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Abstract


Drone-based synthetic aperture radar (SAR) systems have increasingly gained attention due to their potential for rapid surveillance in localized areas. This paper presents a novel approach to SAR processing for subsurface target detection from a lightweight drone platform. The limited processing capacity and memory resources of small SAR platforms demand efficient recovery performance for high-resolution imaging. Compressed sensing (CS) algorithms are widely used to mitigate data storage requirements, yet they often suffer from challenges related to computational burden and detection errors. CS theory exploits signal sparsity and the incoherence of sensing matrices to reconstruct target information from reduced data measurements. Although random sensing matrices are commonly employed to ensure the independence of measured data, they incur high computational cost and memory resources. While deterministic sensing matrices provide fast data recovery, they suffer from increased internal interference, leading to degraded performance in noisy environments. This paper proposes a novel hybrid sensing matrix and recovery algorithm for efficient target detection in small drone-based SAR platforms. After establishing the principles of signal sampling and recovery, SAR imaging simulations are conducted to evaluate the performance of the proposed method with respect to data compression, processing speed, and recovery accuracy. For verification, a custom-built drone SAR platform is utilized to recover subsurface targets obscured by high-clutter backgrounds. Experimental results demonstrate the effective recovery of buried target images, highlighting the potential of the proposed method for practical applications in high-clutter environments.
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1. Introduction


Synthetic aperture radar (SAR) processing is challenging due to the large volume of measurement data. Compressive sensing (CS) is an approach that allows the acquisition of signals and images with significantly less data than required by the Shannon–Nyquist theory. CS theory exploits signal sparsity and the incoherence of sensing matrices to recover target information from reduced data measurements [1,2,3]. The core elements of compressive sensing theory are the recovery algorithm and sensing matrix. Numerous approaches have been employed to implement the recovery algorithm, and they are mostly classified into two optimization methods: convex optimization minimizing the   l 1  -norm [4,5,6] and greedy algorithms minimizing the   l 0  -norm [7,8,9,10]. Sensing matrices can be constructed utilizing random or deterministic structures. Random matrices, constructed through stochastic processes, offer high flexibility and ease of implementation, at the cost of increased storage and computational demands. In contrast, deterministic matrices, derived from structured algorithms, provide efficiency and predictability, though their design can be complex [11].



In SAR imaging, CS exploits the inherent sparsity of radar signals, enabling reduced sampling rates without significant loss of image quality [12,13,14]. In high-resolution SAR imaging missions, the volume of generated data is substantial, posing significant challenges for storage capacity and data communication links. CS offers a valuable solution by enabling the recovery of SAR data through sub-Nyquist sampling rates. This technique effectively addresses the issue of data volume by significantly reducing the amount of data to be stored [15,16]. Moreover, a framework for sparse SAR imaging was proposed, highlighting improvements in computational efficiency and robustness in near-field SAR applications [17], and a block CS method was developed for efficient compression of SAR images [18] and for SAR image formation [19], respectively. The CS-based method can be further exploited for SAR imaging from azimuth missing raw data [20] and polarimetric holographic SAR imaging [21]. While traditional CS methods often rely on random sensing matrices with elements following Gaussian or Bernoulli distributions [22,23], these approaches present significant challenges in terms of computational complexity and hardware implementation. In contrast, deterministic sensing matrices offer structured designs that facilitate easier implementation and more efficient computation, making them highly suitable for complicated SAR missions [24].



In CS, the restricted isometry property (RIP) condition is crucial for ensuring the complete recovery of missing data from undersampled measurements. While the RIP can be theoretically ensured for random sensing matrices, deterministic matrices may not satisfy the RIP condition exactly for all sparse vectors. However, deterministic sensing algorithms utilize structured matrices, avoiding the store of full sensing matrices. This is highly advantageous for high-resolution and wide-swath SAR missions. However, it is highly challenging to design large-scale deterministic sensing matrices with low mutual coherence due to the deterministic nature. In [11,25], the authors presented an in-depth study on the construction of deterministic sensing matrices, emphasizing their ability to approximate the behavior of random matrices while maintaining desirable properties such as incoherence. This study has been further extended to various deterministic construction techniques, including coding-based methods [26,27,28,29,30], discrete Fourier transform (DFT) matrices [31,32,33,34], binary matrices [35,36,37,38,39], and specific sequence-based matrices [40,41,42]. For example, A chirp code can be defined as a discrete form of the linear frequency modulation (LFM). Chirp matrices are constructed using these chirp codes in a structured manner, resulting in predetermined entries. The structured nature of chirp codes offers computational benefits in CS recovery. Specifically, the chirp code compressive sensing (CC-CS) reduces the computational complexity to a logarithmic scale with respect to the data length, enabling fast reconstruction [25,40,42]. This is achieved by employing a chirp-based sensing matrix and a low-complexity recovery method based on the fast Fourier transform (FFT). These matrices, derived from mathematical structures and transformations, enable efficient computation and possess favorable properties for signal reconstruction. However, existing deterministic sensing matrices often improve processing speed at the cost of increased mutual coherence, which weakens the RIP and results in performance degradation [43,44,45].



On the other hand, random waveforms have been extensively utilized in radar detection and imaging for purposes such as electronic counter-countermeasures (ECCM) [46,47,48] and distributed radar applications [49,50]. Typically, random phase designs are preferred to improve the transmit power efficiency and random amplitude modulations are also employed to construct chaotic waveforms [51,52,53,54]. For instance, the performance of random phase and frequency-modulated waveforms has been investigated by adjusting the stochastic properties of the modulating signals in [54].



In recent years, the detection of concealed targets using drone platforms has received significant attention. Down-looking ground-penetrating radar (GPR) architectures have been employed in [55,56,57,58,59], while an airborne side-looking GPR system is utilized in [60]. A height estimation method was developed and validated to enhance GPR-SAR image quality, based on unmanned aerial vehicle (UAV) trajectory data obtained from GPR measurements [61,62]. An array-based GPR-SAR system mounted on a UAV was introduced to improve the detection capabilities of buried threats [63]. GPR-based sensing is highly time-consuming and may become impractical for imaging areas that extend beyond several kilometers. This makes SAR imaging a more suitable option for wide-area scanning. Real-time processing for UAV-mounted GPR-SAR systems has been implemented using tomography-based methods [64]. However, wide-area imaging remains challenging due to the limited instantaneous field of view of GPR systems. Consequently, conventional side-looking SAR, with its broader field of view, is preferred for practical operation scenarios. Wide-view SAR imaging for buried target detection demands continuous processing of vast amounts data. This difficulty is further intensified by the ultra-wideband nature of the signal and the presence of clutter noise.



