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3 White Matter  

4 Hippocampus 

5
 Electrophysiological 



4 

 

CT

MRI 

PETFMRI

SPECT

MS

MRMS 

MRCT

MRI

CT MS 

MR

 

                                                 
1
 Structural imaging 

2
 Computed Tomography 

3
 Magnetic Resonance Imaging  

4
 Functional imaging  

5
 Positron Emission Tomography  

6
 Functional MRI  

7
 Single Photon Emission Computed Tomography  

8
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9
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10
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1 Slice 

2 Inter-expert variability 
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1 Spatial information 
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1 Supervised 

2 Unsupervised 

3 Data driven methods               

4 Thresholding 

5 Region growing 

6 Artificial Neural Network 

7 Deformable models 

8 Volumetric analysis 

9 Deformable contours 

10 Prior information 

11 Manual segmentation 

12
 Baysed classifier 

13 Labeled maximum likelihood 

14 K-Nearest Neighbor 
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 [.1] يدست يبىذي بخصٍيبر پا ب(، اطلس يٍيبر پا واظر. الف(با يَافلًچارت ريش: 1-2 ضکل 

                                                 
1 Support Vector Machine 

2 fuzzy C-means  

3 Registration step 
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MR 

MS 

MR 

HL
1
 T1, T2, PD  EM

2
+ MRF

3 2001 [31]  

 

 
HL T1, T2, PD  ANN 2002 [29]  

EL
4
 

BH
5
 

HL 

T1c, T2, PD KNN 2006 [32]  

HL T1, T2, PD, FLAIR FCM 2008 [33]  

HL T1, T2, FLAIR FCM 2008 [34]  

HL T1, T2 Regin partitioning 2008 [35]  

HL T1,T2, FLAIR, DTI PCA
6
 2008 [36]  

HL T1, T2, FLAIR EM+GMM
7
 2008 [37]  

HL T1, T2, FLAIR FCM 2010 [38]  

 

EL 

HL 

PD, T2, FLAIR ANN 1993 [39]  

 

HL PD, T2, FLAIR Spatial Clustring 2000 [40]  

HL T1, T2, PD, FLAIR kNN 2005 [41]  

HL PD, T2, FLAIR Parzen window 2006 [42]  

BH T1, T2, PD, FLAIR Parzen windows+MGR
8
 2006 [43]  

HL FLAIR KNN 2008 [44]  

HL T1, T2, FLAIR Bayes 2008 [45]  

HL T1, T2, FLAIR, 

DTI
9
 

AdaBoost 2008 [46]  

BH 

HL 

T1, T2, PD Simulated annealing + MRF 2009 [47]  

HL T1, T2, PD Graph Cuts 2009 [48]  

HL T1, T2, PD, FLAIR SVM+AdaBoost 2009 [49]  

HL T1, T2, FLAIR Parzen windows +HMRF 2013 [50]  

                                                 
1 Hyperintense T2 lesions 

2 Expectation Maximisation 

3 Markov Random Filed 

4 Enhanced lesions 

5 Black holes 

6 Principal Components Analysis 

7 Gaussian Mixture Models 

8 Morphological Greyscale Reconstruction 

9 Diffusion Tensor Imaging 
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بٍ َمراٌ ريش وظارتي بٍ ضيًٌ غير MS ؼاتيضا يبىذبخص يىٍيارائٍ ضذٌ در زماز مقالات  ياخلاصٍ-

 ي.صيؼات تطخيکار رفتٍ ي وًع ضابٍ MRر ي، تصاييطىُاديپ

 نوع ضايعه
MS 

سال  بنديناحيه روش MR تصاوير

 انتشار

 ياستراتژ مرجع

HL T1, T2, PD EM+CGMM
1
 2007 [51]   

HL FLAIR Bayes+ AMM
2
 + MRF 2008 [52]  

HL T1, T2, PD  EM+Mean Shift 2008 [53]  

HL 

 

T1, T2, PD EM 2008 

2011 

[54،55]  

HL T1, T2, FLAIR EM 2008 [56]  
 

