A novel non convex sparse recovery method for single image super-resolution, denoising and iterative MR reconstruction
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INTRODUCTION: In this work, we develop a novel generic non convex framework which outperforms
(quantitatively and qualitatively) state of the art algorithms for super-resolution, image denoising and
iterative MR reconstruction. In each of the three applications we explored in this work (super-resolution,
denoising and under sampled iterative image reconstruction), the developed method captures clinically
relevant features and reconstructs these features with the highest fidelity thereby aiding in the clinical
diagnostic process.
METHODS: Super-resolution: The MRI single image super-resolution can be formulated as a sparse non
convex signal recovery functional. The goal is to recover the high resolution image
∈
when only
has been observed through the system point spread function
∈
the low resolution image
∈
and the resulting loss in resolution
∈
operator. The non convex sparse prior is imposed as
1. The optimization problem takes the
a pseudonorm regularizer (‖ ‖ ), where 0
‖ . We solve this optimization problem using a proximal
‖
‖
formmin ∈
1⁄2 ‖
splitting framework and benchmark our super-resolution results against the state of the art non convex solver
SARA[1], L1 solver FISTA[2] and super-resolution algorithms published in[3-4]. It must be noted that that
application of SARA for super-resolution is novel in and of itself but is not the focus of this work.
Denoising: The MRI image denoising problem requires the injection on a smoothness prior which takes
form of either an isotropic or anisotropic total variation regularizer. The optimization problem is stated
‖
‖
‖ . We use a parallel proximal splitting method to
‖
‖
1⁄2 ‖
asmin ∈
solve this optimization problem. We quantify our results using the peak signal to noise ratio metric. For
image denoising, we compare our results to state of the art denoising techniques [5-7]. We quantify our

Figure 1: Single Image Super-resolution results for
temporal tumor. (A) Observed low resolution blurry
image (B) Image recovered using the method of sparse
mixing estimators (C) Image recovered using SARA (D)
Image recovered using IAN. (E) Image residual for
SME relative to ground truth (F) SARA residual (G)
IAN residual. Red Circle indicates location of the
tumor. IAN has the least residual error in the clinical
region of interest. Quantitative results are in Table 1

denoising results using the image quality metric. Compressed Sensing: For compressed sensing
reconstruction, the , operators are replaced by a partial Fourier operator. We benchmark IAN’s
reconstruction against the non convex solver SARA [1], L1 solver FISTA [2] and L2 based gradient descent.
We quantify our results using both the peak signal to noise ratio (PSNR) metric and the structural similarity
index (SSIM).
RESULTS: We herein refer to our novel algorithm which solves the non convex optimization problem as
IAN. Super-resolution: In Fig. 1 we demonstrate IAN’s ability to super-resolve relevant clinical margins of
tumor in the temporal lobe. Numerically IAN outperforms SARA by 1.92dB and all other competing
methods by a minimum mean square error improvement factor of 3. Visually, IAN reconstructs the tumor Figure 2: MRI ground truth image denoising for a
margins with the greatest fidelity as evidenced by the residual plot shown in the bottom panel of Fig. 1. We patient with a cerebral aneurysm. (A) Original noisy
also include additional numerical results for super-resolution of a scaphoid fracture and denoising of a image (B) Image denoised using BM3D (C) Image
ground truth noisy knee image (Table 1) (images not shown). In each of these cases, IAN performs denoised using IAN with TV. IAN with TV has
quantitatively and qualitatively better than the state of the art competing method. Denoising: In Fig 2. we eliminated most of the rician noise generated in the MRI
image acquisition process (Table 1)
use IAN with TV to denoise a naturally noisy MRI image. Table 1, summarizes the quantitative
reconstruction results for denosing including images not presented here. Compressed Sensing: In
Fig 3. we use IAN reconstruct a cardiac image by significantly under sampling k-space. We
demonstrate that IAN is able to reconstruct the under sampled acquisition with the highest
fidelity relative to competing methods. SARA produces comparable results to IAN in the
compressive reconstruction case (however with lower SSIM relative to IAN).
DISCUSSION: From the presented quantitative results in Table 1 and from the qualitative
results presented in Fig. 1-3, it is clear that IAN out performs the state of the art non convex,
convex and even dedicated application specific algorithms for super-resolution, denoising and
iterative image reconstruction. The algorithmic architecture of IAN was intentionally developed
in a manner that is parallelizable across GPU / CPU cores for efficient practical implementation.
Empirical examination reveals that IAN is relatively robust to parameter tuning. We have also
developed a Monte Carlo based Stein Unbiased Risked Estimator (SURE) to automatically tune
the parameters of our algorithm for image denoising applications.
CONCLUSION: We demonstrate that the generic novel non convex framework that we have Figure 3: Image reconstruction from compressive data acquisition.
developed (IAN), can be used to solve a wide array of image processing challenges. IAN (A) Ground truth (B) L2 gradient descent reconstruction (PSNR:
outperforms the gold standard algorithms in single image super-resolution, denoising and under 35.71 dB, SSIM 0.924) (C) L1 FISTA reconstruction (PSNR: 39.25
sampled iterative MR reconstruction (compressed sensing). Furthermore, we have designed dB, SSIM: 0.954) (D) Non Convex IAN reconstruction (PSNR: 42.44
IAN’s software architecture to be intrinsically parallel in order to ensure efficient integration dB, SSIM: 0.972). (E) Gradient descent residual (F) L1 FISTA
into existing MR image reconstruction software. Given the generic formulation that IAN seeks residual (G) IAN residual. IAN has the least residual error (G)
to solve, it can be adapted in the future for use in applications such as image
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