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Abstract: The key issue facing the machine learning based super-resolution (SR) method is how to 

describe the relationship between the low-resolution (LR) and high-resolution (HR) images. Sparse 

representation techniques have provided effective tools for this task. In classical coupled dictionary 

models, the most important issue is how to train two dictionaries to convert the HR and LR data 

samples to a unified feature subspace. To address this problem, this paper presents novel coupled 

dictionary training approach for SR. In the proposed model, reverse sparse representation constrains 

are employed to train coupled dictionaries to reduce the weaknesses of the SR problem. To avoid the 

alternative iteration and reduce the time complexity, the HR and LR dictionaries are trained in two 

steps. First, the HR dictionary is trained with the traditional single dictionary training algorithm. Next, 

according to the HR dictionary and the HR data set, the reverse sparse representations are prepared to 

generate the LR atoms. Finally, the LR dictionary is generated with reverse sparse representations and 

the LR data set. Experimental results demonstrate that our approach outperforms 7 related 

approaches. 
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1. Introduction 

Super-resolution is a technology that magnifies low-resolution (LR) images into high-resolution 

(HR) image and simultaneously recovers the high frequency details [1]-[3]. Sparse representation is 

a popular tool for many real applications, especially in the image processing area [4]-[6]. In Super-

resolution (SR), sparse representation is used as a tool to describe the relationship between the HR and 

the LR images [7], [8].  

In the sparse representation model, the most important task is to design the dictionary. There are 

two methods to accomplish this task: one is to use a pre-specified linear transformation [9]-[11], and 

the other is to train a dictionary to fit a group of data samples [12]-[14].  

Popular linear transformations, such as the Fourier or wavelet transformation[15], cannot always 

obtain the sparse coefficients for natural images. Therefore, the second strategy is considered a good 
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way to design dictionaries[16]. Engan et al. [17] presented the Method of Optimal Directions (MOD). 

This method updates the dictionary according to the fixed sparse coefficients and updates the sparse 

coefficient according to the fixed dictionary alternately by using the best solution. The Maximum A-

posteriori Probability (MAP) [18] method employs the steepest descending direction to alternately 

update the sparse representation and the dictionary. The above two algorithms do not always 

converge. Aharon et al. [19] proposed the K-singular value decomposition (K-SVD) algorithm. The K-

SVD algorithm updates the dictionary and sparse representation coefficient simultaneously with the 

singular vectors. This property improves the convergence rate. Mairal et al. [20] proposed various 

dictionary training algorithm to fit different tasks. Rubinstein et al. [21] proposed a double sparsity 

sparse representation method to combine the pre-specified linear transformation and the trained 

dictionary. This method can accelerate the dictionary training process. Several online dictionary 

training algorithms were proposed to reduce the memory requirement [20], [22]. 

The SR method based on sparse representation needs to train coupled dictionaries [23]. One 

dictionary corresponds to the LR image and the other corresponds to the HR image. Since the single 

dictionary training area has provided many experiences for this task, many researchers propose 

methods to transform the coupled dictionary training algorithm into the single dictionary training 

algorithm [13], [24]-[27]. Yang et al. [25] proposed a joint learning algorithm, which join the 

corresponding LR and HR data samples into a single data sample and subsequently uses a single 

dictionary training algorithm. The method proposed by Zeyde et al. [28] first trains the LR dictionary 

with a single dictionary training algorithm and later generates the HR dictionary with least-squares 

method. Xu et al. [29] proposed a coupled K-SVD algorithm to alternately update the corresponding HR 

and LR dictionary atoms. Wang [30] proposed a semi-coupled dictionary learning algorithm, which 

trains the LR and HR dictionaries and later trains another matrix to transform the LR sparse 

representation into an HR sparse representation.  

In this work, we also focus on the coupled dictionary training task for SR based on sparse 

representation. To improve the reconstruction ability of the coupled dictionaries, we add two reverse 

sparse representation constraints on Yang's sparse representation model [25]. These constraints 

enforce the requirement that the corresponding dictionary atoms represent the corresponding 

components of the HR and LR patches. The algorithm trains the HR and LR dictionaries in two steps, 

which avoids alternate optimization among many variables. The reverse sparse representations bridge 

the HR and LR dictionaries, which reduces the weaknesses of the SR problem. Experimental results 

demonstrate the effectiveness and efficiency of the algorithm. 