Despite its unique and advantageous properties, the use of deterministic sensing matrices for SAR imaging is rarely found. This is mainly due to the difficulty of expanding the matrix size to cope with the huge data size of the SAR image. The vulnerability to the noisy nature of the SAR signal is another critical issue that may prevent its application. In this paper, we develop a hybrid design by introducing the random amplitude and phase modulations to increase the mutual independence of the existing chirp sensing matrix. The proposed sensing matrices explore the potential of deterministic sensing matrices as a viable alternative to random matrices for CS-based SAR imaging, offering a balance between computational efficiency and high-quality image reconstruction. It is shown that the proposed sensing matrix enables efficient and accurate signal recovery from sparse measurements, leading to improved imaging performance and reduced hardware complexity. The proposed method is expected to be particularly advantageous for detecting buried targets, owing to its excellent clutter suppression capability. Using a custom-built drone SAR system, we demonstrate a high-resolution SAR imaging operation for the detection of concealed sparse targets. The main contributions of this paper are as follows:




	
Hybrid sensing matrix: Initially, a chirp sensing matrix is designed to efficiently sample or sense chirp signals. Most of the currently operational SAR systems adopt chirp-based LFM signals. This makes the use of chirp-based sensing matrix particularly useful, as they preserve a good correlation with the incoming signals reflected from targets. Then, this paper proposes a hybrid deterministic sensing matrix that combines the chirp-based deterministic matrix and the stochastic random weights. The proposed matrix achieves improved recovery performance for sparse SAR targets, significantly reducing memory and computational burden.



	
Efficient data recovery: The method addresses the limitations of conventional random and deterministic matrices, demonstrating superior performance in processing speed and recovery accuracy. By enabling efficient target recovery under high-clutter environments, the method supports lightweight drone SAR missions that are constrained by processing capacity and memory storage.



	
Optimized for drone SAR applications: Tailored for lightweight drone platforms, the method ensures high-resolution imaging and effective detection of buried targets in cluttered environments. This property is highly desirable when the number of significant targets are limited and sparsely distributed in high-resolution SAR images. Field tests using a custom-built drone SAR platform validate that the method effectively recovers buried targets.








The rest of the paper is organized as follows. Section 2 provides an overview of CS and its application to SAR imaging, with emphasis on the challenges of using conventional deterministic sensing matrices. Section 3 describes the proposed hybrid sensing matrix and the corresponding recovery procedure, and Section 4 introduces the application of the proposed hybrid sensing matrix to SAR imaging for sparse target detection. Section 5 details the experimental setup and algorithm verification for SAR imaging and presents the results, highlighting the advantages of the proposed hybrid sensing matrix for real SAR imaging applications. Finally, Section 6 provides conclusions.




2. Compressive Sensing and SAR: An Overview


2.1. Compressive Sensing Theory


Compressive sensing theory presents a method of recovering original data larger than a given measurement set. In general, compressive sensing theory solves the linear equation given by


  y = A x ,  



(1)




where  A  is the sensing matrix and  x  is the target signal vector. The compressed sensing theory states that as long as the signal  x  and the sensing matrix  A  satisfy the sparsity and RIP conditions, the target information can be recovered with high probability with less sampling than required by Shannon–Nyquist rate [1,2,3].



In (1), the measurement signal  y  is expressed as the product of a sparse signal  x  and the matrix  A , known as the sensing matrix. In a target detection scenario within a cluttered background, the dominant target responses can be represented in a sparse domain, making that distinguishable from the weaker background. To generate a sparse signal vector  x  corresponding to  s  target domain, a linear transformation  T  is applied as follows:


  x = T s .  



(2)




Here,  T  is a system matrix that transforms the target reflectivity map  s  into the incoming signal  x  at the SAR receiver. The compressive sensing technique attempts to solve the underdetermined system of equations given as


   y  d × 1   =  A  d × n    x  n × 1   ,  



(3)




where   d ≪ n  . It aims to find the best approximate solution, provided that the sparsity condition is satisfied. When the compressive sensing matrix satisfies the RIP condition, the signal recovery is ensured with high probability [1,2,3,4]. Hence, assessing the RIP condition is essential to evaluate the feasibility of the sensing matrix. The sensing matrix  A  is said to satisfy the RIP of order M if


   ( 1 −  δ M  )    ∥ x ∥  2 2    ≤     ∥ A x ∥  2 2     =   ∥   A Λ   x Λ    ∥  2 2    ≤    ( 1 +  δ M  )    ∥ x ∥  2 2  ,  



(4)




where M is the number of nonzero elements in  x ,   0 <  δ M  < 1   is a small positive constant called the RIP constant (RIC),  Λ  is the set including M index values corresponding to the nonzero elements of  x ,   A Λ   is a submatrix composed of columns of  A  corresponding to  Λ ,   x Λ   is the vector composed of the nonzero elements of  x , and    ∥ x ∥  2   is the   l 2  -norm of  x . The RIP condition guarantees that the sparse signal can be restored with a high probability when   δ M   is close to zero. In addition,  Λ  and   δ Λ   serve as variables that affect the sparsity and the recovery performance of the sensing matrix [40].



Let us define   A = [  a 1  ,  a 2  , ⋯ ,  a n  ]  ; then, the coherence of  A  can be expressed as [29]


  μ  ( A )  =  max  i ≠ j      <  a i  ,  a j  >    ∥   a i    ∥  2    ∥  a j  ∥  2     ,  



(5)




where   <  a i  ,  a j  >   is the inner product of   a i   and   a j  . Coherence is inherently related to RIC and expected to satisfy the following condition:


   δ M  ≤  ( M − 1 )  μ  ( A )  .  



(6)







The reduction of coherence leads to a lower RIP constant, which in turn enhances the probability of sparse signal recovery. For   A ∈  C  d × n     with   d ≤ n  , the lower limit of the coherence value is called the Welch bound, and given by [29]


      n − d   d ( n − 1 )     ≤ μ  ( A )  ≤ 1 .  



(7)







Random matrices, constructed through stochastic processes, offer high flexibility and ease of implementation but at the cost of increased storage and computational demands. Deterministic matrices, derived from structured algorithms, provide efficiency and predictability, though their design can be complex. However, proving the RIP condition for deterministic matrices is challenging and they may not fully satisfy the RIP for all sparse target vectors. Alternatively, empirical studies can be used to demonstrate that structured deterministic matrices, such as chirp codes, approximately satisfy the RIP by estimating the probability of exact recovery [29]. This approximation is often sufficient for effective signal recovery, particularly when paired with well designed reconstruction algorithms. Consequently, the choice between random and deterministic matrices depends on the balancing of performance, efficiency, and implementation complexity. In this paper, we attempt to develop a hybrid sensing matrix by incorporating partially random functions into the chirp-based deterministic sensing matrix.




2.2. Chirp Sensing Matrix


The CC-CS method is the process of recovering a compressed signal using a chirp sensing matrix [40]. This technique efficiently compresses and transfers target information by using the unique properties of chirp signals. Chirp signals are characterized by their sweeping frequencies and serve as the fundamental elements of the sensing matrix. This matrix efficiently captures the essential information of the target signal in a compressed form within the spectrum domain.



