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Abstract— The compressive sensing (CS) theory has been applied to SAR imaging systems
in many ways. And it shows a significant reduction in the amount of sampling data at the
cost of much longer reconstruction time. In this paper, we investigate the development and
optimization of Iterative Shrinkage/Thresholding (IST) algorithm applying to CS reconstruction
of SAR images on two parallel architectures, standard vectorized multi-core processors (e.g., quadcore CPUs) and graphics processing units (GPUs). Meanwhile, we modify the IST algorithm
according to the characteristic of SAR images to obtain a faster recovery speed. The experiment
results show that CS reconstruction of SAR images on parallel architecture has a significant
speedup in comparison with implemented on conventional serial architectures.
1. INTRODUCTION

As a major remote sensing sensor, synthetic aperture radar (SAR) can produce high resolution
images from a moving platform, such as an airplane or a satellite. A SAR system produces 2D (range
and azimuth) terrain reflectivity images by emitting a sequence of closely spaced radio frequency
pulses and by sampling the echoes scattered from the ground targets [1]. Modern airborne and
spaceborne SAR systems can produce very high resolution images and are being widely used in
many civilian and military applications [1, 2]. Compressive sensing (CS) is a new developing novel
theory that proclaims that an unknown sparse (or sparse under certain basis) signal can be exactly
recovered with high probability from very limited number of measurements by solving a convex
l1 optimization problem [3–5]. Based on rigid mathematics, CS has attracted many attentions in
image processing, data fusion of multiple sensors, radar applications and so on. Up to now, many
literatures have addressed adopting CS in some radar applications including SAR and inverse
synthetic aperture radar (ISAR) [6–8].
However, the computational complexity of the reconstruction of sparse signals is quite high.
Meanwhile, the computation of CS based SAR imaging technique becomes larger and larger along
with the increasing demand on high resolution SAR images. Recently, the graphics processing unit
(GPU) and multi-core CPUs have shown great potential for accelerating computations in many
application areas, which offer an alternative for fast reconstruction of sparse signals. This paper
realized the fast reconstruction of CS based SAR images, taking advantage of the efficient parallel
computing capabilities of GPU and CPUs.
2. THEORY OF COMPRESSIVE SENSING

The theory of CS reveals that exact recovery of an unknown sparse signal is possible from very
limited samples by solving an inverse problem through either a linear program or a greedy pursuit.
Suppose that signal s ∈ RN is K-sparse on an orthonormal basis Ψ, i.e., s = Ψx, with Ψ =
{ψ1 , ψ2 , . . . , ψN } is an N × N matrix, and x is a vector with all except K of its entries are zeros. In
order to reconstruct signal s, a set of M measurements is acquired (M < N ). We do this through
non-adaptive linear projection in the form of y = Φs = ΦΨx where Φ is an M × N matrix. Since
M < N , recovery of the signal s from the measurements y is ill-posed. The CS theory reveals that
when the matrix A = ΦΨ has the restricted isometry property (RIP) [3–5], the signal s or x can be
recovered from a similarly sized set of M = O(K log(N/K)) measurements y with high probability.
Formally, with high probability, x is the unique solution to
min kxk1

s.t.

y = ΦΨx

(1)

which can be solved efficiently with linear programming techniques.
3. ITERATIVE SHRINKAGE/THRESHOLDING ALGORITHM

Taking noise into account, we generally solve the problem by transforming the constraint convex
optimization problem into the following unconstraint convex optimization problem
1
min ky − Axk22 + τ kxk1
(2)
x 2
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where k·k2 denotes the Euclidean norm and τ is the regularization parameter which provides a tradeoff between fidelity to the measurements and the noise sensitivity. Iterative shrinkage/thresholding
(IST) [9] is a state-of-the-art algorithm in solving the unconstraint convex optimization problem,
with the following iterative scheme
xk+1 = sof t(xk +AH (y − Axk ), τ )

(3)

where sof t(x, τ ) = sign(x) max(|x| − τ, 0) is the shrinkage operator.
In IST algorithm, the most computation prohibitive portion is the matrix-vector multiplication
involving A and AH , with computational complexity of O(M N ), which is very large, especially
when the matrix is a large dense one. Besides, there are two such multiplications per iteration.
However, if we convert (3) to (4), where B = AH A, we can find that, the two multiplications reduce
to one only involving B in each iteration. Although the computation complexity of Bxk is O(N 2 )
larger than O(M N ), it really can reduce the whole computation when implemented in parallel.
¡
¢
xk+1 = sof t xk + AH y − Bxk , τ
(4)
So we proposed a new scheme based on the above analysis, precomputing B and AH y before
the iteration. In this way, it not only reduces the cost of matrix-vector multiplication, but also
reduces the time cost by data transmission between two multiplications. In addition, we noticed
that the residual vector rk = y − Axk should be available when compute the objective function
value. However, rk is dependent on A, which is against the proposed method requiring only B and
AH y. So we need some changes to the calculation of objective function value to meet with the
proposal. Fortunately, we find that if we replace f = 0.5krk k2 + τ kxk1 with (5), the two different
methods show the same effect when judging whether the termination criterion is satisfied based on
the relative change of two contiguous objective function values, although f˜ is different from f . In
addition, as we know, SAR images are not sparse over all range bins, so we add some constraints
to escape from recovering the unsparse ones. If the objective function value in one iteration is no
less than the one got in the former iteration, then we can say the scene is not sparse and terminate
the recovery.
°
°2
f˜ = 0.5 °AH y − Bx° + τ kxk1
(5)
The basic procedure of the modified version of IST algorithm is
1. Initialize x1 = 0, compute AH y and B, set iteration step k = 1;
(a) Compute the correlation of A with the current residual: xtemp = AH y − Bxk ;
(b) Compute the new estimate: xk+1 = sof t(xk + xtemp , τ );
(c) Compute f˜k+1 = 0.5kxtemp k2 + τ kxk+1 k1 and ∆f˜ = |f˜k+1 − f˜k |/f˜k , if f˜k+1 > f˜k for k > 2
or ∆f˜ < δ, then terminate the iteration. Otherwise, go to step 2 for the next iteration.
4. PARALLEL IMPLEMENTATION OF CS SAR IMAGING
4.1. GPU Implementation

