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Image segmentation is the process of partitioning the image into regions of interest in order to provide a meaningful representation of information. Nowadays, segmentation has become a necessity in many practical medical imaging methods as locating tumors and diseases. Hidden Markov Random Field model is one of several techniques used in image segmentation. It provides an elegant way to model the segmentation process. This modeling leads to the minimization of an objective function. Conjugate Gradient algorithm (CG) is one of the best known optimization techniques. This paper proposes the use of the nonlinear Conjugate Gradient algorithm (CG) for image segmentation, in combination with the Hidden Markov Random Field modelization. Since derivatives are not available for this expression, finite differences are used in the CG algorithm to approximate the first derivative. The approach is evaluated using a number of publicly available images, where ground truth is known. The Dice Coefficient is used as an objective criterion to measure the quality of segmentation. The results show that the proposed CG approach compares favorably with other variants of Hidden Markov Random Field segmentation algorithms.

Introduction

Automatic segmentation of medical images has become a crucial task due to the huge amount of data produced by imaging devices. Many popular tools as FSL [START_REF] Zhang | Segmentation of brain MR images through a hidden Markov random field model and the expectation-maximization algorithm[END_REF] and Freesurfer [START_REF] Fischl | [END_REF] are dedicated to this aim. There are several techniques to achieve the segmentation. We can broadly classify them into thresholding methods [START_REF] Kumar | Skull stripping and automatic segmentation of brain MRI using seed growth and threshold techniques[END_REF][START_REF] Natarajan | Tumor detection using threshold operation in MRI brain images[END_REF][START_REF] Zhao | Automatic threshold level set model applied on MRI image segmentation of brain tissue[END_REF], clustering methods [START_REF] Pham | Current methods in medical image segmentation 1[END_REF][START_REF] Wu | An optimal graph theoretic approach to data clustering: Theory and its application to image segmentation[END_REF][START_REF] Chuang | Fuzzy c-means clustering with spatial information for image segmentation[END_REF], edge detection methods [START_REF] Perona | Scale-space and edge detection using anisotropic diffusion[END_REF][START_REF] Senthilkumaran | Edge detection techniques for image segmentation-a survey of soft computing approaches[END_REF][START_REF] Canny | A computational approach to edge detection[END_REF], region-growing methods [START_REF] Lin | Multispectral MR images segmentation based on fuzzy knowledge and modified seeded region growing[END_REF][START_REF] Roura | Marga: multispectral adaptive region growing algorithm for brain extraction on axial MRI[END_REF], watersheds methods [START_REF] Benson | Brain tumor extraction from MRI brain images using marker based watershed algorithm[END_REF][START_REF] Masoumi | Automatic liver segmentation in MRI images using an iterative watershed algorithm and artificial neural network[END_REF], model-based methods [START_REF] Chan | Active contours without edges. Image processing[END_REF][START_REF] Ho | Level-set evolution with region competition: automatic 3-D segmentation of brain tumors[END_REF][START_REF] Mcinerney | Deformable models in medical image analysis: a survey[END_REF][START_REF] Wang | Segmentation of neonatal brain MR images using patch-driven level sets[END_REF] and Hidden Markov Random Field methods [START_REF] Zhang | Segmentation of brain MR images through a hidden Markov random field model and the expectation-maximization algorithm[END_REF][START_REF] Held | Markov random field segmentation of brain MR images[END_REF][START_REF] Panjwani | Markov random field models for unsupervised segmentation of textured color images[END_REF][START_REF] Guerrout | Hidden Markov random field model and BFGS algorithm for brain image segmentation[END_REF][START_REF] Guerrout | Hidden Markov random fields and swarm particles: a winning combination in image segmentation[END_REF][START_REF] Ait-Aoudia | Medical image segmentation using particle swarm optimization[END_REF][START_REF] Guerrout | Hidden Markov random field model and BFGS algorithm for brain image segmentation[END_REF][START_REF] Guerrout | Medical image segmentation on a cluster of PCs using Markov random fields[END_REF][START_REF] Guerrout | Medical image segmentation using hidden Markov random field a distributed approach[END_REF][START_REF] Guerrout | Hidden Markov random field model and Broyden-Fletcher-Goldfarb-Shanno algorithm for brain image segmentation[END_REF]. Threshold-based methods are the simplest ones that require only one pass through the pixels. They begin with the creation of an image histogram. Then, thresholds are used to separate the different image classes. For example, to segment an image into two classes, foreground and background, one threshold is necessary. The disadvantage of threshold-based techniques is the sensitivity to noise. Region-based methods assemble neighboring pixels of the image in non-overlapping regions according to some homogeneity criterion (gray level, color, texture, shape and model). We distinguish two categories, region-growing methods and split-merge methods. They are effective when the neighboring pixels within one region have similar characteristics. In model-based segmentation, a model is built for a specific anatomic structure by incorporating prior information on shape, location and orientation. The presence of noise degrades the segmentation quality. Therefore, noise removal phase is generally an essential prior. Hidden Markov Random Field (HMRF) [START_REF] Geman | Stochastic relaxation, Gibbs distributions, and the bayesian restoration of images[END_REF] provides an elegant way to model the segmentation problem. It is based on the MAP (Maximum A Posteriori) criterion [START_REF] Wyatt | MAP MRF joint segmentation and registration of medical images[END_REF]. MAP estimation leads to the minimization of an objective function [START_REF] Szeliski | A comparative study of energy minimization methods for Markov random fields with smoothness-based priors[END_REF]. Therefore, optimization techniques are necessary to compute a solution. Conjugate Gradient algorithm [START_REF] Møller | A scaled conjugate gradient algorithm for fast supervised learning[END_REF][START_REF] Powell | Restart procedures for the conjugate gradient method[END_REF][START_REF] Shewchuk | An introduction to the conjugate gradient method without the agonizing pain[END_REF] is one of the most popular optimization methods.

