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Abstract— In this paper, we present a novel learning based 

technique to enhance spatial resolution of a low resolution 

observation using a database containing low resolution 

(LR) images and corresponding high resolution (HR) 

versions using LBP and NSCT. The local binary pattern 

operator is an image operator which transforms an image 

into an array or image of integer labels describing small-

scale appearance of the image. 

These labels or their statistics, most commonly the 

histogram, are then used for further image analysis. The 

most widely used versions of the operator are designed for 

monochrome still images but it has been extended also for 

color (multi-channel) images. We obtain high resolution 

version for the given LR test image by learning non-

subsampled contour let transform coefficients of HR 

images given in the training database. The proposed 

technique has been tested on various real world natural 

images. 

 

Index terms: LBP (Local Bit pattern), Non-Subsampled 

Contour let Transform (NSCT), Super-Resolution (SR) 
 

I. INTRODUCTION 

In the field of photogrammetry, high resolution (HR) images 

are often desired. HR imaging offers more details that can be 

useful for better analysis, interpretation and classification of 

information in an image. One way to obtain HR images 

depends on hardware solution. High precision optics and 

charge coupled devices (CCDs) can be used to obtain HR 

images directly from the camera. But, this solution is not 

appropriate for general purpose commercial applications due 

to application specific limitations such as cost, memory, 

sensor dimensions and shot noise, transmission bandwidth etc. 

Therefore, many algorithmic approaches are designed to 

obtain HR images [cite]. Super-Resolution (SR) methods 

attempt to recover a high resolution image from one or more 

low resolution (LR) images. Methods for SR can be classified 

into two main categories: (i)Classical Multi-image SR and (ii) 

Example-based SR. The classical multi-image SR method uses 

a set of LR images of the same scene to obtain a superre 

solved image[14], [15], [16], [18]. This method is limited to 

only small increase in resolution. This limitation of the 

classical multi-image SR method has lead to the development 

of ’Example-based SR’ also termed as ’Learning-bases SR’ 

or ’Image Hallucination’ [19], [22]. Since then a number of 

example-based SR algorithms have been designed [17], [18], 

[20], [21]. This method learns the correspondences between 

low and high resolution image patches from a database of low 

and high resolution images pairs and recovers the high 

resolution version of the given LR test image. Pithadia et al. 

approach [2] uses a training database containing LR images 

and their HR counterparts all captured from a real camera and 

obtains initial HR estimate using local binary pattern (LBP) 

operator and discrete wavelet transform (DWT) based 

learning. DWT divides the high frequency only into three sub-

bands at each level(i.e. horizontal, vertical and diagonal). It is 

suitable for describing Isotropic point singularity but is not 

able to detect line or curve singularity. Wavelets are blind to 

the smoothness along edges commonly found in images. So, it 

can not accurately express the direction of edges and contours 

in an image. The limitation of this approach is also due the 

inability of DWT to capture geometrical regularities and to 

detect contours. Patel et al. [4] approach introduces an 

algorithm to reconstruct HR version of an LR observation 

using local ternary pattern (LTP) and discrete cosine transform 

(DCT). The limitation of this approach is that DCT gives shift 

variant representation of an image and poor recovery of edge 

information. DCT is also unable to describe directional 

features of images efficiently because DCT coefficients reflect 

the pixel intensities of an image into DC and AC coefficients 

with low and high frequency regions. Koladia et al. [5] 

approach proposed an algorithm for image resolution 

enhancement using a training database and direct pixel based 

learning with the help of non-subsampled contourlet transform 

(NSCT). Because of direct pixel based learning method used 

in this approach, the local geometry and texture of an image is 

not well preserved in the resulting HR image. Considering the 

limitations of the aforementioned methods, we present a new 

technique for image resolution enhancement using NSCT 

based learning and LBP as a feature model. We use a non-

subsampled contourlet transform (NSCT) to learn its 

coefficients for the missing high frequency details from the 

detailed sub-bands of high resolution training images in the 

database. NSCT is a flexible and efficient transform. This 

fully shift-invariant, multiscale, and multidirection expansion 

transform is effective for images with smooth contours which 

allows different angular resolution at different scale and 

direction. NSCT is efficient in image denoising and image 

enhancement. In the proposed approach, NSCT is used as the 

multiscale transform (MST) tool to provide a better 

representation of the contours and overcome limitations of 

DWT and DCT. 