The remainder of this paper is organized as follows. Section 2 presents the proposed RSR algorithm. 

Section 3 provides the experimental results. Next, the Section 4 presents the study’s conclusions. 

2. Reverse Sparse Representation Algorithm 

2.1. SR Model Based on Sparse Representation 

Single image SR aims to reconstruct an HR image as close as possible to the original HR image. Since 

the local patches redundantly repeat themselves in natural images, the sparse representation model 

operates on the local patches. 

The sparse representation model is based on the following assumptions: 
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(1) The LR patches 
1{ }N

i iX x and HR patches { }i  N

i 1Y y can be sparse represented by two

dictionaries 
lx m nRD and 


hy m nRD , where N is the number of patches, n is the number of the 

dictionary atoms, and lm and hm are the column numbers of the LR and HR dictionaries.



  

  

 

 

 

 

 

 

Journal of Computers

1248 Volume 13, Number 11, November 2018

(2) The corresponding LR and HR patches ( , )i ix y  have similar sparse representations. 

The traditional coupled dictionary training model [26] is 

 
i
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                                  (1) 

where iα  is the sparse representation for the i th HR and LR training samples, x

rd and y

rd  are the r th 

dictionary atoms in the HR and LR dictionaries, respectively . 

The sparse representation model assumes that a natural signal is composed of a small group of 

dictionary atoms [31]. 

The traditional model considers the sparse representations of data samples, but does not consider 

the structure of the dictionary atoms. Therefore, we propose a coupled dictionary training model as 

follows: 
2 2 2 2

2 2 2 2
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where  1 2, , , NA α α α and  1 2, , , nB β β β are the sparse representation matrixes. 1T  and 2T  are 

the sparseness constraints. rβ  is the sparse representation corresponding to x

rd  and y

rd  with respect 

to X and Y . 

The model (2) adds two reverse representation constraint items and one sparse constraint item to 

the model (1). 

The motivation to add these constraints is stated below. 

The corresponding HR and LR dictionary atoms should represent the HR and LR version of the same 

image component. To make the representations sufficiently sparse, one atom only supports a small 

space area such that it better approximates the data groups. Therefore, a given atom can be considered 

as a cluster center for a given cluster group. The cluster center only better approximates a small 

number of data samples. When using the whole data set to form a dictionary, every atom can be well 

represented by a small number of data samples. 

There are four variables in the above model: the LR dictionary 
x

D , the HR dictionary 
y

D  and the 

spare representation matrixes  1 2, , , NA α α α  and  1 2, , , nB β β β . The most important issue 

is how to optimum these variables. 

2.2. Details of the Proposed Algorithm 

Fig. 1 illustrates the framework of the proposed algorithm. 

First, we prepare proper training sets. The HR training image H  is selected from the natural images. 

H  is down sampled with a bicubic interpolation to generate the LR training image L . Since the 

bicubic interpolation can recover reliable low frequency and middle frequency information, we up 

sampled the LR training image into the desired size with bicubic interpolation and we denote the up 

sampled image as 0H . We use the first and second order deviances as the features of the LR 

patches[32]. We use four filters 1 [ 1,0,1] f , 
2 1

Tf f , 3 [1,0, 2,0,1] f , 
3 4

Tf f to calculate the 

deviance maps of 0H  and denoted them as 1 2 3 4

0,g 0,g 0,g 0,g, , ,H H H H . The LR training set 
=1{ } N

i iX x  is 

established by dividing these deviance maps into patches and combining the patches in each 



 

 

 

 

Fig. 1. The flowchart of the proposed algorithm. 

 

In model (4), the HR dictionary atom y

rd  is reversely represented by HR training samples Y . Next, 

the reverse sparse representation (1 )r r n β   is used to calculate the LR dictionary atoms. 