A chirp sensing matrix is generated by storing a group of arbitrarily generated chirps in each column of the matrix. The chirp sensing matrix, denoted as  A  and constructed as having dimensions of   K ×  K 2   , is expressed as follows:


   A  K ×  K 2    =  [  U 0  ,  U 1  , ⋯ ,  U  K − 1   ]  ,  



(8)




where   U r   is a   K × K   submatrix. Its columns are derived from chirp signals with a fixed chirp rate r and a base frequency m varying from 0 to   K − 1  . By using these column vectors,   A  K ×  K 2     can be rewritten as


   A  K ×  K 2    =  [  v 0  ,  v 1  , ⋯ ,  v k  , ⋯ ,  v   K 2  − 1   ]  ,  



(9)




where    v k  ∈  C  K × 1     is the   ( k + 1 )  th column of  A  and the index k is defined as


  k = K r + m ,   for  r , m ∈  Z K  .  



(10)




Here, r and m designate the chirp rate and the base frequency, respectively, where    Z K  =  { 0 , 1 , 2 , ⋯ , K − 1 }   . Then, the column vector  v  in (9) is generated as


   v k   ( l )  = exp  j 2 π    m l  K   + j 2 π    r  l 2   K    ,  



(11)




where   l ∈  Z K    is the vector element index of the chirp code and the pair   ( m , r )   is chosen to satisfy (10). The sensing matrix transforms the signal vector  x  of length   K 2   into  y  of length K with compression ratio of K. There is no upper limit for K. However, the choice of prime numbers offers benefits in reducing coherence and ensures the uniqueness of the recovered sparse signal in compressive sensing [29].



For compressive sensing recovery in (1), we assume that  x  is an initial sparse vector, and  y  is the corresponding measurement signal defined as


  x =   [  x 1  , ⋯ ,  x k  , ⋯ ,  x  K 2   ]  T  .  



(12)






  y =   [  y 1  , ⋯ ,  y l  , ⋯ ,  y K  ]  T  .  



(13)




When the chirp sensing matrix  A  is applied, the measurement signal  y  is expressed as


     y l      =   x  p 1   exp  j 2 π    m 1  K   l + j 2 π    r 1  K    l 2               +  x  p 2   exp  j 2 π    m 2  K   l + j 2 π    r 2  K    l 2               + ⋯             +  x  p M   exp  j 2 π    m M  K   l + j 2 π    r M  K    l 2   ,     



(14)




where   p i   is the index of the ith nonzero elements of  x  and the pair   (  m i  ,  r i  )   satisfies    p i  = K  r i  +  m i    from (10).



Recovering  x  from the measured  y  is an underdetermined problem. To address this issue,   l 1  -norm minimization or greedy algorithms can be adopted, but these methods impose a substantial computational burden. On the other hand, the unique structure of the chirp sensing matrix allows for significant acceleration in this process. For a given measurement vector  y , the sparse signal  x  can be reconstructed by sequentially identifying the chirp rate   r i   and the base frequency   m i   that correspond to the elements   x  p i    with significant energy levels [40]. This approach is simple and straightforward compared to the conventional greedy-based algorithms.




2.3. Performance Metric and Problem Formulation


For surveillance applications on wide areas, high-resolution SAR imaging requires large volumes of data and must ensure both efficiency and reliability. When a random sensing matrix is employed, detection performance may vary depending on target distribution and signal-to-noise ratio. In this regard, CC-CS takes advantage of the structured sensing matrix and may provide significant benefits by enabling high-reliability compression and efficient signal reconstruction. On the other hand, ensuring the uniqueness and periodicity of chirp sequence recovery, which are critical aspects of compressive sensing, is not straightforward.



For SAR applications, the sensing matrix should ideally exhibit low coherence with the sparse basis of the SAR target scene. High coherence results in poor recovery of the sparse signal, as it undermines the core principles of compressed sensing. To address this, a structured sensing matrix should be optimized for low internal coherence. However, constructing chirp sequences often necessitates that the sequence length be a prime number to ensure uniqueness, which can restrict processing flexibility and, in turn, affect image quality. As stated in (4), the sensing matrix must satisfy the RIP condition, requiring that all subsets of sparse vectors be nearly orthogonal. However, proving that deterministic matrices satisfy RIP is not straightforward. Generally, deterministic matrices are less advantageous than random matrices in meeting RIP requirements.



In addition, there is a strict constraint on the level of sparsity of the recovered signals. It is known that, for a chirp sensing matrix of size   K ×  K 2    to satisfy the RIP condition, the number of the recoverable sparse components M should be given by [39]


  M <     K  + 1  2      or      ( 2 M − 1 )  2  < K .  



(15)







Here, the sparsity level is defined by establishing a relationship between the upper limit of M and the lower limit of K. The chirp sensing matrix design should meet these conditions to allows for signal recovery with high probability. However, the sparsity restriction may prevent its use for SAR imaging on wide areas. In SAR imaging, weak signals from low reflectivity targets often represent valuable information and should be distinguished. The strict sparsity constraint can result in missed targets, particularly in buried target detection scenarios. These constraints are primarily due to the deterministic nature of the sensing matrix elements. Introducing randomness into the sensing matrix design can reduce coherence and improve recovery performance. We attempt to enhance the robustness of the sensing matrix by integrating noise-aware recovery algorithms. For this purpose, a new design approach with adjustable parameters are introduced for an optimal balance between the recovery performance and suppression of the internal coherence of the sensing matrix. By tailoring the sensing matrix to align more closely with the characteristics of the SAR signal, we can expect to significantly improve the performance of the CS reconstruction.





3. Proposed Hybrid CC-CS


While the chirp code matrix is computationally efficient, it may not satisfy the RIP restriction when the sparsity level is insufficient. Random sensing matrices satisfy the RIP with high probability, but their practical applications are limited due to the computational complexity and implementation challenges. We propose a novel hybrid sensing matrix that combines the deterministic structure of chirp matrices with the chaotic nature of random matrices, achieving enhanced recovery performance and computational efficiency. This could improve the quality of the SAR imaging while maintaining moderate computational costs. The proposed hybrid sensing matrix is constructed by the Hadamard product of the existing chirp sensing matrix and a randomly generated coefficient matrix. To suppress the sidelobes of chirp signals at receivers, non-linear weighting functions are commonly employed. Similarly, random amplitude-weighting functions can mitigate mutual interference among the chirp sensing matrix vectors. In this study, both the amplitude and phase of the sensing matrix are perturbed to relax construction constraints and enhance the allowable sparsity level.



For this purpose, a smooth random process extends over the length of the chirp codes. An amplitude variable   α  l , k    is allocated to the vector element    v k   ( l )    in (11) such that a smooth perturbation   P  l , k    is introduced to have an autoregressive process, as below:


     α  l , k      = μ +  P  l , k   ,     



(16a)






     P  l , k      = ρ  P  l , k − 1   + β  Q  l , k   ,     



(16b)




where  μ  is the average amplitude,  ρ  is the correlation factor,  β  is an amplitude perturbation factor,    Q  l , k   ∼ U  ( − 0.5 , 0.5 )   , and   U ( a , b )   is a uniform distribution function in the interval of   ( a , b )  . The amplitude   α  l , k    fluctuates with   P  l , k   . The depth of perturbation is controlled by adjusting  μ  and  β . Since  ρ  controls the degree of correlation between successive perturbations, it is set to zero to minimize the correlation of   α  l , k    over k, i.e., only  μ  and  β  are used as control factors. The phase perturbation is implemented by adding a random function    θ  l , k   ∼ U  ( − π γ , π γ )    to the original phase. The depth of perturbation can be set by a scaling factor  γ , given by   0 < γ ≤ 1  .



