
Vol. 6(20), Apr. 2016, PP. 2913-2921 

 

 
2913 

 

Methods of Image Re-targeting Algorithm Using Markov Random Field 
Seyyed Mohammad Reza Hashemi1*, Mohammad Mahdi Deramgozin2, Mohsen Hajighorbani3  

and Ali Broumandnia4 
1Young Researchers and Elite Club, Qazvin Branch, Islamic Azad University, Qazvin, Iran 

2Department of Electrical, Computer and Information Technology Engineering, Islamic Azad University, 

Qazvin Branch, Qazvin, Iran 
3Department of Computer Engineering, Iran University of Science and Technology, Tehran, Iran 

4Faculty of Computer and Information Technology Engineering, South Tehran Branch, Islamic Azad  

University, Tehran, Iran 
*Corresponding Author's E-mail: smr.hashemi@qiau.ac.ir  

Abstract 
his article offers a new image re-targeting algorithm, focusing on Markov Random Field (MRF) to 
refine energy in image by means of Bayesian formulation. The key idea to this approach is that an 
energy-map is embedded into a MRF model under a Bayesian framework. The likelihood function, 

characterizing the saliency map likelihood at a site, is obtained based on gradient energy. These saliency 
maps are obtained using this likelihood function solely to model the MRF. To refine the importance maps, 
a priori knowledge is introduced. It will be shown that it is possible to build each of the potentials from 
specific PDFs. A simulated annealing algorithm is implemented to find the MAP solution. Eventually the 
experiments’ results, gained from the model in question, was compared to three previous methods, namely 
Seam Carving, , Crop, and Scaling with the performance of the image re-targeting, and the advantages of 
the model as well as the proposed methodology outlined at the end. 
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1. Introduction 
With the development of display devices with different aspect ratios and resolutions, effective image 

or video retargeting techniques are becoming an active research topic and many methods have been 
proposed, such as simple scaling, cropping. Simple scaling samples the whole image uniformly and is 
oblivious to the content of image, hence significant features may be distorted during the sampling process. 
Cropping operator searches for the most important regions according to saliency map and can achieve 
satisfactory results. However, most of these approaches are not appropriate for low-end devices because 
of their high computation. The aim in this paper is to refine image energy using MRF that be salience and 
they don’t appear during select a sequence of pixels in seam carving algorithm; this cause image structures 
does not distort during eliminate seams. Markov Random Fields (MRFs) constitute a powerful tool to 
incorporate spatial local interactions within a global context [2], [3]. As such the article proposes a simple 
methodology to design a Markovian model based on a Bayesian formulation that includes a prior model 
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and a measurement model derived from gradient energy. The methodology proposed has a great flexibility 
and it can be used to account for specific design requirements in MRF applications.  

 

 
Fig. 1: From left to right: main image, cropping, scaling, seam carving, and the present method 

 
The rest of the article is organized as follows: In Section 2 some related work will be described. The 

proposed method will be introduced in Section 3 with Section 4 and 5 showing the analysis as well as 
experimental results respectively, the latter part comparing these results with other existing re-targeting 
operators. Finally, Section 6 will give the article's conclusion. 

 
2. Related Work 

Scaling and cropping have been long used in image editing and re-targeting for which automatic 
methods have been used for conducting [4], [5]. However, these operations face fundamental limitations. 
Scaling keeps uninteresting parts of the image, while distorting structured objects such as faces and man-
made objects when the scaling is non-uniform. A good crop maintains only the interesting parts of the 
image, but not all may fit within the desired output image size. Cropping has been generalized to more 
flexible pixel removal methods. These methods may remove areas of uninteresting content while being 
able to rearrange the image to better show all of the interesting parts. Seam carving [1] fits into this 
category. Using simple low level energy terms, this algorithm iteratively removes pixels. Re-targeted 
images at a range of sizes can be quickly generated. 