 

1.1. The Non-subsampled Contourlet Transform (NSCT) 

Our main motivation behind using NSCT is to use a flexible 

and efficient transform targeting applications where 

redundancy is not a major issue. The NSCT is a fully shift-

invariant, multiscale, and multidirection expansion that has a 

fast implementation. The NSCT has proven to be efficient in 

image denoising and image enhancement. It is effective for 

images with smooth contours which allows different angular 
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resolution at different scale and direction. In this section , we 

describe the NSCT and its building blocks.The fig. 1(a) 

displays an overview of the proposed NSCT. The structure 

consists in a bank of filters that splits the 2-D frequency plane 

in the subbands illustrated in Fig. 1(b).  

 
Fig.1 Non-subsampled contourlet transform. (a)NSFB 

structure that implements the NSCT (b) Idealized frequency 

partitioning obtained with the NSCT. 

 

The NSCT can thus be divided into two shift-invariant parts:  

1) A nonsubsampled pyramid structure that ensures the 

multiscale property and  

 

2) A nonsubsampled DFB structure that gives directionality. 

These parts are described in following subsections 

 

1.1.1 Nonsubsampled Pyramid (NSP) 

 

The multiscale property of the NSCT is obtained from a shift-

invariant filtering structure that achieves a subband 

decomposition similar to that of the Laplacian pyramid. This 

is achieved by using two-channel nonsubsampled 2-D filter 

banks. Fig. 2 illustrates the nonsubsampled pyramid (NSP) 

decomposition with J=3 stages. Such expansion is 

conceptually similar to the one–dimensional (1-D) NSWT 

computed with the à trous algorithm [27] and has J+1 

redundancy, where J denotes the number of decomposition 

stages. The ideal passband support of the low-pass filter at the 

jth stage is the region  .Accordingly, the ideal support of the 

equivalent high-pass filter is the complement of the low-pass, 

i.e., the region  

. 

The filters for subsequent stages are obtained by upsampling 

the filters of the first stage. This gives the multiscale property 

without the need for additional filter design [28][29].  

 

Specifically, the NSFB is built from H0(z) low-pass 

filter . One then sets H1(z)=1- H0(z), and the corresponding 

synthesis filters G0(z)=G1(z)=1. A similar decomposition can 

be obtained by removing the downsamplers and upsamplers in 

the Laplacian pyramid and then upsampling the filters 

accordingly. Those perfect reconstruction systems can be seen 

as a particular case of our more general structure. The 

advantage of our construction is that it is general and as a 

result, better filters can be obtained. In particular, in our 

design G0(z) and G1(z)are low-pass and high-pass. Thus, they 

filter certain parts of the noise spectrum in the processed 

pyramid coefficients. 

 

 
Fig.2 The nonsubsampled pyramid is a 2-D multiresolution 

expansion (a) Three-stage pyramid decomposition. The lighter 

gray regions denote the aliasing caused by upsampling. (b) 

Subbands on the 2-D frequency plane. 

 

1.1.2 Nonsubsampled Directional Filter Bank (NSDFB) 

 

The directional filter bank of Bamberger and Smith  

is constructed by combining critically-sampled two-channel 

fan filter banks and resampling operations. The result is a tree-

structured filter bank that splits the 2-D frequency plane into 

directional wedges. A shift-invariant directional expansion is 

obtained with a nonsubsampled DFB (NSDFB). The NSDFB 

is constructed by eliminating the downsamplers and 

upsamplers in the DFB. This is done by switching off the 

downsamplers/ upsamplers in each two-channel filter bank in 

the DFB tree structure and upsampling the filters accordingly. 

This results in a tree composed of two-channel NSFBs. The 

fig. 3 illustrates a four channel decomposition. Note that in the 

second level, the upsampled fan filters Ui( ), i=0,1 have 

checker-board frequency support, and when combined with 

the filters in the first level give the four directional frequency 

decomposition shown in fig. 3.5. The synthesis filter bank is 

obtained similarly. Just like the critically sampled directional 

filter bank, all filter banks in the nonsubsampled directional 

filter bank tree structure are obtained from a single NSFB with 

fan filters. Moreover, each filter bank in the NSDFB tree has 

the same computational complexity as that of the building-

block NSFB [30]. 
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Fig.3. Four-channel no subsampled directional filter bank 

constructed with two-channel fan filter banks. (a) Filtering 

structure. The equivalent filter in each channel is given by (b) 

Corresponding frequency decomposition. 