Now, by employing both the random amplitude   α  l , k    and random phase   θ  l , k   , the hybrid signal element    w k   ( l )    is given by mixing the sensing vector of (11) with the random perturbation as follows:


   w k   ( l )  =  v k   ( l )   α  l , k   exp  ( j  θ  l , k   )  =  α  l , k   exp  j 2 π    m l  k   + j 2 π    r  l 2   k   + j  θ  l , k    ,  



(17)




where   α  l , k    and   θ  l , k    are the random amplitude and phase corresponding to the   ( l , k )  th element of the sensing matrix. Using (17), the proposed hybrid sensing matrix adopts the structure of (9) as follows:


   B  K ×  K 2    =  [  w 0  ,  w 1  , ⋯ ,  w k  , ⋯ ,  w   K 2  − 1   ]  .  



(18)




Then, for the given sparse signal vector  x  in (12), the observed signal is denoted as


    y ˜  l  =  ∑  i = 1  M   α  l ,  p i     x  p i   exp  j 2 π    m i  K   l + j 2 π    r i  K    l 2  + j  θ  l ,  p i     .  



(19)







The recovery process for the target signal  x  follows a procedure similar to that of the CC-CS recovery algorithm [40]. As    y ˜  l   is derived from the chirp functions, the cross-correlations among    y ˜  l   vectors form discrete spectra in the spectral domains. Then, the nonzero element   x  p i    can be reconstructed by determining the corresponding chirp rate   r i   and base frequency   m i  . For this purpose, we compute


       y ˜   l  ∗    y ˜   l + T       =  ∑  i = 1  M   α  l ,  p i   ∗   α  l + T ,  p i      |  x  p i   |  2  exp     j 2 π  K    (  m i  T +  r i   T 2  + 2  r i  l T )  + j  (  θ  l + T ,  p i    −  θ  l ,  p i    )               +  ξ T   ( l )  ,     



(20)




where T represents the cross-correlation distance and can be any nonzero integer value within the range   1 ≤ T ≤ K − 1  . In addition,    ξ T   ( l )    represents the cross terms given by


      ξ T   ( l )  =      ∑  i = 1  M   ∑  q = 1  M   α  l ,  p i   ∗   α  l + T ,  p q     x   p i   ∗   x  p q   exp     j 2 π  K     m q  T +  r q   T 2  + j  (  θ  l + T ,  p q    −  θ  l ,  p i    )             × exp     j 2 π  K   l  (  m q  −  m i  + 2 T  r q  )  +  l 2   (  r q  −  r i  )   .     



(21)




Here,    f T   ( l )  ≜   y ˜   l  ∗    y ˜   l + T     is a signal including sinusoidal functions with the discrete frequencies   ( 2  r i  T ) mod K  . Hence, the chirp rate   r i   can be retrieved by taking the DFT of    f T   ( l )   . The cross term    ξ T   ( l )    is the sum of multiple chirps, thereby its energy is spread across all frequencies. To avoid the aliasing effect, K is set as a prime number. Then, there exists a one-to-one mapping from a chirp rate to a DFT bin. Afterwards,    y ˜  l   is dechirped using the signal    α  l ,  p i   ∗  exp  − j    2 π  r i   l 2   K     , then followed by the K-point DFT. From the generated spectrum, we find the peak position   m i   and the peak amplitude   x  p i   , and then the recovered term for   x  p i    is removed from (19). This procedure is repeated until all targets are reconstructed whose responses are greater than the predefined threshold. When the target scene is sufficiently sparse, we can iteratively recover the sparse target vector by selecting   x  p i    in the descending order of significance.



Figure 1 compares the waveforms that constitute the conventional chirp sensing matrix and the proposed hybrid sensing matrix respectively. Multiplying random signals with the chirp sensing vectors introduces irregularities to the signal characteristics, resulting in noise-like patterns. This feature effectively reduces mutual interference among sparse signals and may improve recovery performance.



A hybrid CC-CS consists of a signal compression and recovery process, as shown in Figure 2. Initially, a chirp sensing matrix of size   K ×  K 2    is generated. Then, it is multiplied element-wise with a stochastic matrix characterized by random amplitude and phase distributions. Afterward, the sparse signal is compressed and recovered using the generated hybrid chirp sensing matrix. Unlike the conventional CC-CS recovery process,    α  l ,  p i    exp     − j 2 π  r i   l 2   K   +  θ  l ,  p i       is applied to the measured signal    y ˜  l   during the dechirping stage. Using    y ˜  l  , we obtain    f T   ( l )    and take the K-point DFT of    f T   ( l )   . Then, we find the location of the peak in the DFT represented as   ( 2  r i  T )   mod K and record the unique   r i   corresponding to the peak location.   y l d   is computed by dechirping    y ˜  l  , and   x  p i    is obtained by taking the K-point DFT of   y l d  . The recovery process is repeated until the energy of    y ˜  l   decreases below  ϵ , where  ϵ  is the tolerance for termination defined by the minimum target energy in    y ˜  l   in the recovery process.



Here, our goal is to maximize the autocorrelation part of    f T   ( l )    relative to the cross term    ξ T   ( l )    in (21); thus, the optimization problem can be formulated as follows:


   {  α  l , 1   , ⋯ ,  α  l ,  K 2    ,  θ  l , 1   , ⋯ ,  θ  l ,  K 2    ∣ μ , β , γ }  = arg max      f T   ( l )  −  ξ T   ( l )     ξ T   ( l )      .  



(22)




In other words, we jointly design the parameters  μ ,  β , and  γ  to adjust the distributions for the amplitude and phase under the RIP condition. The search for the optimal set of parameters is not straightforward, as the recovery performance is not fully deterministic and is partially influenced by the statistical characteristics of the sensing vectors and the measured signals.



3.1. RIP Conditions


Using arguments analogous to the uniqueness analysis presented in [44], here we derive a bound on the sparsity order M for     δ ˜   2 M   < 1   to hold for  B . Assume that  A  and  B  are scaled such that their column vectors have unit norms in both cases. For (15) to be satisfied, the following condition should be met [40]:


   λ − 1  <    2 M − 1   K    ,  



(23)




where  λ  is an arbitrary eigenvalue of   G =   A  H  A  . For a prime number K, the inner products between non-identical chirp codes satisfy     G  a , b    ≤   1  K     , where   G  a , b    is the   ( a , b )  th element of  G . Suppose that the number of sparse elements in the target signal is   2 M   and   B  2 M    is the corresponding hybrid sensing matrix. Let   λ ˜   be an arbitrary eigenvalue of   Φ =  B  2 M  H   B  2 M    . By Gershgorin’s circle theorem [65], the following condition holds


    λ ˜  −  Φ  a , a    ≤  ∑  a ≠ b     Φ  a , b    ,  for  ∀ b ,  



(24)




where   Φ  a , b    is the   ( a , b )  th element of  Φ , given by


   Φ  a , b   =  ∑  l = 1  K   α  l , a    α  l , b   exp  j  θ  l , b   − j  θ  l , a     A  l , a  ∗   A  l , b   .  