HL T2, PD FCM 2000 [57]  

 

  

EL T1, T1c,T2,FLAIR MGR 

 

2007 [58]  

HL T2 FCM 2009 [59]  

 

-

 

                                                 
1 Constrained Gaussian Mixture Models 

2 Adaptive Mixure Model 

3
 Statistical atlas 

4
 Topological atlas 
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1 Expectation Maximization 
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bword://BAB!ALL!,contextual/
bword://BAB!ALL!,contextual/
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MSFLAIR

AMMMRFBayesian

افتٍ از ير ييتغ يا، وسخMSٍؼات يضا يبىذقطؼٍ يي َمکاراوص برا  García-Lorenzo[53در ]

 يبرا Mean Shiftاوذ. از کار گرفتٍبٍ Mean Shiftتم يالگًرَمراٌ با را  EMتم يبر الگًر يريش مبتى

 استفادٌ ضذٌ است. يوًاح يبىذکلاس يبرا EMتم ير ي از الگًريدر تصاي يمحل يذ وًاحيتًل
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6 Low Low High Low Thresholding 

2 Low Low High Low Region growing 

18 Medium High High Medium KNN 

20 Medium Low Medium Medium EM 

4 High High High High MRF & HMRF 

2 High High Very high Medium ANN 

12 Medium High High High SVM 

18 Medium Low medium Medium FCM 

6 Medium Low High Medium Fuzzy connectedness 

4 Medium Low High Medium Deformable contours 
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1 Misclassification 
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3 False Negative 
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5 Rule-based 



 

35 

 

MS

MSMR

  

  

  

  

 

HMRF

HMRF

MS

MS



36 

 

KNNSVM

MSFLAIR



 

 

37 

 

 

 

 

 



38 

 

  

MS

-

.

 MR 

 

MRI 

MR



 

 

39 

 

.

HMRF

(HMM)

-

                                                 
1
 Spatial coherence constraints 

2 Posterior probability 

3 Hidden Markov Models 
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1 Alignment 

2 Ground Truth (GT) 

3 Regid registration 

4 Skull stripping 

5 Brain Extraction Tools 
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1 http://www.mccauslandcenter.sc.edu/mricro/ 
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4 Radio Frequency 
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1 Montreal Neurological Institute 

2 Available from: “www.slicer.org” 

3 Available from: “http://www.fil.ion.ucl.ac.uk/spm/” 

4 Stereotactic 

5 Affine 

http://www.slicer.org/
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1 Biased 
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GMT

FLAIR

 

-:FlAIR 

 

MS

Require: FLAIR sequence as ima. 

Dima= a gray level dilation of ima. 

Eima= a gray level erosion of ima. 

Cima= an empty image of the save size of ima 

for all Voxel, i do 

     if  Dima(i)- ima(i) <= ima(i)-Eima(i) then 

           Cima(i)= Dima(i) 

     else if  ima(i)- Eima(i) <= Dima(i)- ima(i) then 

           Cima(i)= Eima(i) 

     else 

           Cima(i)= ima(i) 

     end if  

end for  

Return Cima, the FLAIR sequence with enhanced contrast. 
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-MSFLAIR

HMRF

 Threshold estimation  

    (FLAIR histogram) 

Tresholding 

 (FLAIR enhanced image) 

µ= Pick value 

σ= Full width at half maximum 

α= 2 

TT=µ+ασ 

WM filled (Yes) CSF (No) Lesions 

Post processing 

(Masking) 

Remove regions between ventricles and minimum size  

Final segmentation 

GM mask 

 *  

FLAIR 
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1 Non-parametric 

2 Euclidean distance 



 

 

73 

 

KNNMS

T1T2

FLAIRMS

MICCAIFLAIR

MSMR

MS

iFV

iI

),,( iii zyx

),,,( iiiii zyxIFV   

i

ii

i

f
f




  

ifiiii

KNN

                                                 
1 Variance scaling 
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1 Post processing 
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SVM