Therefore, the model (4) can be separated into two optimization problems 
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coordinate into a vector. The HR training set 
=1{ } N

i iY y is obtained by dividing H into patches and 

subtracting their mean values. The patch size is denoted as q q , the dimension of ix is denoted as 

lm and the dimension of iy is denoted as hm ,
24lm q and 

2hm q .

To obtain an accurate HR dictionary 
y

D , we solve the standard sparse coding dictionary training 

problem
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The next issue is how to estimate the LR dictionary 
x

D that can provide a similar sparse 

representation iα for the LR training sample ix . We use model (4) to calculate the LR dictionary.

2

2

2

2

202

min

. . arg min

1, , 1,2, ,

x
r

x

r r

y

r r

x

r

s t

T r n



 

  

d

z

d Xβ

β d Yz

d z

                                            (4)

The scheme of RSR is summarized in Algorithm 1.



 

 

 

 
Task:  

Estimate the best possible coupled dictionaries 
x

D  and 
y

D  to represent the LR training samples 

 
1

N

i i
x  and HR training samples  

1

N

i i
y  by solving model (2). 

Doing the following steps:  

1: Train the HR dictionary 
y

D  by solving model (3) with K-SVD dictionary training algorithm [19, 34]; 

2: Calculate rβ  according to formula (5) by OMP algorithm[35]; 

3: Obtain the LR dictionary by optimum model (6) 

 

Therefore, the HR image Y  and the LR image X  have the similar sparse representation matrix. If 

we neglect the filtering effect of the HR image, the LR patch can be considered as the down sampled 

version of the HR patch, as shown in Fig. 2. Suppose we have a proper HR dictionary 
y

D  via the 

traditional single dictionary training algorithm. The next task is to calculate a reliable LR dictionary 
x

D  according to 
y

D . We consider the given LR patch as the projection of the corresponding HR patch 

in the low dimensional space. Suppose 1x  and 2x  are the projections of 1y  and 2y  in the low 

dimensional space and HR atom y

rd  is spanned by 1y  and 2y , the LR atom x

rd   is obviously spanned 

by  1x   and 2x . For the SR problem, it is an under-determined problem to calculate HR features 

according to LR features, but reversely it is an over-determined problem to calculate LR features 

according to HR features. Therefore, it is more reliable to calculate the LR information according to the 

HR information. The alternate optimization among many variables is avoided. Therefore, the 

computational complexity is also reduced. 

 
Fig. 2. Explanation of the proposed algorithm. 
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2.3. Analysis of the Proposed Algorithm

Suppose iα̂ is the estimated value of iα , and 
ˆ

rβ is the estimated value of rβ . It is easy to find that 

ˆyY D A , ˆy D YB and ˆx D XB according to formula (3)-(4), where  1 2 N
ˆ ˆ ˆ ˆ, , ,A α α α and 

1 2 n
ˆ ˆ ˆˆ , , , 

 
B β β β .

The traditional warp-blur model [33] supposes the LR image X is related to the HR image Y by 

X SEY , where E describes such phenomena as the blur degradation by optical blur, motion blur, 

and sensor point spread function (PSF). S is the down sampling matrix. The observation noise is 

neglected.

ˆ ˆ ˆ ˆˆ ˆy x    X SEY SED A SEYBA XBA D A

Algorithm 1



3. Experiments 

In this section, we will first introduce the experimental settings, and compare our algorithm with 7 

state-of-the-art algorithms. Next, we will discuss two influential factors for the proposed algorithm, i.e., 

the patch size and the dictionary size. We also discuss the effect of the post-processing procedures. 

Finally, we will show the time complexity of the proposed algorithm. 

3.1. Experimental Setting 

In our experiments, we magnify the input LR image both by the factors of 3 and 4. We collected 

100,000 coupled patches as the external training database from the software package about the 

literature[25]. Fig. 3 shows several training images. The color training images are transformed into 

gray images. We only use the patches which contain the texture information and the smooth patches 

are discarded. 

 

 
Fig. 3. Training images. 