(25)




Here,    Φ  a , b   = 1   because the column of   B  2 M    has unit norm, and    ∑  l = 1  K   A  l , a  ∗   A  l , b   =  G  a , b    . Hence, Gershgorin’s theorem in (24) can be rewritten as


    λ ˜  − 1  ≤  ∑  a ≠ b     Φ  a , b    =  ∑  a ≠ b    max  1 ≤ l ≤ K    (  α  l , a   ·  α  l , b   )    G  a , b    ,  for  ∀ b .  



(26)




From (26), the upper bound of    δ ˜   2 M    for the hybrid sensing matrix is given by


    δ ˜   2 M   =    2 M − 1   K     max  1 ≤ a , b ≤ 2 M ,  a ≠ b    ζ  a , b   < 1 ,  



(27)




where     ζ  a , b   =  max  1 ≤ l ≤ K    (  α  l , a   ·  α  l , b   )    . Therefore, the maximum allowable number of sparse elements, M, satisfies


      M <   1 2   +    K  2      max  1 ≤ a , b ≤ 2 M ,  a ≠ b    ζ  a , b     − 1   <   1 2   +    K   2   α  m a x  2     ,      



(28)




where     α  m a x   =  max  1 ≤ l ≤ K ,  1 ≤ a ≤ 2 M    α  l , a     .



Figure 3 compares the maximum and minimum eigenvalues according to the sparsity order M for the random Gaussian sensing matrix, the chirp sensing matrix, and the proposed hybrid sensing matrix, when   K = 67  ,   μ = 0.9  ,   β = 0.4  , and   γ = 0.2  . For every value M, the columns of the sensing matrix was randomly selected and each point of the maximum and minimum eigenvalues was obtained by averaging over 1000 independent realizations. As shown in [40], the maximum eigenvalue corresponding to the chirp sensing matrix is smaller than that of the random Gaussian. As expected, the maximum eigenvalue of the proposed hybrid sensing matrix is between the chirp code and the random Gaussian. Thus, the number of sparse elements that can recover with high probability slightly decreases in the proposed hybrid sensing matrix compared to that of the chirp sensing matrix. However, the proposed hybrid sensing matrix has more degrees of freedom to adjust its elements, while the chirp sensing matrix is completely deterministic. This property helps improve the recovery performance of the proposed method. Note that the random Gaussian sensing matrix has the highest degrees of freedom.




3.2. Hybrid CC-CS Reconstruction Performance


To evaluate the recovery performance of the proposed hybrid chirp sensing matrix, we carry out numerical simulations for simple targets and compare the results with the existing CC-CS method. It is assumed that a frequency-modulated continuous wave (FMCW) radar observes five targets at different ranges and the received signal is subsampled using a sensing matrix with   K = 17  . In this case, the matrix size is   17 × 289   having the compression ratio of 17, i.e., the measurement ratio is   1 / 17  . For the proposed method, we set the control parameters as   μ = 0.9  ,   β = 0.4  , and   γ = 0.2  . It is essential to determine the random control parameters  μ ,  β , and  γ  for generating the random amplitudes and phases in (17). Due to the complicated structure of the proposed hybrid sensing matrix, it is difficult to find the optimal values in a closed form. Alternatively, the optimal values for the random control parameters are found by an exhaustive search. This procedure is further investigated in the SAR imaging examples in Section 4.3. The signal-to-noise ratio (SNR) is assumed to be sufficiently high. Figure 4 illustrates the recovery performances of the existing CC-CS and proposed hybrid methods in the time and frequency domains. The solid black lines represent the uncompressed target signals. The CC-CS scheme exhibits significant recovery errors in Figure 4a, whereas the proposed method successfully recovers the five targets in Figure 4b.



For further verification, Monte Carlo simulations are conducted to perform an extensive analysis of the recovery performance. Figure 5 represents the successful detection probability for varying number of targets, which are obtained by averaging the results over 1000 trials. For comparison, a conventional basis pursuit denoising (BPDN) method in [4] is employed using the random Gaussian sensing matrix. For K = 17, the RIP condition in (15) constrains the target recovery limit as 2 for CC-CS. As predicted, the CC-CS method its recovery performance is consistently below the theoretical limits due to its deterministic nature and shows a significant degradation in target recovery when the number of targets exceeds three, and presents a complete loss beyond 5. In contrast, the proposed hybrid CC-CS demonstrates a substantial improvement in recovery probability, comparable to that of the conventional random Gaussian sensing approach. The hybrid CC-CS algorithm introduces partial randomness, which impacts recovery performance. This random property becomes more pronounced when the vector size or the K constant is small. Specifically, the eigenvalues in Figure 3 were generated with   K = 67  , whereas   K = 17   was used in Figure 5. The smaller K likely increased the randomness of the recovery performance, particularly when the number of targets is small. Additionally, the choice of control parameters ( μ ,  β ,  γ ) plays a crucial role in determining recovery performance. In Figure 5, we can assert that the employed control parameters were optimized for the scenario, leading to superior recovery performance for target numbers 5 and 6. This optimization contributed to the observed improvement in recovery probability. Thus the optimization process for the control parameters is essential for the hybrid CC-CS and will be further analyzed in Section 4.3.



The advantage of the hybrid CC-CS method becomes particularly evident at higher compression ratios. Only 5.9% of the total received data are required to recover the targets shown in Figure 5, a level of compression that is difficult to achieve with the Gaussian sensing method. This high compression ratio effectively suppresses undesirable clutter noise in the output image and enhances the target recovery rate compared to the Gaussian sensing approach. In the next section, the performance evaluation is carried out for SAR imaging scenarios.





4. SAR Imaging Based on Proposed Sensing Matrix


4.1. SAR Imaging Using Undersampled Data


LFM waveforms are commonly used for the transmit signal   s ( t )   in SAR operations. The overall received echo signal   S x   is acquired over the target area  X  as follows:


   S x  =     ∫   ∫    X   σ  2 D    ( R )  s  ( t )   d x  d y ,  



(29)




where    σ  2 D    ( R )    is the two-dimensional reflectivity from the target with a slant range R located over the target scene  X . When ignoring the propagation attenuation in the stripmap mode, the along-track time sample from a point target at R can be described as


   S r   ( η , τ ; R )  =  ω a   ( η −  η c  )   rect     t −  τ d   T    exp  − j π  2  f 0   ( t −  τ d  )  −  K r    ( t −  τ d  )  2     



(30)




where    ω a   ( · )    is the azimuth envelope;   ( η , τ )   denote the slow and fast times; rect(x) represents the unit rectangular function, defined as rect(x) = 1 for   | x | ≤ 0.5   and rect(x) = 0 otherwise;    τ d  =    2 R  c     is the instantaneous time delay;   f 0   is the center frequency; and   K r   is the chirp rate of the transmitted LFM signal. To reduce the volume of stored SAR measurement data, the proposed scheme applies compressive sensing to the azimuth data samples, achieving a decreased dimension by a factor of   1 / K  .