SVM 

SVMMS
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KNNSVM 

SVM
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1 Vapnik 

2 Optimal Separating Hyperplane  

3 Maximum margin 
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Ensample
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 )(),(),( mode)( 321 XhXhXhXC   

C(X)X

-

Bhh ,,1 

                                                 
1 Weak classifier 

2 Majority vote 
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MS

MS

BrainWebMS

MS

MRI

MICCAI

MRIMS

MRMSCHB

UNCT1-wT2-wFLAIR

slice

 

                                                 
1
 Synthetic images 

2 Available at: “http://brainweb.bic.mni.mcgill.ca/brainweb” 

3 Real images 

4
 Available at: “http://www.ia.unc.edu/MSseg” 

5 Children‟s Hospital Boston (CHB( 

6
 University of North Carolina (UNC)  

7 Tesla 

http://brainweb.bic.mni.mcgill.ca/brainweb/
http://www.ia.unc.edu/MSseg
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-

MSCHB

UNCBrainWeb

MS

MS

 

MS

MS

 TPMS

 TNMS

 FPMS

                                                 
1 Total Lesion Load (TTL) 
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 FNMS
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Dice

FNFPTP

TP
DSC
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Dice
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100*)/(( volumereferencevolumeonsegmentativolumereferenceabsDiffVol 
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1 Dice Similarity Coefficient (DSC) 

2 Relative absolute volume difference (Vol Diff) 

3 Average symmetric surface distance (Avg Dist) 
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1 Expert 

2 Specificity 

3 Sensitivity 

4 Positive predictive value(PPV) 
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FLAIRCHBUNC

 

K-fold cross-validation 

 K  

K  K-1 

 K 

 K 

KCross_Validation(CV)

-

-



 

 

87 

 

slice

HMRFKNNSVM

 MS

HMRF

PVPartial Volume 

HMRF

FLAIR 

T1

MICCAI

HMRF-

کٍ بٍ کمک    MSؼات يضا يبىذر مربًط بٍ بخصيه تصاييَمچى 

س يپىج اسلا ي( بٍ ازا3-5َا بذست آمذٌ است، در ضکل )بافت يبىذبذست آمذٌ از بخص يَاماس 

  ص دادٌ ضذٌ است.يوما MSمار ي  بياز مغس 
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SVM

KNN SVM

 1,1: DRf

SVMLIBSVM

C-SVMRBF

بٍ َمراٌ  SVMي  KNN يبىذرا بٍ دي ريش دستٍ MSؼات يضا يبىذٍيج واحي( وتا4-5ضکل )

 دَذ.يم مرجغ وطان يبىذبخص

 

 

  

 

 

 

 

 

 

 

                                                 
1 Gaussian Radial Basis Function 
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-MS MRHMRFKNNSVM 

Merge result SVM KNN HMRF  

All database DSC 

(%) 

Avg Dist 

(mm) 

Vol Diff 

(%) 

DSC 

(%) 

Avg Dist 

(mm) 

Vol Diff 

(%) 

DSC 

(%) 

Avg Dist 

(mm) 

Vol Diff 

(%) 

DSC 

(%) 

Avg Dist 

(mm) 

Vol Diff 

(%) 

80/78  12/5  3/41  21/76  06/5  6/45  92/79  49/2  24/44  16/76  36/9  33/38  CHB _Case01 

52/81  97/1  32/28  71/86  8/1  08/36  26/81  5/2  3/25  85/79  75/1  4/16  CHB _Case02 

48/77  94/1  14/22  45/75  26/7  46/27  70/79  74/1  39/20  51/77  8/1  53/40  CHB _Case03 

92/78  55/4  94/20  67/80  91/3  55/16  31/75  3/2  29/41  56/77  11/5  03/30  CHB _Case04 

86/81  51/3  44/23  26/81  34/3  58/20  45/82  64/3  37/22  45/79  20/4  23/34  CHB _Case05 

78/78  02/6  01/14  41/77  52/3  25/34  54/71  02/4  41/31  75/74  3/3  36/25  CHB _Case06 

42/82  12/7  1/15  12/81  67/2  46/18  20/80  54/3  03/17  51/79  59/3  73/16  CHB _Case07 