Its simplicity, speed and effectiveness have led it to be used as a component of many re-targeting 
methods including [6], [7], [8], [9]. Although most people use seam carving as a complete algorithm, the 
previous work by Hashemi and Boroumandnia extended seam carving to protect objects during re-
targeting better, redefining seams for video re-targeting to achieve improved results [10]. These methods 
also operate by pixel removal, including shift map image editing [11] that optimizes a mapping from pixels 
in the output image to pixels in the input image. For re-targeting they add a label ordering constraint which 
maintains the ordering of pixels in the input image in the output image. In this case, the result can 
equivalently be generated by removing pixels. Shift map image editing without this constraint, and other 

S.M.R Hashemi et al. / Vol. 6(20), Apr. 2016, pp. 2913-2921                                  

http://www.aeuso.org/


 
 

 
2915 

 
International Journal of Mechatronics, Electrical and Computer Technology (IJMEC) 

Universal Scientific Organization, www.aeuso.org 
PISSN: 2411-6173, EISSN: 2305-0543 

algorithms which generate outputs in terms of input pixels, e.g. [12], [7], also owe much of their 
effectiveness to pixel removal. 

However, allowing pixel re-arrangement and duplication gives greater flexibility, which must be 
appropriately constrained. These methods have a number of drawbacks. When approximating scaling 
through down-sampling, these methods suffer the same problem of causing nonuniform scaling of 
structured objects. Also, they may lead to discontinuities in lines and curves in the image, which can be 
very visually disturbing. These issues have motivated other paradigms for re-targeting.  

Non-linear warping/interpolation is used in [19] among others to determine the output image. Pixel 
estimation is used in [14] to minimize a patch-based bidirectional image similarity. The patch match 
algorithm [14] achieves interactive speeds, and allows very effective user interaction to be used to 
preserve lines and structured regions. However, these methods can be complex to implement, and usually 
require the optimization to be re-run from the beginning for each target size. However, despite the 
drawbacks of seam carving, it is still popular in practice due to its simplicity, speed and effectiveness in a 
wide range of images. This makes the article's aim to better understand and improve seam carving, which 
is done through the framework of the visibility map, introduced in the next section. 

 
3. Proposed Method 

Given an input image, the method, proposed in this article, is to use Bayesian framework to estimate 
some feature in the image that are in special shape (eg vertical, horizontal, etc.) and preserve energy of 
that feature and decrease else energy. First the prior distribution is calculated, using potential function 
with different clique. With this distribution the likelihood function can be obtained, as well as a simulated 
annealing algorithm is implemented to find the MAP solution; then by means of seam carving algorithm 
the optimal seam is firstly found and then removed to decrease the image size. 

3.1. Markov Random Fields 
This section presents the basic definitions of Markov random fields, which is a probabilistic model 

defined by local conditional probabilities. Consider a set of sites S = {s1, s2,… sN} in a bi-dimensional space. 
Let X = {Xs, s ∈ S} denote any family of random variables, each with a different state space s. Let V = {V(s), 
s ∈ S} be a neighborhood system for S. In image modeling, a hierarchically ordered sequence of 
neighborhood systems are most commonly used. In the first-order neighborhood system, every pixel has 
four neighbors, as shown in Fig. 2, where x denotes the considered pixel and 1’s denote its neighbors. In 
the second order neighborhood system, there are eight neighbors for each pixel, as shown in Fig. 2, where 
the 1’s and 2’s are its neighbors. The cliques associated with the first- and second-order neighborhood 
systems are shown in Fig. 3. A subset C ∁ S is a clique if every pair of distinct sites in C are neighbors [1]. 
Let C denote the set of cliques. X is a MRF with respect to V if 

 
 
 
 
 

 
For every x ∈ X and si, sj ∈ S. The collection of functions on the right-hand side of (3) is called the local 

characteristic of the MRF and they uniquely determine the field [21] and they are Gibbs functions [1] so 
 

 
 

𝑝𝑝(𝑋𝑋 = 𝑥𝑥) > 0 

𝑝𝑝 �𝑋𝑋𝑆𝑆𝑖𝑖 = 𝑥𝑥𝑠𝑠𝑖𝑖|𝑋𝑋𝑆𝑆𝑗𝑗 = 𝑋𝑋𝑠𝑠𝑗𝑗  ,  𝑠𝑠𝑗𝑗 = 𝑠𝑠𝑖𝑖� = 𝑝𝑝(𝑋𝑋𝑆𝑆𝑖𝑖 = 𝑥𝑥𝑆𝑆𝑖𝑖|𝑋𝑋𝑆𝑆𝑗𝑗 = 𝑥𝑥𝑆𝑆𝑗𝑗 ,𝑆𝑆𝑗𝑗 ∈ 𝑉𝑉(𝑆𝑆𝑖𝑖) 

(1) 

(2) 

𝑝𝑝(𝑋𝑋 = 𝑥𝑥) =
1
𝑍𝑍

exp(−U(x)) (3) 
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Where U is called the energy function: 
 
 
 
 

 
 

 
 

 
Where C = C1 ∪ C2 ∪ C3 ∪ … is the set of cliques and is Vc the clique potential associated with the 

clique c. Thus, the joint probability P(X = x) can be determined by specifying the clique potential functions 
Vc (x). How to choose the forms and parameters of the potential functions for a specific problem is a major 
topic in MRF modeling. In the next section, we will discuss the use of MRF models in energy refinement 
and give some specific forms of potential functions. 