In the discrete domain, we assume that the received echo signal    S x  ∈  C  (  N a  ×  N r  )     is constructed from the sparse target scene   X ∈  C   L a  ×  L r      through the transfer function denoted as   Φ a  . For the sparse signal recovery,    Y s  ∈  C  (  M a  ×  N r  )     is measured via the sensing matrix    Θ a  ∈  C  (  M a  ×  N a  )     as


   Y s  =  Θ a   S x  =  Θ a   Φ a  X .  



(31)




In the context of conventional   l 1  -norm solution, the column vector is recovered by solving the following problem:


   min  X j    ∥   y  s , j   −  Θ a   Φ a   X j    ∥  2 F    +   λ   ∥  X j  ∥  1  ,  



(32)




where   j = 1 , 2 , ⋯ ,  N r   .



To construct the SAR imaging function, the conventional range-Doppler algorithm is employed and  X  can be obtained through transform-domain processing of the received signal   S x   as


  X =  F a H    H a   M e  R   F a    H r    S x   F r    F r H      



(33)




where    F a  ∈  C   N a  ×  L a      and    F r  ∈  C   L r  ×  N r      denote the partial DFT matrices in azimuth and range directions,   R ( · )   is the interpolation operator for range cell migration correction (RCMC), and   H a   and   H r   are the frequency-domain matched filters in azimuth and range directions, respectively. Here,   F a   is the submatrix of the   L a  -point DFT matrix comprising the first   N a   rows and   F r   is the submatrix of the   L r  -point DFT matrix consisting of the first   N r   columns. Acceleration and angular velocity data are measured from the inertial measurement unit (IMU) onboard the SAR platform and loaded into the system for motion compensation. In (33),   M e   represents the phase compensation term used to correct residual motion errors. In (33), we denote the range-compressed signal in the frequency domain after RCMC and motion compensation as   S  r c   , as below:


   S  r c   =  M e  · R   F a    H r    S x   F r    F r H    .  



(34)




Then, the reflectivity map of the target scene is represented as


  X =  F a H   H a   S  r c   ,  



(35)




where   H a   is the azimuth matched filter in the frequency-domain, given by


   H a   ( η , τ )  = exp  − j    π η   K a     .  



(36)




Here,  η  is the Doppler frequencies varying along the azimuth direction and    K a  =    2  f 0   V  r  2    c  R o       means the azimuth FM rate, where   V r   is the sensor velocity,   R o   is the range at the scene center, and c is the light velocity.



Let us define    G a  ≜  F a H   H a   , and then  X  in (35) can be rewritten as


  X =  G a   S  r c   .  



(37)







When the hybrid sensing matrix   B  K ×  K 2     is used for CS, the undersampled measurement of the received signal can be expressed as


   Y s  ≅  B  K ×  K 2     G a   S  r c   =  B ˜   S  r c   .  



(38)




By comparing (31) and (38), the sensing matrix   Θ a   can be denoted as follows:


   Θ a  =  B ˜  =  B  K ×  K 2     G a  .  



(39)




The matrix   G a   is the time-domain convolution corresponding to the azimuth matched filtering in the frequency domain. In principle,   B ˜   is the multiplication of the hybrid matrix   B  K ×  K 2     and   G a  , and    G a   G a H  ≅ I  . Since     B ˜  H   B ˜    and    B ˜    B ˜  H    have the same eigenvalues, the RIP condition in Section 3.1 is well preserved, ensuring the recovery performance of the sparse target scene  X  from the undersampled measurement   Y s  . To construct the sparse image from the compressed matrix   Y s  , we initially utilize the conventional matched filtering for range compression and conduct the RCMC as shown in (34). Then, given the azimuth frequency-domain matrix   S  r c   , the recovery process is carried out by applying the sensing matrix   B ˜   derived in (39) to the CC-CS reconstruction procedure. The proposed recovery method, referred to as the hybrid CC-CS, is summarized as Algorithm 1.






	Algorithm 1: Proposed hybrid CC-CS for fast SAR imaging



	
1: Input:   S  r c   ,   G a  , K,   T ∈  Z K   ,  ϵ 



2: Generate the hybrid sensing matrix   B  K ×  K 2     using (17) and (18) with the parameter set   ( μ , β , γ )  .



3: For   i = 1   to M do



4:   Construct the concatenated sensing matrix:    B ˜  = B  G a   .



5:   Compute the compressed measurement matrix:    Y s  =  B ˜   S  r c    .



6:   Compute     (   y ˜  l  )  ∗    y ˜   l + T     from   Y s   using (20) and take the K-point DFT.



7:   Find the peak location in the frequency spectrum as   ( 2  r i  T )   mod K.



8:   Obtain    y ˜  l d   by dechirping    y ˜  l  :     y ˜  l d  =   y ˜  l  exp  (  − j 2 π  r i   l 2  / K  )   .



9:   Take the K-point DFT of    y ˜  l d  .



10:   Find the peak position to   m i  , recover the corresponding value   X i  .



11:   Update   Y s  :     y ˜  l  =   y ˜  l  −  X i  exp  (    j 2 π (  m i  l +  r i   l 2  )  K   )    for   l = 1 , 2 , ⋯ ,  N r   .



12:   If    ∥   Y s    ∥  F 2  < ϵ  , go to step 14.



13: end for



14: Obtain  X  using   {  X i  }  .



15: Output:  X 










To maximize the probability of sparse target detection with a minimum sub-sampling rate, it is crucial to increase the correlation between the sensing matrix and radar signals while maintaining a low RIC. The method proposed can be applied to all radar systems and SAR processing is a good candidate as its phase distributions exhibits chirp patterns. For demonstration, we conducted compressive sensing-based SAR simulations by employing the hybrid CC-CS in next section.




4.2. Modeling and Simulations for SAR Imaging


SAR imaging simulations are carried out to evaluate the performance of the proposed hybrid CC-CS and compare it with other CS-based imaging methods. Specifically, the following techniques are considered in the simulations.



	
RDA (no CS): The standard RDA is applied to the received echo signal without CS.



	
CC-CS [40]: The chirp sensing matrix in (8)–(11) is used in combination with the CC-CS recovery algorithm in [40].



	
OMP [8]: A random Gaussian sensing matrix is used in combination with the orthogonal matching pursuit (OMP) in [8], which is a greedy-based method.



	
BPDN [4]: A random Gaussian sensing matrix is used in combination with the BPDN in [4], the   l 1  -norm convex optimization method.



