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Abstract— A unified blind method for single/multi image blur deconvolution and super-resolution of the images or
videos. This paper proposes a method based on alternating minimization (AM) with respect unknown high-resolution
(HR). Edge-emphasizing smoothing operation supports blur estimation process, to enhance strong soft edges and
filtering out weak structures which improves the quality of blur estimation. In every iteration, parameters are updated,
so that all salient edges are used to increase blur estimation. Filtering domain is used rather than pixel domain to
improve blur estimation. Processing time of super-resolution is comparatively increased by separating upsampling
and registration process.
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I. INTRODUCTION
Image capturing devices with lack of sensitivity is failing to capture high resolution images. High resolution images are
widely popular in many applications such as photography, astronomy, medical imaging, etc,. Present days we have
cameras to capture high resolution images but they are very expensive. Computational imaging systems are in contrast
with traditional imaging system, which combines the power of digital processing with data gathering. Blurring, aliasing
and noise may affect spatial resolution which can be visually determined.

Imaging system uses two methods Blur deconvolution (BD) and Super-resolution (SR) to increase resolution. BD
removes blurring and noise, where as SR reduces effect of aliasing. SR also increases size of the image. Super-resolution
(SR) is a technique that enhances the resolution of an imaging system. It is a process of combining multiple low
resolution images to form a high resolution image. Fig.1 shows how original i |mage resolution is increased.
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Fig. 1. Example for Superresolution.

In image processing, akernel, convolution matrix, or mask is a small matrix useful for blurring, sharpening,
embossing, edge-detection, and more. This is accomplished by means of convolution between a kernel and an image.
Fig.(2) and (3) Blur deconvolution is a process used to reverse the effects of convolution.

Original

Fig. 2. Matrix of an original image
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Fig. 3. After applying convolution matrix, image blurred.
Il. RELATED WORKS

Image captured by adjusting the quality of the reconstructed image according to its information [1]. Multi-image super-
resolution (MISR) methods reconstructs one HR image by fusing multiple LR images [2]-[3]. Single-image super-
resolution (SISR) proposed small spatial patches in the input LR image are replaced by similar higher resolution patches
which are previously extracted from a number of HR images.

SISR methods do not require motion and blur estimation processes, but have a lower performance compare to MISR [5].
Most BD reconstructed from a single image (SIBD). However, Multi image BD (MIBD) is used to improve the
reconstruction performance. Most of the publications on BD/SR are non-blind. Non-blind method considers blur
identification explicitly during reconstruction. Most of the methods assume PSFs are prior known. Few other works
considers amount of blur can be ignored and can be omitted from the reconstruction. These assumptions are impractical
in real world. Based on two categories these papers are classified as: method which considers blur identification and
image restoration as different process [6],[7],[8],[9], and method which combines these two methods as unified process,
e.g. alternating minimization (AM) [10], [11]-[15].

In this paper, unified approach is proposed for blind SR, SIBD, and MIBD reconstructions. Huber-Markov random field
(HMRF) model is used prior for cost function of output HR image. This prior suppress noise, while edges and structures
are preserved without causing noticeable ringing. In the proposed blur (kernel) estimation there are three important facts:
1) In blur estimation edges and their neighboring edges are more useful; 2) Blur estimation is more accurate to start with
few salient edges and allow more and more progressively contribute; 3) Blur estimation is more efficient in filtering
domain than pixel domain.

I1l. PROPOSED METHOD

For all SR, LR images are assumed to be having identical PSF’s and noise:
gx = Dy HS f +my @

Where, H is block circulant matrix with circulant blocks (BCCB). While PSF is assumed linear space-invariant (LSI) and
periodic boundary conditions are assumed. Product of H and  are commutable for all the pixels. In Non-linear
interpolation images are reconstructed my scaling up LR image size to original image. Every LR image has different
PSF’s (Point Spread Function) due to dissimilar camera parameters. Original image PSF’s are estimated to analyse the
pixel location.
Edge emphasizing operation applied o\n estimated images. Blur(s) are estimated by adjacent pixels and salient edges, so
that weak edges are smoothed out. Edge emphasizing method is applied in all iterations of AM. This method is more
effective than other existing method. Experimentally it is proved that Blur is estimated by filtering domain using the
gradients of HR and LR images produces accurate results than pixel domain [6]. Fig.4 (b) shows blurred image.
Hence, for the blur estimation following cost is used:
)

JA") = DRz Limqlciz - €is™hE I* + yIE=1574B) hE
Here C1and Cz2are the convolution matrices of the gradient in filtering domain. These c1and c2are in the horizontal and
vertical directions, and 5., is the convolution matrix of 57, In (2) ¥ is fixed for every AM iterations
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Fig. 4. (@) Ground-truth image. (b) Blurred image. (c) Reconstruction of image from proposed method.

Where k =1, ..., N, F(1, and F~*(. ] denote FFT and inverse-FFT operations, and () is the complex conjugate

operator. We use the MATLAB function edgetaper (-)to avoid boundary artifacts. After applying few AM iterations at

each level, Bilinear interpolation is used to up sample the estimation results. This increases speed of processing.
IV.PROPOSED METHOD RESULTS

Performance of the proposed method is increased on both synthetic and real-life image sets. The gk is represented by
Signal-to-noise ratio which defines severity of noise in the kth LR image.

ﬂ'z .
SNRE, = -1ozagiu(ﬁ) (4)
2

For deconvoution of the image, Fourier domain is used as:

‘e 2 2 4
- F'l( ) TFIC) x Fx (35 x [F(C) X F[z]]] / [Z Fie) = F(sY) " +v ) IF(by) 1 ] ©)
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Fig.5. Original image PSF’s
Here o;; and =7, are the variances of kth LR image and noise, respectively. The image restoration is measured by the
peak signal-to-noise ratio (PSNR) between the ground-truth and reconstructed HR images. For an image with a

e n=R] -
NMSE(k) = R (6)
255°
PSNR(f) = 10logy ﬁ) (5
SAUES

maximum intensity level of 255, this metric is defined as: Also, the quality of PSF restoration is evaluated by the
normalized mean squared error (NMSE) between the true and estimated blurs: A few important points should be
considered from these metrics. First, the above two metrics are not computable for real blurry images, because ground-
truth images are only accessible in synthetic experiments. Second, even if the exact blur function is known, some fine
structures are permanently removed by the blur function and not recoverable by no means. As a result the value of PSNR
for images which has many fine structures would be lower than for images which have only smooth regions. Third, in
generally, a good algorithm is categorized by high PSNR and low NMSE.
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Fig.6. GUI of the proposed method.
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Fig.7. Variations of image PSNR.
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Fig.8. Blur-NMSE over iterations.
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Fig.9. Variations of image-PSNR versus NMSE.
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V. CONCLUSION

A novel blind method is presented for multi-image super-resolution (MISR), single/multi image blur deconvolution
(S/MIBD). MIBD accepts multiple LR images with different blurs, without spatial displacements. In the proposed MISR
method accepts number of LR images from a video with subpixel displacement but the same blur function and noise
parameters used. The proposed blur estimation method preprocesses the estimated HR image by applying edge
emphasizing operation. In every iteration parameters are altered so that more salient edges contributed in blur
reconstruction. For blur estimation filtering domain is used which improves the performance. The future enhancement
would be on video deblurring.
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