 

1.1.3 Combining the NSP and NSDFB in the NSCT 

The NSCT is constructed by combining the NSP and the 

NSDFB as shown in Fig. 3.3(a). The frame elements are 

localized in space and oriented along a discrete set of 

directions. The NSCT offers flexibility because it allows any 

number of directions in each scale [21]. We observe that there 

are three classes of pixels in the transform coefficients: strong 

edges, weak edges and noise. The strong edges correspond to 

the pixels having large magnitude coefficients in all subbands. 

The weak edges correspond to the pixels having large 

magnitude coefficients in some directional sub-bands but 

small magnitude coefficients in other directional sub-bands 

within the same scale. The noise corresponds to those pixels 

with small magnitude coefficients in all sub-bands. The NSCT 

is shift-invariant so that each pixel of the transform sub-bands 

corresponds to that of the original image in the same spatial 

location. So, we can gather the geometrical information pixel 

by pixel from the NSCT coefficients. 

 

1.2. LOCAL BINARY PATTERN 

 A local binary pattern operator was first introduced as a 

descriptor summarizing the local gray-level structure for 

texture classification by Ojala et al.[1]. LBP has also been 

adapted for various applications such as smoke detection, 

object detection, dynamic texture recognition, face recognition 

and shape localization. The LBP operator transforms an image 

into an array or image of integer labels describing small-scale 

appearance of the image. These labels are known as LBP 

codes which can be used for further image analysis.Generally, 

the LBP operator works in a 3 x 3 pixel block of an image. 

The pixels in this block are thresholded with respect to the 

value of its center pixel and we get an unique binary code for 

each image patch. This LBP code is converted into decimal 

value that gives the label to the center pixel of each block. By 

encoding the entire image using LBP operator, the local 

geometry and texture can be captured. As the neighborhood 

consists of 8 pixels, a total of 28 = 256 different labels can be 

obtained depending on the relative gray values of the center 

and the pixels in the neighborhood [27]. Consider a 3 x 3 

mage block. Let S be the pixel intensity at location (i,j) and 

Dk be the pixel intensities of the neighboring 

 

 

Fig. 4. Binary Pattern and LBP coding of a 3x3 image patch 

 

II. ALGORITHM  

Image resolution enhancement problem requires additional 

source of non-redundant information for recovery of the 

missing details. We propose to recover the missing details of 

the LR test image in the form of detailed contourlet 

coefficients from the HR training images given in the 

database. The block diagram of the proposed approach is 

shown in Fig.5. The training database consists of low 

resolution training images and their high resolution versions 

all captured using a real camera. The images in the database 

cover a wide range of scenes. Low resolution images are 

captured with 1 x zoom setting and high resolution images are 

captured with 2 x zoom setting of the camera. The flow of the 

algorithm goes through three steps. Initially, we up sample the 

test image with bicubic interpolation method by a factor of 2. 

We then take a non-subsampled contourlet transform of the 

image obtained by upsizing the test image and HR training 

images. We then learn the geometrical details of an image 

pixel by pixel. Next we search the training database for similar 

geometrical details that match to the geometrical details in the 

test image. We then learn the high frequency details in the 

form of NSCT coefficients and finally we obtain the super 

resolved image by applying inverse NSCT. The following 

subsections give the detailed description of the proposed 

approach. 

 

 
Fig. 5 image resolution using NSCT 
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2.1 Searching Matched HR Training Images 

 

In this section, our approach attempts to identify the HR 

training images of similar structure for each pixel in the 

upsized test image. Before we describe our technique for 

searching best matches, it is important to mention following 

points. For a level-3 NSCT decomposition, subband 0 

represents an approximation image, subband I represents 

transform coefficients in the form of 2 images. Similarly, 

subband II consists of 4 such images and subband III consists 

of 16 such images representing the transform coefficients. 