This paper presents an unsupervised segmentation method based on the combination of Hidden Markov Random Field model and Conjugate Gradient algorithm. This method referred to as HMRF-CG, does not require preprocessing, feature extraction, training and learning. Brain MR image segmentation has attracted a particular attention in medical imaging. Thus, our tests focus on BrainWeb3 [START_REF] Cocosco | Brainweb: Online interface to a 3D MRI simulated brain database[END_REF] and IBSR4 images where the ground truth is known. Segmentation quality is evaluated using Dice Coefficient (DC) [START_REF] Dice | Measures of the amount of ecologic association between species[END_REF] criterion. DC measures how much the segmentation result is close to the ground truth. This paper is organized as follows. We begin by introducing the concept of Hidden Markov Field in section 2. Section 3 is devoted to the well known Conjugate Gradient algorithm. Section 4 is dedicated to the experimental results and section 5 concludes the paper.

Hidden Markov Random Field (HMRF)

Let S = {s 1 , s 2 , . . . , s M } be the sites, pixels or positions set. Both image to segment and segmented image are formed of M sites. Each site s ∈ S has a neighborhood set V s (S) (see an example in Figure 1).

A neighborhood system V (S) has the following properties:

∀s ∈ S, s / ∈ V s (S) ∀{s, t} ∈ S, s ∈ V t (S) ⇔ t ∈ V s (S) (1) 
A r-order neighborhood system V r (S) is defined by the following formula: where distance(s, t) is the Euclidean distance between pixels s and t. This distance depends only on the pixel position i.e., it is not related to the pixel value (see examples in Figure 2). For volumetric data sets, as slices acquired by scanners, a 3D neighborhood system is used. A clique c is a subset of S where all sites are neighbors to each other. For a non single-site clique, we have:

V r s (S) = {t ∈ S| distance(s, t) 2 ≤ r ∧ s = t} (2) 
1 1 s 1 1 (a) V 1 s (S) 2 2 2 2 s 2 2 2 2 (b) V 2 s (S)
∀{s, t} ∈ c, s = t ⇒ (t ∈ V s (S) ∧ s ∈ V t (S)) (3) 
A p-order clique noted C p contains p sites i.e. p is the cardinal of the clique (see an example in Figure 3). x . Figure 4 shows an example of segmentation into three classes.