 
3.2. Bayesian framework for refine energy using MRFs 

The Bayesian method is one of the most powerful approaches to the extract feature from image. In this 
paper, the focus is on the extract special image feature issue. Let Y denote the observed image with special 
feature N 

 
 
 

Where X represents the true image. Then, Bayes theorem allows us to obtain the conditional probability 
of the field x given y: 

 
 
 
 
Where p(x) is the prior probability defined by an MRF, p(y=x) is the likelihood function of x for fixed y, and 
p(y) is a constant when y is a given observation. 
 
3.3. The Likelihood PDF 

The process deals with the influence of the measurement on the energy function [18]. Transition 
probabilities give a measure of the probability of a certain observation y, given an outcome of the MRF, X 
= x. The PDF defined has the desired behavior, now, the potentials for the MRF can be extracted, taking 
into account that 

 
 

 
The energy of the MRF due to importance map measures will be: 
 

 
 
 
 
 

𝑝𝑝(𝑥𝑥|𝑦𝑦) =
𝑝𝑝(𝑦𝑦|𝑥𝑥)𝑝𝑝(𝑥𝑥)

𝑝𝑝(𝑦𝑦)
  (7) 

𝑝𝑝(𝑦𝑦|𝑥𝑥) = 1
𝑍𝑍𝑦𝑦

𝑥𝑥�
exp(−U(𝑦𝑦 𝑥𝑥� )) 

𝑈𝑈(𝑥𝑥) = �𝑉𝑉𝑐𝑐(𝑥𝑥) 
(4) 

𝑍𝑍 = �𝑒𝑒𝑥𝑥𝑝𝑝𝑐𝑐(−𝑈𝑈(𝑥𝑥)) 

And 
(5) 

𝑌𝑌=X+N (6) 

(8) 

𝑈𝑈�𝑦𝑦 𝑥𝑥� � = �𝑉𝑉𝑙𝑙
𝑠𝑠𝑖𝑖𝜖𝜖𝑆𝑆

�𝑐𝑐𝑠𝑠𝑖𝑖 −  𝑥𝑥𝑖𝑖� 
 (9) 
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Fig. 2: Neighborhood systems on a lattice of regular sites. 

 

 
Fig. 3: The first (a) and second (b) neighborhood systems and their associated cliques. 

 
3.4. A Priori Knowledge 

From the discussion of MRF in the previous section, we can write the above joint prior distribution of 
X in the form of a Gibbs random field. We only consider the cliques of size two. In this case, Eq. 4 can be 
rewritten as 

 
 
 
 
 
 

Where Vv,Vh and Vd correspond to vertical, horizontal and diagonal cliques, respectively. 
 

3.5. The Posterior PDF 

Using the Bayes rule, the posterior distribution will be found: 
 
 
 

 
The MAP estimate is equivalent to the following optimization problem: 

 

𝑈𝑈𝑝𝑝(y) = ∑ 𝑉𝑉𝑐𝑐𝑐𝑐𝜖𝜖𝜖𝜖 (𝑌𝑌𝑖𝑖𝑗𝑗 , i, j𝜖𝜖𝑐𝑐) = ∑ 𝑖𝑖𝑖𝑖𝜖𝜖𝑆𝑆 �𝑉𝑉𝑢𝑢�𝑦𝑦𝑖𝑖𝑗𝑗,𝑦𝑦𝑖𝑖,,𝑗𝑗−1� + 𝑉𝑉𝑢𝑢�𝑦𝑦𝑖𝑖𝑗𝑗,𝑦𝑦𝑖𝑖,𝑗𝑗+1�+ 𝑉𝑉ℎ�𝑦𝑦𝑖𝑖𝑗𝑗 ,𝑦𝑦𝑖𝑖+1,𝑗𝑗�+
𝑉𝑉ℎ�𝑦𝑦𝑖𝑖𝑗𝑗 ,𝑦𝑦𝑖𝑖−1,𝑗𝑗�+ 𝑉𝑉𝑑𝑑�𝑦𝑦𝑖𝑖𝑗𝑗,𝑦𝑦𝑖𝑖−1,𝑗𝑗−1�+ 𝑉𝑉𝑑𝑑�𝑦𝑦𝑖𝑖𝑗𝑗,𝑦𝑦𝑖𝑖−1,𝑗𝑗+1�+ 𝑉𝑉𝑑𝑑�𝑦𝑦𝑖𝑖𝑗𝑗,𝑦𝑦𝑖𝑖+1,𝑗𝑗+1�+
𝑉𝑉𝑑𝑑(𝑦𝑦𝑖𝑖𝑗𝑗,𝑦𝑦𝑖𝑖+1,𝑗𝑗−1)� 