 

Fig. 4 shows some LR test images. The test images are transformed from RGB color space to YCbCr 

color space. Y is the luminance component, and Cb and Cr are the chrominance components. Since the 

human visual system is more sensitive to the luminance component than the chrominance 

components[36], we only reconstruct the luminance component with the proposed algorithm. The 

chrominance components are reconstructed by bicubic interpolation. To further enhance the quality of 

the SR results, the non-local means (NLM) regularization [37] is applied to the output of the 

abovementioned approach. 

 

 
Fig. 4. Test images. From left to right and top to bottom, they are “Woman”, “Lena”, “Horse”, “Child”, 

“Face”, “Koala”, “Starfish”, “Flower”, “Castle”, and “Lama”. 
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3.2. Comparison with Other Methods 

 

Table 1. PSNRs, SSIMs and FSIMs for the Reconstructed Images by Different Methods (3x). In Each 
Table Cell, the First Line is PSNR Value, the Second Line is SSIM Value, and the Third Line is FSIM Value 

Methods BI Glasner NE Yang SAI ANR IPR Proposed 

Woman 

29.384 30.562 30.261 31.087 30.141 30.471 29.805 31.260 

0.8949 0.9095 0.8984 0.9199 0.9043 0.9131 0.8997 0.9262 

0.8993 0.9206 0.9105 0.9285 0.9151 0.9189 0.9055 0.9291 

Lena 

31.411 32.155 32.195 32.595 32.082 32.102 31.698 32.710 

0.8252 0.8433 0.8402 0.8509 0.8409 0.8497 0.8837 0.8612 

0.9707 0.9835 0.9832 0.9844 0.9826 0.9746 0.9750 0.9850 

Horse 

33.543 33.783 34.123 34.967 34.291 34.027 33.798 35.053 

0.9065 0.9111 0.9116 0.9249 0.9162 0.9228 0.9106 0.9329 

0.9247 0.9326 0.9340 0.9440 0.9373 0.9380 0.9300 0.9476 

Child 

32.899 33.261 33.125 33.611 33.336 32.631 33.065 33.913 

0.8001 0.8169 0.8133 0.8242 0.8183 0.8452 0.8090 0.8362 

0.8881 0.9113 0.9077 0.9145 0.9138 0.9089 0.8986 0.9209 

Face 

33.939 34.578 34.322 35.139 34.674 34.313 34.052 35.536 

0.9042 0.9165 0.9122 0.9225 0.9169 0.9015 0.9104 0.9332 

0.9808 0.9899 0.9891 0.9914 0.9893 0.9817 0.9850 0.9915 

Koala 

30.466 31.160 31.081 31.530 30.994 31.030 30.781 31.913 

0.8186 0.8450 0.8400 0.8551 0.8416 0.8431 0.8338 0.8717 

0.8797 0.9055 0.9019 0.9123 0.9048 0.9037 0.8338 0.9196 

Starfish 
28.102 28.691 28.678 29.055 28.733 28.423 28.369 31.346 

0.8126 0.8359 0.8319 0.8464 0.8365 0.8383 0.8263 0.9050 
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We compare our algorithm with 7 existing algorithms, including: Bicubic Interpolation(BI) [38],

Neighbor Embedding (NE) [39], Glasner's method [40], Soft-decision adaptive interpolation (SAI) [41], 

Yang's method [25], Anchored Neighborhood Regression (ANR) [42] and In Place Regression (IPR)

[43]. To make a fair comparison, we use the same training set for all these methods. We compare the 

peak signal-to-noise ratio (PSNR), structural similarity (SSIM) [44], and feature similarity (FSIM) [45]

of the reconstructed HR images in Table 1 and Table 2. PSNR, SSIM and FSIM are all quantitative 

evaluations of the images. When the peak intensity value of the image is determined to be 255, the 

PSNR is only related to the squared intensity differences of the reconstructed and the original HR 

images. Many references have demonstrated that it is not very well matched to perceived visual quality

[44]. Therefore, the SSIM and the FSIM are proposed to solve the problem. SSIM evaluates the 

perceived change in structural information, and the FSIM evaluates the consistency of the features 

extracted by the Fourier waves. Table 1 and Table 2 show that the RSR method performs better than 

the other methods.

