	20



	Number of receiving antennas   N R  
	20



	Number of snapshot L
	16



	Number of neurons J
	128



	CPI P
	16



	Carrier frequency   f c  
	3 GHz



	Target azimuth   θ d  
	   20 ∘   



	Multipath azimuth   θ m  
	   −  10 ∘    



	Clutter azimuth   θ c  
	   −  5 ∘    



	   θ i   
	   45 ∘   



	   θ v   
	   10 ∘   



	Target velocity v
	45   m / s  



	Relative delay for multipath returns   l m  
	5



	Relative delay for clutter   l c  
	2



	Specular reflection coefficient  ρ 
	0.8  e  j π / 4   



	Signal-to-noise ratio SNR
	20 dB



	Interference-to-noise ratio INR
	20 dB
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Table 3. SINR performance of the proposed algorithm, existing multipath exploitation algorithm, and multipath suppression algorithm.
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	Methods
	Proposed Algorithm
	Multipath Exploitation
	Multipath Suppression





	SINR/dB
	25.64
	23.18
	20.64
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Table 4. The detection probability performance under different false alarm probabilities.
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	Methods
	Proposed Algorithm
	Multipath Exploitation
	Multipath Suppression





	    P  f a   =  10  − 7     
	0.9408
	0.8872
	0.7968



	    P  f a   =  10  − 6     
	0.9765
	0.9491
	0.8952



	    P  f a   =  10  − 5     
	0.9928
	0.9820
	0.9570
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