(10) 

𝑝𝑝�𝑥𝑥 𝑦𝑦� � ∝ 𝑝𝑝(𝑥𝑥)𝑝𝑝�𝑦𝑦 𝑥𝑥� � (11) 
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We can use the PDF function [22] 

 
 
 
 

 

For prior and likelihood function, where _ is a positive scaling parameter, which affects the 
performance of our approach to control degree of smoothness. From the above discussion, the prior and 
likelihood probability can be written. Simulated annealing is adopted to find the global minimum of the 
posterior energy U (xjy). The convergence of this approach has been proved in Ref. [2]. 

 
 
 
 

Where T(t) is temperature during the kth iteration. Numerous applications have demonstrated that 
using this logarithmic scheme can reach a suboptimal result within limited iterations [23]. The MAP 
algorithm depends on an annealing schedule, which refer to the slow decrease of a parameter T that 
corresponds to temperature in the physical system. As T decrease, samples from the posterior distribution 
are forced forward the minimal energy configuration; these correspond to model of distribution. This 
paper employs this logarithmic scheme to optimize the simple MRF model and generate extraction results. 

 
Fig. 4: Match key between main image and re-targeted image using SIFT method 

 
3.6. Seam Carving Review 

Avidan and Shamir [1] define a vertical (horizontal) seem to be an 8-connected path of low energy 
pixels in the image from top to bottom (left to right) containing one, and only one, pixel in each row 
(column) of the image. Thus, removing a vertical (horizontal) seam reduces the width (height) by one pixel. 
Finding the globally minimum energy seam, which removes the least salient content, is posed as a dynamic 
programming optimization problem. The energy maps are computed using the L1-norm of the intensity 
gradient as: 

 
 

𝑦𝑦∗ = 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑎𝑎 𝑈𝑈(𝑥𝑥 𝑦𝑦� ) (12) 

∅(𝑢𝑢) =
−1

1 + �𝑢𝑢 ∆� �2
 (13) 

𝑇𝑇(𝑡𝑡) = 𝜖𝜖
𝑙𝑙𝑙𝑙𝑙𝑙(𝑡𝑡+1), C is a constant, and t≥1 (14) 

𝐸𝐸𝑙𝑙(𝑥𝑥,𝑦𝑦) = �
𝜕𝜕
𝜕𝜕𝑥𝑥

𝐼𝐼(𝑥𝑥,𝑦𝑦)� + �
𝜕𝜕
𝜕𝜕𝑦𝑦

I(𝑥𝑥,𝑦𝑦)� (15) 
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Where Eg(x; y) is the resulting importance value of a pixel at column x and row y, and I is the grayscale 
intensity image. For a vertical seam removal, the dynamic programming memorization table entry M(x; y) 
is given as: 

 
 
 
 

 

The globally minimum energy seam is found by backtracking from the minimum value of the last row 
in M to the first row. 