We use Fig. 5 – Fig. 12 to show the SR results for some of the test images with different methods. BI

[38] generates overly smooth results. NE [39] loses certain details and also suffers from a high time 

cost for finding neighbors for each image patch. Glasner's method [40] provides sharp edges, but 

introduces noticeable visual artifacts. Yang's method [25], ANR [42] and IPR [43], cannot effectively 

reconstruct some details. In comparison, our algorithm is able to recover more textural details as well 

as sharper edges , and it introduces fewer artifacts than the other methods.



0.8828 0.8999 0.8949 0.9071 0.9008 0.8988 0.8915 0.9396 

Flower 

30.144 30.669 30.613 30.992 30.602 30.410 30.304 29.543 

0.8710 0.8853 0.8774 0.8938 0.8827 0.8842 0.8776 0.8653 

0.9140 0.9281 0.9217 0.9331 0.9282 0.9247 0.9196 0.9168 

Castle 

26.211 26.534 26.554 26.710 26.442 26.948 26.349 27.202 

0.7984 0.8145 0.8127 0.8215 0.8113 0.8288 0.8076 0.8428 

0.8513 0.8676 0.8650 0.8702 0.8644 0.8727 0.8578 0.8877 

Lama 

36.015 36.901 36.723 37.712 36.789 37.365 36.423 37.666 

0.9457 0.9516 0.9473 0.9585 0.9515 0.9577 0.9490 0.9633 

0.9464 0.9549 0.9511 0.9613 0.9544 0.9590 0.9508 0.9648 

Avg. 

31.211 31.829 31.768 32.340 31.808 31.732 31.464 32.434 

0.8577 0.8730 0.8685 0.8818 0.8720 0.8818 0.8708 0.8898 

0.9138 0.9294 0.9259 0.9348 0.9291 0.9281 0.9207 0.9380 

 

Table 2. PSNRs, SSIMs and FSIMs for the Reconstructed Images by Different Methods (4x). In Each 
Table Cell, the First Line is PSNR Value, the Second Line is SSIM Value, and the Third Line is FSIM Value 