The image to segment

The segmented image Fig. 4. An example of segmentation using FSL tool.

The segmentation of the image y consists of looking for a realization x of X. HMRF models this problem by maximizing the probability P

[X = x | Y = y]. x * = arg x∈Ωx max {P [X = x | Y = y]} (4)      P [X = x|Y = y] = A exp (-Ψ (x, y)) Ψ (x, y) = s∈S ln(σ xs ) + (ys-µx s ) 2 2σ 2 xs + B T c2={s,t} (1 -2δ(x s , x t )) A is a positive constant
where B is a constant, T is a control parameter called temperature, δ is a Kronecker's delta and µ xs , σ xs are respectively the mean and standard deviation of the class x s . When B > 0, the most likely segmentation corresponds to the constitution of large homogeneous regions. The size of these regions is controlled by the B value.

Maximizing the probability P

[X = x | Y = y] is equivalent to minimizing the function Ψ (x, y). x * = arg x∈Ωx min {Ψ (x, y)} (5) 
The computation of the exact segmentation x * is practically impossible [START_REF] Geman | Stochastic relaxation, Gibbs distributions, and the bayesian restoration of images[END_REF]. Therefore optimization techniques are necessary to compute an approximate solution x.

Let µ = (µ 1 , . . . , µ j , . . . , µ K ) be the means and σ = (σ 1 , . . . , σ j , . . . , σ K ) be the standard deviations of the K classes in the segmented image x = (x 1 , . . . , x s , . . . , x

M ) i.e.,        µ j = 1 |Sj | s∈Sj y s σ j = 1 |Sj | s∈Sj (y s -µ j ) 2 S j = {s | x s = j} (6)
In our approach, we will minimize Ψ (µ) defined below instead of minimizing Ψ (x, y). We can always compute x through µ by classifying y s into the nearest mean µ j i.e., x s = j if the nearest mean to y s is µ j . Thus instead of looking for x * , we look for µ * . The configuration set of µ is

Ω µ = [0 . . . 255] K .        µ * = arg µ∈Ωµ min {Ψ (µ)} Ψ (µ) = K j=1 f (µ j ) f (µ j ) = s∈Sj [ln(σ j ) + (ys-µj ) 2 2σ 2 j ] + B T c2={s,t} (1 -2δ(x s , x t )) (7) 
where S j , µ j and σ j are defined in the equation [START_REF] Chan | Active contours without edges. Image processing[END_REF].

To apply unconstrained optimization techniques, we redefine the function Ψ (µ) for µ ∈ R K instead of µ ∈ [0 . . . 255] K as recommended by [START_REF] Boyd | Convex optimization[END_REF]. Therefore, the new function Ψ (µ) becomes as follows:

Ψ (µ) = K j=1 F (µ j ) where µ j ∈ R (8) 
F (µ j ) =      f (0) -u j * 10 3 if µ j < 0 f (µ j ) if µ j ∈ [0 . . . 255] f (255) + (u j -255) * 10 3 if µ j > 255 (9)

Hidden Markov Random Field and Conjugate Gradient algorithm (HMRF-CG)

To solve the minimization problem expressed in equation 7, we used the nonlinear conjugate gradient method. This latter generalizes the conjugate gradient method to nonlinear optimization. The summary of the algorithm is set out below. Let µ 0 be the initial point and d 0 = -Ψ (µ 0 ) be the first direction search.

Calculate the step size α k that minimizes ϕ k (α). It is found by ensuring that the gradient is orthogonal to the search direction d k .