 
4. Image Re-targeting Quality Assessment 

To compare image quality by different re-targeting methods, a method is needed to extract key point 
in two image and match together to identify different between two image. A scale-space matching method 
base in SIFT matching method [17] is designed to facilitate extraction of global geometric structures from 
re-targeted images. Main step of the SIFT method as following: 

 

• Finding the Key Point 
• Finding extreme points in scale space 
• Locating Key Points 
• Orientation Assignment 
• Display the Key Point Description 
• Feature Vector Matching 

 
 
Fig. 5: Left picture is gradient energy and another is MRF energy in seam carving algorithm after calculate energy. It 

can be seen that energy accumulate in side of house and its structure is preserved 
 
 
 
 
 

Fig. 6: Compare image re-targeting method base SIFT matching 
 
 
  

  Seam Carving Scaling Crop   
2999 3108 3093 2792 Found Key Point 
786 679 612 583 Match Key Point 

𝑀𝑀(𝑥𝑥,𝑦𝑦) = 𝐸𝐸𝑙𝑙(𝑥𝑥,𝑦𝑦) + 𝑎𝑎𝑖𝑖𝑎𝑎 �
𝑀𝑀(𝑥𝑥 − 1,𝑦𝑦 − 1)
𝑀𝑀(𝑥𝑥,𝑦𝑦 − 1)
𝑀𝑀(𝑥𝑥 + 1,𝑦𝑦)

 (16) 
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5. Experiments 

The proposed method is implemented with Matlab, testing its performance under Linux 64bit OS 
equipped with Intel Core2 Quad CPU 2.40GHz. In Fig. 5, the results of energy calculation are calculated 
with seam carving method as well as the present method. It can be seen that the latter method calculates 
energy and salience region better. In Fig. 4 key point, extracted from different methods, are compared and 
it is seen that SIFT matching find more match point with respect to method, given in this article. Also Fig. 
6 shows a number of key point that matched with other methods. 
 

Conclusion 
This paper designed an image re-targeting algorithm based on MRF in order to preserve main structure 

of image in seam carving algorithm. To do so it used some type of clique in image and calculate them 
energy with Gibbs functions. Fig. 1 shows the proposed method find better sequence of pixels (seam) in 
the image and after remove it in image, main structure in image will be preserve. 

 

References 
[1] S. Avidan, A. Shamir, Seam carving for content-aware image resizing, ACM Transactions on Graphics 26 (3) (2007) 

267276. 
[2] SMR. Hashemi, S. Mohammadalipour and A. Broumandnia, "Evaluation and classification new algorithms in Image 

Resizing.", International Journal of Mechatronics, Electrical and Computer Technology Vol. 5(18) Special Issue, Dec. 
2015, PP. 2649-2654, ISSN: 2305-0543 

[3] S. Geman and D. Geman, Stochastic relaxation, Gibbs distributions and the bayesian restoration of images, IEEE Trans. 
on Pattern Analysis and Machine Intelligence, vol. 6, no. 6, pp. 721 741, November 1984. 

[4] SMR. Hashemi, M. Kalantari, and M. Zangian, "Giving a New Method for Face Recognition Using Neural Networks.", 
International Journal of Mechatronics, Electrical and Computer Technology Vol. 4(11), A pr, 2014, pp. 744-761, ISSN: 
2305-0543 

[5] S. Z. Li, Markov Random Field Modeling on Image Analysis. Springer-Berlag, 2001. 
[6] Rubinstein, M., Shamir, A., Avidan, S.: Multi-operator media retargeting. SIGGRAPH (2009) 
[7] Simakov, D., Caspi, Y., Shechtman, E., Irani, M.: Summarizing visual data using bidirectional similarity. In: CVPR (2008) 
[8] SMR. Hashemi "A Survey of Visual Attention Models" Ciência e Natura, v. 37 Part 2 2015, p. 297−306 ISSN impressa: 

0100-8307 ISSN on-line: 2179-460X. [12] Rubinstein, M., Shamir, A., Avidan, S.: Improved seam carving for video 
retargeting. In: SIGGRAPH (2008) 

[9] Chen, B., Sen, P.: Video carving. In: Eurographics Short Papers (2008) 
[10] Mansfeld, A., Gehler, P., Van Gool, L., Rother, C.: Scene carving: Scene consistent image retargeting. In: ECCV (2010) 
[11] Zhang, X., Hua, G., Zhang, L., Shum, H.Y.: Interest seam image. In: CVPR (2010) 
[12] Grundmann, M., Kwatra, V., Han, M., Essa, I.: Discontinuous seam carving for video retargeting. In: CVPR (2010) 
[13] Pritch, Y., Kav-Venaki, E., Peleg, S.: Shift-map image editing. In: ICCV (2009) 
[14] SMR. Hashemi, M. Zangian, M. Shakeri, and A. Pak Aghideh" Evaluating and classification of face detector algorithms, 