In CUDA framework, communication between host CPU and GPU device often costs lots of time,
so we should use such communication as few as possible. In this paper, data communication
between host CPU and GPU device only occurs at the start and end of the algorithm. At the start
phase, the precomputed AH y and B, regularization parameter τ and other necessary parameters
are transmitted to GPU, while the reconstructed results are transmitted back to CPU at the end
of the recovery [10].
GPU device begins to execute the recovery once it receives the data. Note that in the matrixvector multiplication, row vectors of the matrix are mutually independent, which is fit to be implemented in parallel. The matrix-vector multiplication is realized with coarse-grained parallelism
blocks that can not communication with each other, together with the fine-grained parallelism
threads. In detail, multiplications between row vectors of B with xk are realized in coarse-grained
parallelism, while elements and elements products inside the vector multiplication are realized in
fine-grained parallelism. We store the matrix B in global memory, so we have to access the global
memory to fetch it when it is needed. To limit the memory latency, we utilize the shared memory
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that is accessed as fast as register. For instance, row vectors of B and xk are all stored in the
shared memory that lies in each thread block.
In the IST recovery, we have to transform some multidimensional data to one dimension, such
as the calculation of Euclidean norm and l1 norm. Take the calculation of l1 norm for instance,
normally we add all the elements step by step. But on GPU, so we split such task into parallel
accumulation involving multiple thread blocks, where each block is responsible for addition of part
data and the partial sum got in each thread are summed up at last.
During the vector multiplication realization in fine-grained parallelism and computation of multidimensional data to one dimension, each thread block will complete summation of many data.
This paper adopts the parallel summation reduction method to make most efficient of the parallel
performance of GPU, Figure 1 shows the procedure of parallel summation reduction with 8 elements. The traditional serial summation method requires n steps to sum up n elements, while the
parallel summation reduction method only requires log n steps. Meanwhile, the parallel summation
reduction works with sequential addressing which is bank conflict free, avoiding the reduction in
efficient access bandwidth. In addition, the threads in each warp will either execute the summation
or not, which will avoid the performance degradation caused by divergence.
4.2. CPUs Implementation via OpenMP

OpenMP is a shared-memory application programming interface (API), whose features are based
on prior efforts to facilitate shared-memory parallel programming [11]. OpenMP provides a forkand-join execution model shown in Figure 2, which supports an incremental approach to realize
parallel programs. It is easy to apply the OpenMP into the standard sequential code, only by
placing parallel directives around time-consuming loops that do not contain data dependences and
leaving the most part of the program unchanged.
On implementation of IST algorithm on CPUs via OpenMP, we should first identify the parts
which can be implemented in parallelism. Based on the above analysis, we know that matrixvector multiplication, calculation of Euclidean norm and l1 norm are the ones we are looking
for. By placing directives around these loops, we can apply the parallelism to the modified IST
algorithm. In OpenMP model, all threads have access to the same globally shared memory. And
the data being processed can be shared or private, where shared data is accessible by all threads,
while private data can be accessed only by the thread that owns it. Therefore, we should identify
the data in the loops is shared or private to make sure they will be handled properly.
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Figure 1: Parallel summation reduction with 8 elements.
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Figure 2: The Fork-Join model of OpenMP.
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Figure 3: (a) Conventional SAR imaging result with full samples. (b) CS based SAR imaging result with
50% samples implemented on CPUs. (c) CS based SAR imaging result with 50% samples implemented on
GPU.
Table 1: The average execution times on CPU and GPU.
CPU
time/s
8.995

CPUs
time/s speedup
4.09
2.2

GPU
time/s speedup
0.258
35

5. EXPERIMENT

To validate the speedup of parallel realization of compressive sensing based SAR imaging on GPU,
we reconstructed the same SAR image with IST algorithm on CPU and GPU, respectively. The
configuration of the CPU used in this paper is Intel Core2 Quad 8400, 2.66 GHz, and the GPU is
Tesla C1060. And the data used in the experiment are real airborne SAR data which have been
collected by an X-band SAR with the resolution of 2 m. We implemented the CPU and GPU code
in single precision float and computed the average processing time over 100 repeated executions
on CPU and GPU separately. Figure 3 shows SAR imaging results via conventional method and
CS method on CPU and GPU, respectively. We see that performance of CS based SAR imaging is
comparable to that of conventional SAR imaging method. Meanwhile, the parallel implementation
on CPUs and GPU get the same result. The time cost by CPUs and GPU are shown in Table 1.
From Table 1, we can see that multi-core CPUs speeds up 2.2 times than single core CPU, while
GPU reach a speedup of 35.
6. CONCLUSIONS

The paper realized the parallel implementation of compressive sensing based SAR imaging on GPU,
and iterative shrinkage/thresholding algorithm is adopted to reconstruct the SAR images. To make
the most efficient use of parallel architecture, we modified the conventional IST algorithm structure, and realized the fast implementation on multi-core CPUs and GPU device. The experiment
result shows that parallel computing capabilities of CPUs and GPU have a significant speedup in
comparison with computing capability of CPU.
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