ϕ k (α) = Ψ (µ k + αd k ) ( 10 
)
At the iteration k + 1, calculate µ k+1 as follows:

µ k+1 = µ k + α k d k (11) 
Calculate the residual or the steepest direction:

r k+1 = -Ψ (µ k+1 ) (12) 
Calculate the search direction d k+1 as follows:

d k+1 = r k+1 + β k+1 d k (13) 
In conjugate gradient method there are many variants to compute β k+1 , for example:

1. The Fletcher-Reeves conjugate gradient method:

β k+1 = r k+1 T r k+1 (r k ) T r k (14) 
2. The Polak-Ribière conjugate gradient method:

β k+1 = max r k+1 T r k+1 -r k (r k ) T r k , 0 (15) 
To use conjugate gradient algorithm, we need the first derivative Ψ (µ)) = (∆ 1 , . . . , ∆ i , . . . , ∆ K ). Since no mathematical expression is available, it is approximated with finite differences [START_REF] Eberly | Derivative approximation by finite differences[END_REF]. In our tests, we have used a centered difference approximation to compute the first derivative as follows:

∆ i = Ψ (µ 1 , . . . , µ i + ε, . . . , µ n ) -Ψ (µ 1 , . . . , µ i -ε, . . . , µ n ) 2ε (16) 
The good approximation of the first derivative relies on the choice of the value of the parameter ε. Through the tests conducted, we have selected 0.01 as the best value. In practice, the application is implemented in the cross-platform Qt creator (C++) under Linux system. We have used the GNU Scientific Library implementation of Polak-Ribière conjugate gradient method [START_REF] Polak | Note sur la convergence de méthodes de directions conjuguées[END_REF][START_REF] Grippo | A globally convergent version of the Polak-Ribière conjugate gradient method[END_REF]. The HMRF-CG method is summarized hereafter.

Input: y the image to segment, K the number of classes, B the constant parameter of HMRF, T the control parameter of HMRF, µ 0 the initial point, ε the parameter used by the first derivative.

Initialization:

we define s as the minimizer structure of gsl multimin fdfminimizer type and we initialize it by: K the size problem, Ψ the function to minimize using the equation 8, Ψ the first derivative of the function to minimize using the equation 16, µ 0 the start point, gsl multimin fdfminimizer conjugate pr (Polak-Ribière conjugate gradient) the minimizer function.

Iterations: we perform one iteration to update the state of the minimizer using the function gsl multimin fdfminimizer iterate(s) and after that, we test s for convergence.

The stopping criterion: in our case, the minimization procedure should stop when the norm of the gradient ( Ψ ) is less than 10 -3 . Output: an approximation μ of µ * ∈ R n , x the segmented image using μ.

Experimental Results

In this section, we show the effectiveness of HMRF-CG method. To this end, we will make a comparison with some methods that are: improved k-means and MRF-ACO-Gossiping [START_REF] Yousefi | Brain tissue segmentation in MR images based on a hybrid of MRF and social algorithms[END_REF]. Next, we will show, the robustness of HMRF-CG method against noise, by doing a comparison with FAST FSL(FMRIBs Automated Segmentation Tool) and LGMM (Local Gaussian Mixture Model) [START_REF] Liu | Image segmentation using a local gmm in a variational framework[END_REF]. To perform a fair and meaningful comparison, we have used a metric known as Dice Coefficient [START_REF] Dice | Measures of the amount of ecologic association between species[END_REF]. Morey et al. [START_REF] Morey | A comparison of automated segmentation and manual tracing for quantifying hippocampal and amygdala volumes[END_REF] used interchangeably Dice coefficient and Percentage volume overlap. This metric is usable only when the ground truth segmentation is known (see section 4.1). The image sets and related parameters are described in section 4.2. Finally, section 4.3 is devoted to the yielded results.

Dice Coefficient metric

Dice Coefficient (DC) measures how much the result is close to the ground truth. Let the resulting class be  and its ground truth be A * . Dice Coefficient is given by the following formula:

DC = 2| Â ∩ A * | | Â ∪ A * | (17) 

The image sets and related parameters

To evaluate the quality of segmentation, we use four volumetric (3D) MR images, one obtained from IBSR (real image) and the others from BrainWeb (simulated images). 