Methods BI Glasner NE Yang SAI ANR IPR Proposed 

Woman 

27.425 27.009 28.166 28.739 28.139 28.151 27.819 28.928 

0.8494 0.8405 0.8462 0.8718 0.8587 0.8711 0.8553 0.8881 

0.8615 0.8752 0.8678 0.8878 0.8765 0.8822 0.8683 0.8965 

Lena 

29.915 29.934 30.438 30.815 30.367 30.752 30.231 31.036 

0.7815 0.7807 0.7892 0.8040 0.7931 0.8020 0.7894 0.8204 

0.9442 0.9466 0.9608 0.9632 0.9569 0.9625 0.9521 0.9664 

Horse 

31.545 31.751 32.043 32.686 32.156 32.429 31.915 33.032 

0.8653 0.8668 0.8668 0.8843 0.8742 0.8902 0.8714 0.9001 

0.8917 0.8976 0.9018 0.9129 0.9070 0.9139 0.8999 0.9224 

Child 

31.651 31.675 31.792 32.102 32.006 32.247 31.844 32.646 

0.7551 0.7580 0.7620 0.7618 0.7705 0.7763 0.7631 0.7947 

0.8502 0.8603 0.8746 0.8811 0.8805 0.8802 0.8638 0.8891 

Face 

31.825 31.919 32.310 32.789 32.588 33.024 32.116 33.455 

0.8577 0.8583 0.8665 0.8650 0.8746 0.8815 0.8634 0.8978 

0.9530 0.9584 0.9706 0.9714 0.9668 0.9732 0.9604 0.9766 

Koala 

28.824 28.961 29.279 29.595 29.211 29.410 29.063 30.070 

0.7479 0.7528 0.7636 0.7699 0.7669 0.7772 0.7589 0.8093 

0.8273 0.8366 0.8543 0.8640 0.8575 0.8608 0.8393 0.8764 

Starfish 

26.486 26.567 26.960 27.144 26.969 26.856 26.769 27.758 

0.7391 0.7418 0.7566 0.7606 0.7635 0.7724 0.7530 0.8031 

0.8370 0.8493 0.8521 0.8628 0.8588 0.8598 0.8479 0.8791 

Flower 

28.832 28.877 29.111 29.422 29.179 29.452 29.045 29.836 

0.8263 0.8257 0.8247 0.8447 0.8357 0.8439 0.8324 0.8660 

0.8837 0.8838 0.8858 0.9004 0.8973 0.8954 0.8884 0.9138 

Castle 

25.260 26.339 25.518 25.594 25.399 26.316 25.376 26.081 

0.7539 0.7947 0.7636 0.7720 0.7632 0.7921 0.7609 0.7993 

0.8132 0.8329 0.8293 0.8342 0.8301 0.8439 0.8217 0.8563 
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Lama 

33.948 34.088 34.429 35.057 34.574 33.996 34.187 35.527 

0.9153 0.9149 0.9153 0.9284 0.9223 0.9270 0.9171 0.9406 

0.9181 0.9211 0.9241 0.9355 0.9291 0.9308 0.9212 0.9442 

Avg. 

29.5711 29.712 30.005 30.394 30.059 30.263 29.837 30.837 

0.8092 0.8134 0.8155 0.8263 0.8223 0.8334 0.8165 0.8519 

0.8780 0.8862 0.8921 0.9013 0.8961 0.9003 0.8863 0.9121 

 

 
Fig. 5. Visual comparison of the “Flower” images (3x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) 

ANR. (g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.). 

 

 
Fig. 6. Visual comparison of the “Flower” images (4x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) 

ANR. (g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.). 
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Fig. 7. Visual comparison of the “Horse” images (3x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) ANR. 

(g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.). 

 

 
Fig. 8. Visual comparison of the “Horse” images (4x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) ANR. 

(g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.). 
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Fig. 9. Visual comparison of the “Castle” images (3x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) ANR. 

(g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.). 

 

 
Fig. 10. Visual comparison of the “Castle” images (4x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) 

ANR. (g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.). 
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To substantiate the above assessment, it is observed that the pistil of the flower recovered by other 

methods lacks details. In contrast, RSR recovers the pistil more precisely than other methods. RSR also 

recovers correct spot shapes on the horseshoe and the window shapes on the castle without undesired 

artifacts. The textures on the starfish are clearer than those that results from other methods. It is clear 

that the SR results of RSR are more competitive than the other methods. 

3.3. Effects of the Patch Size and Overlap 

Experimentally, we find that the SR results of RSR are highly correlated with the patch size. To 

obtain the optimal patch size, we trained 4 groups of dictionaries corresponding to different patch 

sizes: 3 3 , 5 5 , 7 7  and 9 9 . We apply them to the same test images for comparison. The results 

are evaluated in PSNR and SSIM. To avoid the influence of the post-processing procedure, these results 
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Fig. 11. Visual comparison of the “Starfish” images (3x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) 

ANR. (g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.).

Fig. 12. Visual comparison of the “Starfish” images (4x). (a)BI. (b) Glasner. (c) NE. (d)SAI. (e) Yang. (f) 

ANR. (g) IPR. (g) Proposed RSR. (i) Ground truth. (Refer to the electrical version and zoom in for better 

comparison.).



are all outputs without NLM. 
 

 
Fig. 13. Average PSNR and SSIM values for different patch sizes and overlaps. (a)PSNR values. (b)SSIM 

values. The blue bars correspond to the 3x magnification. The red bars correspond to the 4x 

magnification. 

 

Fig. 13 shows the average PSNR and SSIM values with different patch sizes and overlaps. We can see 

that the 5 5  with 3 pixels overlapped obtains the best PSNR and SSIM values both for the 3x and 4x 

magnifications. 
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Fig. 14 shows the visual observations of different patch sizes. We can see that the smaller patch size 

recovers more details, but the number of artifacts also increase. Larger patch size introduces fewer

artifacts, but the results are smoother.