Applied Mathematics in Engineering, Management and Technology 2 (2), 385-388 
[15] Agarwala, A., Dontcheva, M., Agrawala, M., Drucker, S., Colburn, A., Curless, B., Salesin, D., Cohen, and M.: Interactive 

digital photomontage. In: SIGGRAPH 
[16] Cho, T.S., Butman, M., Avidan, S., Freeman, W.: The patch transform and its applications to image editing. In: CVPR 

(2008) 
[17] Barnes, C., Shechtman, E., Finkelstein, A., Goldman, D. B.: PatchMatch: A randomized correspondence algorithm for 

structural image editing. In: SIGGRAPH (2009) 
[18] SMR. Hashemi, "Review of algorithms changing image size "Cumhuriyet Science Journal "Vol 36, No 3 Special Issue 2015. 
[19] H. Stark and J. W. Woods, Probability, Random Processes and Estimation Theory for Engineers. Prentice-Hall Inc., 1994. 
[20] A. M. Law and W. D. Kelton, Simulation Modeling Analysis, 2nd ed. McGraw-Hill International Editions, 1991. 

S.M.R Hashemi et al. / Vol. 6(20), Apr. 2016, pp. 2913-2921                                                              

http://www.aeuso.org/


 
 

 
2921 

 
International Journal of Mechatronics, Electrical and Computer Technology (IJMEC) 

Universal Scientific Organization, www.aeuso.org 
PISSN: 2411-6173, EISSN: 2305-0543 

[21] D. Lowe, “Distinctive Image Features from Scale percent Invariant Keypoints”, International Journal of Computer Vision, 
vol. 2, no. 60, 2004, pp. 91-110. 

[22] SMR. Hashemi, A.Broumandnia. "A Review of Attention Models in Image Protrusion and Object Detection." The Journal 
of Mathematics and Computer Science, Vol 15, Issue 4 2015, pp 273-283. 

[23] Lorenzo J. Tardon, Isabel Barbancho, Francisco Marquez, “A Markov Random Field Approach to Edge Detection”, IEEE 
MELECON 2006, May 16-19, Benalmdena (Mlaga), Spain 

[24] Kim, J.S., Kim, J.H., Kim, C. S.: Adaptive image and video retargeting technique based on fourier analysis. In: CVPR (2009) 
[25] G. Winkler, Image Analysis, Random Fields and Dynamic Monte Carlo Methods, ser. Applications of Mathematics. 

Springer-Verlag, 1995, vol. 27. 
[26] J. Besag, “Spatial interaction and the statistical analysis of lattice systems”, J. Royal Statistical Society, vol. 34, pp. 192 

236, 1974, Series B. 
[27] SMR. Hashemi, A. Broumandnia, "A New Method for Image Resizing Algorithm via Object Detection." International 

Journal of Mechatronics, Electrical and Computer Technology, Vol 5, Issue 16 2015. 
[28] Qing Lu, Tianzi Jiang, “Pixon-based image denoising with Markov random fields”, Patter Recognition Society 34 (2001) 

2029-2039 
[29] S. Lakshmanan, H. Derin, “Simultaneous parameter estimation and segmentation of Gibbs random fields using simulated 

annealing”, IEEE Trans. Pattern Anal. Mach. Intell. 11(8) (1989) 799-813, (6) (1996) 657-662. 
[30] SMR. Hashemi, M. Zangian, M. Shakeri, and M. Faridpoor, "Survey Article about Image Fuzzy Processing Algorithms." 

The Journal of Mathematics and Computer Science, Vol 13, Issue 1 2014, pp 26-40. 
[31] M. ZANGIAN, SMR. HASHEMI, F. YAGHMAEE, and E. MOSHTAGH "COMPARATIVE EVALUATION OF FACE RECOGNITION 

ALGORITHMS USING AND NONINDIVIDUAL ALGORITHMS, Vol 2, Issue1 2014, pp 16-19. ( Special Online Issue-February 
2014) 

[32] M. Mohammadpour, SMR. Hashemi and A. Broumandnia, "Improve Image Re-targeting Algorithm Using Markov 
Random Field", The second international conference on Pattern Recognition and Image Analysis, 2015. 

S.M.R Hashemi et al. / Vol. 6(20), Apr. 2016, pp. 2913-2921                                               

http://www.aeuso.org/

	Methods of Image Re-targeting Algorithm Using Markov Random Field
	*Corresponding Author's E-mail: smr.hashemi@qiau.ac.ir
	Abstract