Results

Table 2 shows the mean DC values using IBSR image. The parameters used by HMRF-CG are described in Table 1. The parameters used by the other methods are given in [START_REF] Yousefi | Brain tissue segmentation in MR images based on a hybrid of MRF and social algorithms[END_REF]. Table 3 shows the mean DC values using BrainWeb images. The parameters used by HMRF-CG are described in Table 1. The parameters used by the LGMM method are given in LGMM [START_REF] Liu | Image segmentation using a local gmm in a variational framework[END_REF]. The implementation of LGMM is built upon the segmentation method [START_REF] Ashburner | Unified segmentation[END_REF] of SPM 8 (Statistical Parametric Mapping5 ), which is a well known software for MRI analysis. As reported by [START_REF] Liu | Image segmentation using a local gmm in a variational framework[END_REF], LGMM has better results than SPM 8.

Figure 5 shows a sample of slices to segment obtained from IBSR image, their ground truths and their segmentation using HMRF-CG method.

Figure 6 shows the slices number #95 with different noise and intensity nonuniformity from BrainWeb images and their segmentation using HMRF-CG. 

Discussion and Conclusion

In this paper, we have described a method which combines Hidden Markov Random Field (HMRF) and Conjugate Gradient (GC). The tests have been carried out on samples obtained from IBSR and BrainWeb images, the most commonly used images in the field. For a fair and meaningful comparison of methods, the segmentation quality is measured using the Dice Coefficient metric. The results depend on the choice of parameters. This very sensitive task has been conducted by performing numerous tests. From the results obtained, the HMRF-GC method outperforms the methods tested that are: LGMM, Classical MRF, MRF-ACO-Gossiping and MRF-ACO. Tests permit to find good parameters for HMRF-CG to achieve good segmentation results. To further improve performances a preprocessing step can be added to reduce noise and inhomogeneity using appropriate filters. 

Fig. 1 .

 1 Fig.1. An example of a lattice S, n is the set of sites neighboring s.

Fig. 2 .

 2 Fig.2. First, second, fourth and fifth order neighborhood system of the site s.

Fig. 3 .

 3 Fig.3. Cliques associated to the second order neighborhood system for the site s.

Fig. 5 .

 5 Fig. 5. (a) Slices number, (b) slices to segment from IBSR, (c) ground truth slices, (d) segmented slices using HMRF-CG.

Fig. 6 .

 6 Fig. 6. The slices number #95 of BrainWeb images. (a) Noise and intensity nonuniformity, (b) slices to segment from BrainWeb images, (c) segmented slices using HMRF-CG.

Table 1 .

 1 Related parameters to images used in our tests.

	Three components were considered: GM (Grey Matter), WM (White
	Matter) and CSF (Cerebro Spinal Fluid). IBSR image has the following charac-
	teristics: dimension is 256 × 256 × 63, with voxel=1 × 3 × 1mm and T1-weighted

Table 2 .

 2 Mean DC values (the best results are given in bold type).

	Methods	Dice Coefficient GM WM CSF Mean
	K-means	0.500 0.607 0.06	0.390
	MRF-ACO-Gossiping 0.778 0.827 0.262 0.623
	HMRF-CG	0.859 0.855 0.381 0.698

Table 3 .

 3 Mean DC values (the best results are in bold type).

	Tissue Method	Dice Coefficient BrainWeb1 BrainWeb2 BrainWeb3
	HMRF-CG	0.970	0.945	0.921
	GM	LGMM	0.697	0.905	0.912
	FSL FAST	0.727	0.737	0.735
	HMRF-CG	0.990	0.971	0.954
	WM	LGMM	0.667	0.940	0.951
	FSL FAST	0.877	0.862	0.860
	HMRF-CG	0.961	0.942	0.926
	CSF	LGMM	0.751	0.897	0.893
	FSL FAST	0.635	0.647	0.643
	IBSR 1-24/18				
	IBSR 1-24/34				

http://www.bic.mni.mcgill.ca/brainweb/

https://www.nitrc.org/projects/ibsr

http://www.fil.ion.ucl.ac.uk/spm/software/spm8/