Here, we compare coefficients of as well as subbands 0, I, and 

II of the test image with that of HR training images. The 

learning procedure is as follows. Let the size of the upsized 

test image and HR training image be MxM. Let X1(i , j) be the 

the non-subsampled contourlet coefficient at a location (i , j) 

in the subband 0 (i.e. approximation band), X2(i , j) and X3(i , 

j) be the coefficients in the subband I at a same location (i , j),  

X4(i , j), X5(i , j), X6(i , j) and X7(i , j) be the coefficients in 

the subband II at a location (i , j) and X8(i , j) to X23(i , j) be 

the coefficients of subband III at a corresponding location (i , 

j). For every location (i , j) in the test image, we learn X1(i , j) 

to X7(i , j) coefficients of the corresponding location. We then 

search for the HR training image that has the best match with 

the test image by comparing coefficients in the subband 0-II in 

the minimum absolute difference (MAD) sense. For a given 

location (i , j) the best matching HR image is found by using 

the following equation for MAD 

 

 
 

Where, X1(i ,  j), X2(i ,  j)…….X7(i ,  j)are contourlet 

transform coefficients of the test image. X1
(m)

(i , j), X2
(m)

(i , 

j)……..X7(m)(i , j) are contourlet transform coefficients of the 

m
th

 HR traininig image (m=1,2,3.....) for different subbsands. 

 

2.3  Replacing HR Coefficients 

 

In this section, all the 16 corresponding coefficients of 

subband III in the test image are then replaced by the 

corresponding coefficients of the best matching HR training 

image. This completes the learning process. The inverse 

wavelet transform of the learned HR image then gives initial 

HR estimate. The fig 6 illustrates, how the NSCT coefficients 

of the test image are being replaced by the corresponding 

coefficients of the best matching HR image from the training 

database to reconstruct the super resolved image. 

 

 
Fig. 6 Replacing HR coefficients (a) NSCT coefficients of 

best matching HR training image (b) NSCT coefficients of 

bicubic version of LR test image 

 

III. EXPERIMENTAL RESULTS 

In this section, we evaluate the performance of the proposed 

technique to enhance spatial resolution of a low resolution test 

image using a training database consisting of LR and HR 

image pairs. All the experiments are conducted on real world 

images. The test images are of size 64x64 and the super-

resolution is achived for an upsampling factor of 2. The size of 

the super-resolved image is 128x128. Our training database 

consists of 250 sets of images all of real world scenes . Each 

set consist of an LR image and corresponding HR versions. A 

few of the LR training images from the database are selected 

as test images. Thus their true high resolutions are available 

for comparison of the reconstructed images. LR and HR pairs 

of the test images are removed from the database. The 

quantitative comparison of the results is presented using 

structural similarity (SSIM) and peak signal to noise ratio 

(PSNR).The SSIM score of the entire image is computed by 

averaging the SSIM values of the patches across the image[6], 

[7]. Higher values of SSIM and PSNR indicate better 

performance respectively. All the experiments were performed 

on computer having IntelCore i3 processor working at 

2.20GHz and having 4GB RAM. 

 

image LBP NSCT 
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Fig. 7 (a) LR test image of size 64x64 (b)Resultant image 

resolution using LBP.approach (c) Resultant image resolution 

using NSCT .approach 

        TABLE I. RESULTS COMPARISION 

 

LBP NSCT LBP NSCT 

SSIM PSNR 

0.8903 0.8916 66.8145 66.9145 

0.8913 0.9157 64.1476 64.8852 

0.8132 0.8227 55.8971 55.9091 

0.9115 0.934 76.3472 77.9424 

0.8547 0.8684 58.0048 58.2208 

 

V. CONCLUSION 

In this paper, we have presented a new technique for image 

resolution enhancement. We use non-subsampled contourlet 

transform (NSCT) coefficients to learn the missing high 

frequency information of the test image from high resolution 

training images contained in the database. We use LBP coding 

to detect the important features and texture of an image so that 

they can be preserved in the resulting HR image. The 

experimental results show that proposed algorithm 

outperforms the other resolution enhancement techniques. The 

quantitative comparison shows a considerable improvement in 

PSNR and fairly good SSIM scores. The super resolved 

images are better in terms of quantity and appearance because 

local geometric structure information like directional edge 

details and contour like structures are reconstructed well. The 

use of NSCT in the proposed algorithm helps to describe line 

singularities and different directional information more 

accurately. The use of LBP helps in image modeling to 

preserve geometric structures of an image when it is 

reconstructed with higher resolution with a scale factor of 2. 
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