	
Hybrid CC-CS: The proposed hybrid sensing matrix in (17) and (18) is used in combination with the proposed hybrid CC-CS in Algorithm 1. We used the control parameters   μ = 0.9  ,   β = 0.4  , and   γ = 0.2  .






It is assumed that an airborne SAR platform is employed to monitor multiple point targets on the ground and the radar parameters are shown in Table 1.



Figure 6a illustrates the reference image configuration of three point targets on the ground. Three point targets lie at the same range bin with one peak response at the center and the other smaller responses at different azimuth positions, where the target image size is   289 × 289   (=    K 2  ×  K 2   ). We set   K = 17   for both CC-CS and hybrid CC-CS sensing matrix, so the measurement ratio is   1 / 17 ≅ 5.9 %  . As a baseline imaging technique, the standard RDA is applied to the received data with a sampling rate of 70 MHz (i.e., the oversampling rate is 1.17) and the pulse repetition frequency (PRF) of 150 Hz. Figure 6b presents the generated SAR image that corresponds to the reference target scene. In Figure 6c, the conventional CC-CS method recovers only one target and fails to recover the other two targets. This loss has been anticipated earlier when the maximum number of target recovery for CC-CS was severely limited, as demonstrated in (15), constraining the RIC and limiting the maximum number of recoverable targets to less than 2. In Figure 6d, the OMP scheme acquires sharp responses for two point targets and exhibits an incomplete recovery, with a loss of one target with relatively low reflectivity. This loss is attributed to the iterative subtraction process of the greedy algorithm. The BPDN method successfully recovers all three target responses in Figure 6e. However, it introduces increased clutter that may be conceived as false targets and could result in the loss of weak target responses. By contrast, the proposed hybrid CC-CS method achieves complete recovery of all targets, as shown in Figure 6f. Additionally, undesirable sidelobes and clutter are effectively suppressed, resulting in an enhanced target-to-clutter ratio.



Table 2 compares the runtimes with respect to each processing method. All the CS-based methods inevitably suffer from increased execution times compared to the standard RDA case. Although the BPDN successfully recovered all targets, it demands a relatively high runtime due to the computational intensity of the   l 1  -norm convex optimization algorithm. Note that the CS-based method utilizes only about 5.9% of the total data storage required by the RDA without CS. Overall, the proposed hybrid CC-CS offers significant advantages in terms of both image quality and computational complexity.




4.3. Control Parameter Optimization for SAR Signal Processing


To maximize the probability of sparse target detection with a minimum sub-sampling rate, it is crucial to increase the correlation between the sensing matrix and target signals while maintaining a low RIC. For this purpose, the proposed hybrid sensing matrix demands a design process of the random control parameters  μ ,  β , and  γ  optimized for the given scenario. In this regard, we conduct CS-based SAR simulations by employing an airborne SAR platform to monitor multiple point targets on the ground with the system parameters in Table 1. As a baseline imaging technique, the standard RDA is applied to the received data with a sampling rate of 70 MHz (i.e., the oversampling rate is 1.17) and a pulse repetition frequency (PRF) of 150 Hz. We set   K = 17   for the hybrid sensing matrix, resulting in a measurement ratio of   1 / 17 ≅ 5.9 %  . As shown in Figure 6a, three point targets lie at the same range bin with one peak response at the center and the other smaller responses at different azimuth positions, where the target image size is   289 × 289   (=    K 2  ×  K 2   ). The performance of the proposed hybrid CC-CS is measured by the normalized mean square error (NMSE) between the target scene  X  and the reconstructed SAR image   X ^  , defined as


  N M S E =     ∥   X ^    − X ∥  F 2     ∥ X ∥  F 2    ,  



(40)




where    ∥ X ∥  F   means the Frobenius norm of  X .



Through iterative simulations, a grid search was conducted to determine the optimal parameters, wherein the parameter  μ  was varied from 0.3 to 1.0 with a stepsize 0.1,  β  was changed from 0.1 to 1.0 with a stepsize 0.1, and  γ  was varied from 0.05 to 0.35 with a step size of 0.05, respectively. The computational burden is excessive when the three parameters are adjusted simultaneously. To reduce the computational load, a sequential search strategy was adopted. Specifically, the parameter  γ  was initially set to 0, and an optimal pair ( μ ,  β ) was determined through a grid search. Subsequently, the optimal value of  γ  was found by fixing ( μ ,  β ) to the previously obtained optimal values. The grid search results are presented in Figure 7. In the simulations, the minimum NMSE was obtained when   μ = 0.9  ,   β = 0.4  , and   γ = 0.2  . However, different parameter sets may yield optimal results in other scenarios. The optimal set of parameter values may depend on the target structure of the imaging areas and radar system, necessitating the adjustment of random properties. Hence, the sensing matrix is adaptively constructed through the choice of optimal control parameters, which are determined based on the size of the target scene and system parameters.





5. Experimental SAR Imaging and Verification


Detecting targets in mountainous terrain is challenging due to clutter-like obstacles that hinder visibility. To cope with this, we developed a custom-built drone SAR platform for concealed target detection scenarios, as shown in Figure 8. The limited memory capacity and communication links of drone system restrict the operational range and duration. Processing the entire scene is inefficient, especially when buried targets are sparsely distributed. The proposed hybrid CC-CS algorithm is specifically designed for highly sparse target imaging, particularly in scenarios where clutter suppression is critical and data capacity is constrained. For experimental validation, an FMCW SAR system was implemented on a quadcopter drone. The system parameters are detailed in Table 3. The PRF was set to 25 Hz to reduce range ambiguity at low altitude and minimize power consumption given the limited battery capacity. However, this PRF is lower than the minimum Nyquist sampling rate in the azimuth direction and thus will result in aliasing effects in the image.



Figure 9a illustrates the operation site, where test targets, including a battery, antenna, and tumbler, are concealed beneath soil, foliage, and bushes, respectively. A standard reflector is positioned nearby as a reference target. In the test, the targets were buried under shallow soil and then further obscured with foliage. This setup was partly intended to specify the precise location of the targets for validation purposes.Due to the extremely low SNR and the absence of a strong point target, the motion compensation did not yield significant improvements in focusing performance. However, the resulting image highlights the strength of the proposed algorithm, which can recover sparse targets with high probability even under severe conditions such as low SNR and defocusing. The SAR image generated using conventional RDA processing is shown in Figure 9b. Unlike the reflector target, the concealed objects are difficult to distinguish from surrounding clutter. In particular, the tumbler appears barely visible due to its relatively low reflectivity. As expected, ghost images appear due to the aliasing effect in azimuth direction. To apply hybrid CC-CS processing, the image area should be divided into sub-blocks with appropriate dimensions. The image size of Figure 9 is   702 × 256  . Multiple sub-block processing is implemented to rearrange the raw data to fit for the proposed processing such that the azimuth length is given by    L a  =  K 1  +  K 2  + ⋯ +  K q    dimensions, where   K i   is a prime number and q is the number of sub-blocks.