83/86  59/2  44/19  56/84  98/1  68/18  35/81  4/3  72/29  20/81  65/2  8/32  CHB _Case08 

26/78  67/3  18/14  28/79  50/3  72/15  02/76  8/4  92/21  69/71  34/6  1/16  CHB _Case09 

38/77  8/8  32/17  44/77  2/6  32/15  34/75  4/5  1/21  78/69  11/3  02/42  CHB _Case10 

44/92  31/4  6/7  81/81  47/2  11/14  21/85  7/5  12/6  53/93  52/1  72/7  UNC _Case01 

06/82  3/5  89/34  8/81  9/3  45/49  91/80  4/6  56/25  34/79  8/8  41/32  UNC _Case02 

36/80  4/6  78/29  12/79  4/8  06/30  01/79  8/7  9/38  7/79  01/7  37/21  UNC _Case03 

53/83  5/4  00/44  14/83  5/3  6/48  8/79  2/5  51/56  12/81  1/2  16/38  UNC _Case04 

34/65  37/41  42/151  6/66  15/24  3/157  06/62  18/32  19/154  3/53  18/41  9/211  UNC _Case05 

32/79  29/5  19/62  95/78  6/11  2/21  5/75  8/5  4/36  3/77  32/10  47/22  UNC _Case06 

48/74  18/20  9/45  23/73  33/22  42/48  03/66  12/23  3/41  22/76  71/4  1/53  UNC _Case07 

13/81  72/7  12/30  4/78  4/10  25/17  36/77  11/15  26/27  9/80  6/2  43/15  UNC _Case08 

66/69  3/16  8/75  02/70  6/15  87/68  55/68  4/11  92/78  99/54  1/35  15/173  UNC _Case09 

97/90  6/6  9/16  32/89  6/9  41/12  12/91  72/1  3/19  7/86  5/2  71/20  UNC _Case10 

03/80  93/7  73/35  13/79  55/7  8/35  43/77  42/7  96/37  5/76  85/7  44/44  Average all 
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MS

MR

Dice

 

- DiceMR

DSC (%)  Number Patient category 

78/77  6 Small lesion load 

69/80  9 Moderate lesion load 

73/81  5 Large lesion load 

UNC

MS
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-MSSTAPLE 

STAPLE UNC database 
PPV Sensitivity Specificity  

9545/0  6092/0  9999/0  UNC_case01 

8741/0  5912/0  9972/0  UNC_case02 

9448/0  4096/0  9995/0  UNC_case03 

9015/0  4638/0  9995/0  UNC_case04 

3175/0  1745/0  9871/0  UNC_case05 

8283/0  4972/0  9937/0  UNC_case06 

4853/0  1 9953/0  UNC_case07 

8537/0  7734/0  9968/0  UNC_case08 

6037/0  8977/0  9879/0  UNC_case09 

8975/0  5999/0  9987/0  UNC_case10 

7661/0 6016/0 9955/0 Average 

-

HMRFKNNSVM

MS

MS

MR

-

MS

SVM
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SVM

MICCAI

MS

-MS 

Time(second) Step 

355 Pre-processing 
68 Feature extraction 

1470 HMRF tissue segmentation 

10 Lesion detection by tissue mask 
672 KNN classification 
72 SVM classification 
8 Merge results 

2655 ( 25/44  min) Total 

  

Dice

MS
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-Dice

بيضر
Dice 

(%) 

تعداد 

 هانمونه

نوع ضايعه 
MS 

سال   بنديروش ناحيه MR تصاوير

 انتشار

 

 مرجع

51   50 HL T1, T2, PD EM+MRF 2001 [31] 

60 29 HL T1, T2, PD ANN 2002 [29] 

80 20 HL T1, T2, PD, 

FLAIR 

KNN 2004 [41] 

78 23 HL T2, PD, FLAIR Parzen windows 2006 [42] 

04/75 20 HL FLAIR Bayes+ AMM + 

MRF 

2008 [52] 

