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Abstract— Spatial resolution of images are restricted by the size of CMOS sensors. Spatial resolution can be
increased by increasing no of COMS sensors resulting in decrease in size of CMOS sensors which cause shot
noise. In this paper attempts have been made to enhance the spatial resolution of different images. DWT is
applied to obtain the sub bands and sparse representation is used to get the better results. Bicubic
interpolation is being applied in the intermediary stage and HR image is retrieved through this method and
the result of this method is being compared with some other state of the art works and this work shows better
result than other super resolution algorithms based on image quality parameter PSNR and MSE.
Keywords— Super-resolution, DWT, Sparse representation, PSNR, MSE.

I. INTRODUCTION
Resolution has been frequently referred as an important aspect of an image. Images are being processed in
order to obtain more enhanced resolution. One of the commonly used techniques for image resolution
enhancement is Interpolation. Interpolation has been widely used in many image processing applications such
as facial reconstruction [1], multiple description coding [2], and super resolution [3]-[6]. There are three well
known interpolation techniques, namely nearest neighbor interpolation, bilinear interpolation, and bicubic
interpolation. Image resolution enhancement in the wavelet domain is a relatively new research topic and
recently many new algorithms have been proposed [4]-[7] . Discrete wavelet transform (DWT) [8] is one of the
recent wavelet transforms used in image processing. DWT decomposes an image into different subband
images, namely low-low (LL), low-high (LH), high-low (HL), and high-high (HH). Another recent wavelet
transform which has been used in several image processing applications is stationary wavelet transform (SWT)
[9]. The wavelet technique as a simple sparse representation also plays a significant role in many image
processing applications, in particular in resolution enhancement, and recently, many novel algorithms have
been proposed [10]. In this paper DWT is used to obtain the sub bands than bicubic interpolation is applied on
sub bands. Sparse representation is used to sharpen the result and finally inverse discrete wavelet is used to
obtain the HR image. To compare the results of this algorithm with other algorithm PSNR and MSE is
calculated which is mentioned in result and discussion section.
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II. PRELIMINARIES


Interpolations With Sparse Wavelet Mixtures

The subsampled image x(m, n) is decomposed with one level DWT in the LL, LH, HL, and HH image sub
bands, which are treated as matrices Ψ whose columns (approximations and details) are the vectors of a
wavelet image on a single scale {ψd,n}0≤d≤3,n∈G. The decomposition process is performed with a dual
frame matrix _Ψ whose columns are the dual wavelet frames[11]. The wavelet coefficients are written as
follows:
z(d, n) = (x, ψd,n) = Ψx(m, n)
(1)

The WT separates a low-frequency (LF) image zl (an approximation) that is projected over the LF scaling
filters{ψ0,n}n∈G and an HF image zh (details) that is projected over the finest scale wavelets HF in three
directions {ψd,n}1≤d≤3,n∈G, i.e.

(2)

zl has little aliasing and can thus be interpolated with a Bicubic interpolator V +. zh is interpolated by selecting
directional interpolators V +θ for θ ∈ Θ, where Θ is a set of angles uniformly discretized between 0 and π. For
each angle θ, a directional interpolator V + θ is applied a block B = Bθ,q that is interpolated with a directional
interpolator V +B = V +θ . The HF zh and LF zl images are interpolated with a separable and Bicubic interpolator
V +. The resulting interpolator can be written in the following form [11]:

(3)
For each angle θ, an update is computed over wavelet coefficients of each block of direction θ multiplied by
their mixing weight a(Bθ,q), with the difference between the separable Bicubic interpolator V + and a directional
interpolator V +θ along θ. 1B is the indicator of the approximation set B. This overall interpolator is calculated
with 20 angles, with blocks having a width of 2 pixels and a length between 6 and 12 pixels depending on their
orientation.

III. PROPOSED SUPER RESOLUTION METHOD
In order to increase the quality of the super resolved image, preserving the edges is essential. In this work,
DWT has been employed in order to preserve the high frequency components of the image. In this
correspondence, one level DWT (with Daubechies 9/7 as wavelet function) is used to decompose an input
image into different subband images. Three high frequency subbands (LH, HL, and HH) contain the high
frequency components of the input image. In the proposed technique, Bicubic interpolation with enlargement
factor of α is applied to high frequency sub band images as shown in figure 1.
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Fig. 1. DWT and Sparse based super resolution
In the proposed SR procedure, the LR image is used as the input data in the sparse representation for the
resolution enhancement process in the following way (see in Fig. 1). The LR image is calculated by using a 1D interpolation in a given direction θ and then following the computations of the new samples along the
oversampled rows, columns, or diagonals. Finally, in this step, the algorithm computes the missing samples
along the direction θ from the previously calculated new samples, where the entire sparse process is performed
with the Bicubic interpolation (factor α/2 ), reconstructing the LL sub band. Finally all the high-frequency sub
bands and LR which is sparsed is inputted to inverse DWT to achieve the HR image of factor α.
IV. RESULTS AND DISCUSSION
The proposed algorithm has been tested on different images like Lena, Mandrill and Pirate and the results
are shown in figure 2 and table 1. Test are conducted on 128x128 size LR images and 512x512 size HR images
are obtained after that PSNR and MSE has been calculated for each state-of-the-art works.

Fig.2. Super resolved images of Lena and Mandrill from 128x128 to 512x512
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Table1. Quality Parameter for Proposed algorithm
SR Algorithm

Lena

Mandrill

Pirate

PSNR

MSE

PSNR

MSE

PSNR

MSE

DWT-SR

34.3732

87.8782

28.7281

192.7211

31.7321

100.7371

IRSEDWT

35.6362

72.7372

30.7372

150.7382

32.7382

92.8921

CWT-SR

30.7382

156.7838

27.7282

187.8822

28.8822

109.8821

Proposed

36.7882

56.8838

32.7832

99.7882

34.6722

78.8282

V. CONCLUSIONS
This work proposed an image resolution enhancement technique based on the interpolation of the high
frequency sub bands obtained by DWT then the high frequency subband images have been interpolated. An
original image is interpolated with half of the interpolation factor used for interpolation with sparse
representation. Afterwards all these images have been combined using IDWT to generate a super resolved
imaged. The proposed technique has been tested on well-known benchmark images, where their PSNR and
MSE results show the superiority of proposed technique over the conventional and state-of-art image resolution
enhancement techniques.
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