Figure 10 illustrates the procedure for applying the hybrid CC-CS algorithm to arbitrary SAR scene data. Following range processing and motion compensation, the image data are divided into sub-blocks along both the range and azimuth directions. The azimuth dimensions of the sub-blocks are divided into   K 1  ,   K 2  , ⋯,   K q  , while the range dimensions are of arbitrary lengths. SNR is calculated for each sub-block to determine the threshold level  ϵ  for the recovery process. The control parameters may vary depending on the scenario, including the number of targets and vector size. In this experiment, we employed the same approach demonstrated in Figure 7 to determine the optimal parameters. The employed parameters are ( μ , β , γ ) = (0.9,0.5,0.15) for the tumbler target and ( μ , β , γ ) = (0.8,0.4,0.3) for the battery target. Finally, the hybrid CC-CS processing is applied in azimuth directions as described in Figure 10 and the complete image is restored.



Figure 11 presents the processing results for the sub-block containing the tumbler target. The sub-imaging area spans 2 m in range and 4 m in azimuth, with a corresponding data size of   12 × 49  . Figure 11a shows the image processed using the RDA, where the input data is lossless as raw data are streamed into the memory without sub-sampling. The CC-CS method generates two false targets in cluttered regions, failing to accurately reconstruct the true target map in Figure 11b. In contrast, the proposed hybrid CC-CS method in Figure 11e successfully reconstructs the true target map at the correct location, effectively suppressing surrounding clutter and enhancing image contrast. This reconstruction is achieved using only 14%   ( 12 × 7 )   of the total raw data with   ( 12 × 49 )  . At the same compression ratio, the OMP and BPDN failed to recover the target, as the generated images are disrupted by unwanted clutter, as shown in Figure 11c,d.



A similar process is repeated for the sub-block containing the battery and antenna targets, and the resulting images are shown in Figure 12. As illustrated in Figure 12a, conventional SAR processing introduces high clutter noise that makes it difficult to distinguish the buried targets. Conventional CC-CS method generates targets at incorrect positions, possibly due to the restrictive RIP condition for the given compression ratio. Although OMP and BPDN methods recover the battery target, they both fail to detect the smaller antenna target, as presented in Figure 12c,d. In contrast, the hybrid CC-CS method successfully recovers all targets at their correct locations and effectively suppresses undesirable clutter energy, as shown in Figure 12e.



Table 4 presents a comparison of the processing time for each method. RDA is performed using the full raw data, whereas only 14% of the received signal is utilized for other CS-based schemes. Of all the attempts, only the proposed hybrid CC-CS successfully recovers the buried targets while achieving high-speed processing comparable to the full RDA method. Thus, the superior precision and computational efficiency of the proposed algorithm is validated through the real SAR imaging experiment.



It is noticeable that the drone radar system’s limited output power restricts the detectable soil depth above buried targets. To overcome this, we expect to develop a higher-power transmitter and adopt ultra-wideband signals to enable more comprehensive experiments over deeper underground sheltered targets, i.e., non-metal objects.




6. Conclusions


In this study, a hybrid deterministic sensing matrix was developed by integrating random control parameters for amplitude and phase perturbations to design a compressed recovery algorithm. We explored the feasibility of a hybrid approach for designing the CS sensing matrix, combining deterministic and random properties for enhanced recovery performance. We demonstrated the ability of the proposed algorithm to recover SAR data effectively in low-SNR scenarios, outperforming conventional CS algorithms. We also highlighted its significant improvement in compression ratio, achieving efficient recovery for a highly sparse target scene. The proposed method demonstrates significant improvements in data compression, processing speed, and noise resilience. Its application to SAR imaging is highly promising, particularly in scenarios when drone platforms are employed to search for a limited number of concealed targets over wide coverage areas.



For performance verification, SAR imaging experiments have been conducted using a small, lightweight drone platform to detect hidden targets. The experimental results present promising performances, detecting the obscured targets at high compression ratios. The proposed method is advantageous in terms of processing speed compared to conventional CS-based imaging schemes that utilize either random or deterministic sensing matrices.



Enhancing subsurface target detection would require increasing the system’s output power and bandwidth. To this end, we are currently working on implementing an upgraded system. We are also preparing additional experiments for various subsurface targets for future work. In future experiments, high-precision RTK-GPS will be utilized to enhance motion estimation accuracy. The enhanced performance has the potential to significantly benefit real-time search operations in future small SAR applications. The proposed algorithm can be easily implemented with the use of a software-defined radio receiver, enabling efficient sampling and real-time compressed sensing operation.
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Figure 1. LFM waveform comparison. 
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Figure 2. Hybrid CC-CS processing block diagram. 
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Figure 3. Maximum and minimum eigenvalues according to the sparsity order M for various sensing matrices. 
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Figure 4. Recovery performance comparison between the existing CC-CS and the proposed hybrid CC-CS (the black solid lines denote the original signals without CS). 
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Figure 5. Recovery probabilities for various sensing matrices according to the number of targets. 
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Figure 6. Comparison of SAR image processing recovery performance (2D). 
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Figure 7. Recovery performance according to random amplitude and phase control parameters  μ ,  β  and  γ . 
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Figure 8. Drone SAR experiment scenario. 
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Figure 9. Real SAR imaging for the buried targets in the test site. 
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Figure 10. SAR image processing block including the proposed hybrid sensing matrix. 
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Figure 11. Recovered SAR images for the tumbler (left: 2D, right: 3D). 
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Figure 12. Recovered SAR images for the antenna and battery targets (left: 2D, right: 3D). 
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Table 1. SAR simulation parameters.






Table 1. SAR simulation parameters.





	Parameter
	Value





	Bandwidth
	60 MHz



	Center frequency
	5.3 GHz



	Payload velocity
	150 m/s



	PRF
	150 Hz



	Sampling rate
	70 MHz



	Slant range
	20 km



	Number of targets
	3










 





Table 2. Runtime for SAR simulations when the measurement ratio is   1 / 17  .
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	Algorithm
	Runtime (s)
	Recovery





	RDA (no CS)
	0.10
	Success



	CC-CS
	0.24
	Fail



	OMP
	0.48
	Fail



	BPDN
	2.60
	Success



	Hybrid CC-CS
	0.36
	Success










 





Table 3. SAR experimental parameters.






Table 3. SAR experimental parameters.





	Parameter
	Value





	Altitude
	10 m



	Bandwidth
	800 MHz



	Center frequency
	5.6 GHz



	Payload velocity
	2.0 m/s



	PRF
	25 Hz



	Transmit power
	30 dBm



	Sampling rate
	1.0 MHz



	3 dB bandwidth
	13°



	Number of targets
	3










 





Table 4. Simulation results for various algorithms.
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	Algorithm
	Times [s]
	Recovery





	RDA (no loss)
	0.1
	Success



	CC-CS
	0.12
	Fail



	OMP
	0.28
	Fail



	BPDN
	0.8
	Fail



	Hybrid CC-CS
	0.13
	Success
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