Fig. 14. Visual comparison of “Woman” images with different patch sizes (4x). (a)3×3 with 1 pixel 

overlapped. (b)5×5 with 3 pixels overlapped. (c)7×7 with 5 pixels overlapped. (c)9×9 with 5 pixels 

overlapped.

3.4. Effects of Dictionary Size

The dictionary size greatly affects the results and the time costs of the proposed algorithm. Since the 

dimension of LR feature is 100 for the patch size 5 5 , the size of the over complete dictionary should 

be more than 100 for reliable learning.  For a fair comparison, these results are all outputs without 

NLM. The sparseness constraints 1T is set to be / 4n and 2T is set to be / 30N . Table 4 and 5 show 

the PSNR and SSIM values and the time costs of different dictionary sizes. We can see that the PSNR 

and SSIM values and time costs all increase with the increasing of dictionary size. When the dictionary 

size is larger than 256, the quality evaluations improve only slightly, however, the time costs increase 

greatly. Therefore, we select 256 in our experiments. After we determine the size of the dictionary, we 

determine the best sparseness. We tested / 8n , / 4n and / 2n to choose the best 1T . We tested



 

3.5. Effectiveness of the Post-Processing Procedure 

To further improve the quality of the output images, we employ several post-processing procedures. 

The non-local means (NLM) [37] regularization is based on the prior that the local image patches 

redundantly repeat themselves in different places in the same scale. The similar patches found from 

different locations are considered to be multiple observations of the target patch. The search radius 

greatly affects the result of the NLM. Table 6 shows the PSNR, SSIM and FSIM values of different 

searching radiuses. It is obvious that the post-processing procedure can suppress the artifacts and 

preserve the sharp edges. Fig. 15 compares the visual quality before and after the NLM enhancement. 

As shown, the NLM can effectively improve the quality of the output HR image. Since more reliable 

neighbors can be found in a larger area, the NLM obtains higher PSNR, SSIM and FSIM values with a 

larger search radius. However, a large search radius leads to high time costs. For a 321 481  

dimensional image, the search radius of 15 pixels costs approximately 110s, the search radius of 30 

pixels costs approximately 850s, and the search radius of 60 pixels costs approximately 41.2 10 s. 
 

Table 4. PSNRs, SSIMs and Time Costs Values with Different Dictionary Sizes (3x) 

Dictionary Sizes 128 256 384 512 

Woman 30.142 30.232 30.301 30.338 

 0.9051 0.9063 0.9076 0.9083 

 208.7 246.6 341.2 392.3 

Flower 30.483 30.516 30.536 30.562 

 0.8798 0.8807 0.8814 0.8821 

 211.3 251.1 346.5 409.6 

Lama 36.730 36.792 36.853 36.886 

 0.9517 0.9523 0.9527 0.9530 

 209.5 248.1 343.9 416.2 

 

Table 5. PSNRs, SSIMs and Time Costs Values with Different Dictionary Sizes (4x) 

Dictionary Sizes 128 256 384 512 

Woman 27.897 27.967 28.011 28.047 

 0.8578 0.8593 0.8605 0.8611 

 197.7 235.2 332.2 373.6 

Flower 29.001 29.051 29.059 29.062 

 0.8315 0.8329 0.8336 0.8335 

 201.4 238.8 334.3 375.7 

Lama 34.296 34.373 34.417 34.444 

 0.9195 0.9204 0.9209 0.9211 

 198.5 236.5 331.6 369.7 

Journal of Computers

1259 Volume 13, Number 11, November 2018

/10N , / 20N , / 30N , / 40N to choose the best 2T . We find the best sparseness values are 1 64T 

and 1 3333T  when the magnification factor is 3. The best values are 1 128T  and 2 3333T  when 

the magnification factor is 4. It is difficult to determine the best dictionary size and the sparseness at 

the same time. Therefore, we keep the sparseness when choosing the best dictionary size and 

subsequently keep the dictionary size when choosing the best sparseness. This method can only obtain 

the suboptimum parameters.