71 10 HL T1, T2, PD Simulated 

annealing+MRF 

2009 [47] 

77 10 HL T1, T2, FLAIR FCM 2010 [38] 

03/80 20 HL T1,T2,FLAIR HMRF+KNN+SVM 

 

ريش  2014

 يُادطىيپ

MS

MICCAI

UNC
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-MSMICCAI

PPV Sensitivity  Specificity Avg Diss 

 (%) 
Vol Diss 

(%) 
 مرجع بنديروش ناحيه

9143/0  4519/0  9970/0  8/7  9/46  KNN [44]  

6942/0  4038/0  9914/0  1/20  6/80  EM [56]  

6004/0  3583/0  9895/0  2/8  5/86  EM+GMM [37]  

5093/0  2893/0  9789/0  2/13  4/133  AdaBoost [46]  

4229/0  2984/0  9476/0  2/22  6/174  Bayes [45]  

7661/0  6016/0  9955/0  93/7  73/35  HMRF+KNN+ 

SVM 

 

ريش 

يُادطىيپ  

KNN

MR

UNC-

case05UNC-case09 FLAIR

PPVSTAPLE
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تًجٍ وطذٌ َا بٍ آن MSَايي کٍ تا کىًن در زميىٍ تطخيص اتًماتي  ضايؼات از جملٍ چالص

 تًان بٍ چىذ مًرد زير اضارٌ کرد: است مي

 MS

 

 MSMR
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-
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Abstract  
 

Multiple sclerosis (MS) is known as a chronic inflammatory disease of the Central 

Nervous System (CNS). In people with MS, immune system damage to the isolating layer of 

myelin around the nerve fibers in the brain, spinal cord and optic nerves that creates lesions 

and CNS atrophy in both Grey Matter (GM) and White Matter (WM) tissue. Magnetic 

Resonance (MR) imaging is one of the most important tools for diagnosis and monitoring of 

disease progression and treatment efficacy in patients with MS. But the detection and 

segmentation of MS lesion in MR images is challenging. Variability in lesion location, size, 

shape and anatomical variability between subjects are some factors that cause accurate 

identification of MS lesions in MR images extremely difficult. So many methods have been 

proposed to automatically segment MS lesions. The approaches have been classified between 

supervised and unsupervised methods. In this research, we try to use the advantages of the 

two approaches, using combination of mentioned methods. 

In this thesis, MS lesions were segmented by three classifiers Hidden Markov Random 

Field (HMRF), K-Nearest Neighbors (KNN) and Support Vector Machine (SVM) separately. 

The first one utilizes a statistical atlas to obtain an initial segmentation of the voxels 

belonging to different tissue classes. Then HMRF algorithm has been applied for segmenting 

of the brain into its different compartments on the T1 and the T2 sequences. From these 

segmentations, a threshold for the FLAIR sequence is automatically computed and 

postprocessing operations select the most plausible lesions in the obtained hyperintense. The 

second one focuses only on the segmentation of lesion and uses KNN and SVM classification. 

These methods use voxel location and signal intensity information for determining the 

probability being a lesion per voxel, thus generating probabilistic segmentation images on 

FLAIR sequence. By applying a threshold on the probabilistic images binary segmentations 

are derived. Finally by combining the results using a majority vote method, we have achieved 

a segmentation fault with the lowest. 

The performance of this algorithm is quantitatively evaluated on 20 MS patients that are 

provided by MS lesion segmentation grand challenge dataset (MICCAI 2008). The average 

value of Dice Coefficient Percentage (DSC) and Positive Predictive Value (PPV) are 

computed by spatially comparing the results of present procedure with expert manual 

segmentation. The values of DSC and PPV for purposed method are equal to 80.03% and 

0.7661 respectively. The results showed acceptable performance for the proposed approach, 

compared to those of previous works. 

 
 

Keywords: 

Multiple Sclerosis (MS), MS Lesion, Magnetic Resonance Imaging (MRI), Segmentation, 

Hidden Markov Random Field (HMRF), K-Nearest Neighbor (KNN), Support Vector 

Machine (SVM). 
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