 

Fig. 15. Visual comparison of the “Flower” image by different search radius (4x) (a)Without NLM. 

(b)Search radius is 15. (c)Search radius is 30. (d)Search radius is 60.  

 

Table 6. PSNRs, SSIMs and FSIMs for Different Search Radius in NLM 

Search radius No NLM 15 30 60 No NLM 15 30 60 

Horse 

34.303 34.644 34.934 35.053 32.269 32.717 32.930 33.032 

0.9160 0.9283 0.9315 0.9329 0.8786 0.8949 0.8986 0.9001 

0.9344 0.9440 0.9465 0.9476 0.9068 0.9190 0.9215 0.9224 

Lena 

31.980 32.381 32.437 32.710 30.481 30.814 30.822 31.036 

0.8360 0.8558 0.8584 0.8612 0.7961 0.8148 0.8172 0.8204 

0.9774 0.9822 0.9828 0.9850 0.9559 0.9631 0.9640 0.9664 

Kaola 

30.981 31.595 31.797 31.913 29.303 26.872 29.968 30.070 

0.8350 0.8638 0.8690 0.8717 0.7706 0.8013 0.8055 0.8093 

0.8944 0.9141 0.9176 0.9196 0.8516 0.8715 0.8744 0.8764 

Starfish 

28.578 29.223 29.436 29.543 26.959 27.516 27.667 27.758 

0.8290 0.8571 0.8625 0.8653 0.7642 0.7939 0.8979 0.8031 

0.8947 0.9115 0.9151 0.9168 0.8557 0.8738 0.8757 0.8791 

Lama 

36.817 37.274 37.533 37.666 34.660 35.182 35.374 35.527 

0.9524 0.9601 0.9623 0.9633 0.9239 0.9536 0.9388 0.9406 

0.9536 0.9623 0.9640 0.9648 0.9296 0.9416 0.9433 0.9442 

Avg. 

32.532 33.023 33.227 33.377 30.734 30.620 31.352 31.485 

0.8737 0.8930 0.8967 0.8989 0.8267 0.8517 0.8716 0.8547 

0.9309 0.9428 0.9452 0.9468 0.8999 0.9138 0.9158 0.9177 

 

3.6. Time Consumption of Dictionary Training 

According to the literature [19], the HR dictionary training procedure for the first step needs 

 1O m NT nth  flops, where t  is the iteration number. The reverse sparse representations for each 

atom can be found in  2O m NTh  flops. The procedure to generate the LR dictionary requires 

 1O m T nl  flops. Therefore, the proposed dictionary training algorithm requires 

 1 2 1O m NT nt m NT n m T nh h l   flops. To compare the time consumption of the RSR and the joint 
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learning algorithm [25], we do experiments on a PC running 8 cores of AMD FX-8150 CPU. The 

cores all iterate 10 times.  The time costs of training dictionaries of different dictionary sizes n  are 

shown in Table 7, which demonstrates that the proposed dictionary training algorithm is more 

efficient than the joint learning algorithm. 

 

Table 7. Comparison of Processing Time of Coupled Dictionary Training by Different Dictionary Size (s) 

Dictionary Sizes 128 256 512 

Yang 1915 2989 3686 

Proposed 171 366 1010 

 

4. Conclusions 

In this paper, we propose a coupled dictionary training method for a single image super-resolution. 

We train the HR dictionary first with traditional single dictionary training algorithm. Next, we generate 

the LR dictionary with a reverse dictionary training algorithm. Finally, an NLM based enhancement is 

applied to further improve the quality of the output HR image. The experimental results demonstrate 

that the proposed algorithm obtains a better reconstruction performance than 7 related works and has 

low time cost. However, there are still unrecovered details on the SR results. In our future research, we 

will attempt to find nonlinear relationships between the LR and HR features and try to recover more 

details by using nonlinear methods. The strategy of reverse sparse representation is a good choice to 

provide transformation tools for the machine learning communication known as "machine community" 

which focuses on describing two related situations (such as illumination change and contrast change). 
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