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Abstract:  This study concern to classify of brain tissues to multiple Sclerosis, White and Grey matter and CSF 

in MR Images, and the features of the classified regions of the whole images as raw data were classified 

furthers using linear discriminate analysis. The classification processes were carried out using Interactive Data 

Language (IDL) program as platform for the generated codes the result of the classification showed that the 

Multiple Sclerosis areas were classified well from the rest of the tissues although it has characteristics mostly 

similar to surrounding tissues. The step wise function selected three features mean, energy and entropy which 

gives a classification accuracy 94.2% for MS the sensitivity was 90.9% and the Specificity was 94.7%. 

While T2 weighted image gives a classification accuracy 93,7 % which is slightly less than T 1 weighted image 

for MS, the sensitivity was 86% which is obviously better in T1 weighted images than T2 and the specificity was 

95,6%. And the flair gives a classification accuracy 93,3% which is slightly less than T 1& T2 weighted images 

for MS, the sensitivity was 89% which is obviously better than T2 weighted images   and the specificity was 

94,7%.These relationships are stored in  a  Texture  Dictionary  that  can  be  later  used  to  automatically  

annotate  new  CT  images  with  theappropriate pancreas area names. 
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I. Introduction 
Magnetic resonance (MR) imaging is the most powerful preclinical tool for diagnosing and monitoring 

over time patients with multiple sclerosis (MS). MR imaging is particularly sensitive to the white matter (WM) 

disease associated with MS because WM changes affect many measurable MR imaging parameters, including 

proton density [1,2], water diffusion [3], T1 and T2 relaxation times [4–6], and cross relaxation [7,8]. Changes 

in these parameters are interpreted as indicators of myelin and axon loss, which may follow the initial 

inflammatory process in MS-induced WM lesions. 

MS lesions exhibit hypersignals in T2 and hypo-signals in T1, with respect to normal white matter 

intensities. Typically, lesions appear smaller in T1 than T2, reflecting their complex internal structure. T1 lesion 

load has already been successfully correlated with the Expanded Disability Status Scale (EDSS) using large sets 

of patients, while there is little evidence of the clinical relevance of T2 lesion load [9]. In any case, an automatic 

segmentation system that generates different quantifiers is useful for diagnosis and clinical trials [10]. 

Conventional magnetic resonance imaging (MRI) techniques, such as T2-weighted (T2-w) and 

gadolinium enhanced T1-weighted (T1-w) sequences, are highly sensitive in detecting MS plaques and can 

provide quantitative assessment of inflammatory activity and lesion load. Although useful in the diagnosis and 

management of MS, conventional imaging has several limitations. Lesions are non-specific, indicating areas of 

inflammation, demyelination, ischemia, edema, cell loss, gliosis MRI-derived metrics have become the most 

important paraclinical tool for diagnosing MS, for understanding the natural history of the disease, and for 

monitoring the efficacy of experimental treatments [11]. 

Multiple sclerosis (MS) is a chronic inflammatory and neurodegenerative disease of the centralnervous 

system characterized by inflammation, demyelination, oligodendrocyte loss, axonal and neuronal degeneration, 

gliosis, and remyelination [12,13]. and the most frequent, non-traumatic, neurological disease capable of 

causing disability in young adults. It is a chronic, persistent inflammatory-demyelinating, and degenerative 

disease of the central nervous system (CNS), characterized pathologically by areas of inflammation, 

demyelination, axonal loss, and gliosis scattered throughout the CNS, often causing motor, sensorial, vision, 

coordination, deambulation, and cognitive impairment [14]. 

In order to improve the accuracy of MRI and support early diagnosis of MS, it is crucial to quantify 

MRI abnormalities and apply image analysis techniques to MRI to capture diagnostically significant image 

features [15,16]. Among various image analysis techniques, texture analysis is useful especially in detecting 

subtle tissue changes and it has the potential to support early diagnosis of MS. In neuroimaging, texture analysis 



Multiple Sclerosis Lesions: Characterization With Texture Analysistechnique Using MR Imaging 

DOI: 10.9790/4861-1002031826                                www.iosrjournals.org                                             19 | Page 

has been used to detect lesions and abnormalities for quantifying contralateral differences in epilepsy [17] and 

hippocampal sclerosis [18], aiding the automatic delineation of cerebellar volumes [19], characterizing spinal 

cord pathology in MS [20] and following up therapeutic response for MS patients [21]. 

Several studies have investigated various MRI characteristics of MS patients. These studies have 

revealed tissue alterations, such as changes in both normal appearing brain tissue and lesions, in magnetization 

transfer ratio (MTR) [22,23]. In addition, abnormal brain iron deposits in the putamen and thalamus have been 

measured as T2 decrease [24-28] or phase development [29,30]. 

 

Texture analysis Technique:First-OrderStatistical: 
First-order texture analysis measure suse theimagehistogram,or pixeloccurrenceprobability,to  

calculatetexture.Themainadvantageofthisapproachisitssimplicitythroughtheuseofstandard 

escriptors(e.g.meanandvariance)tocharacterizethedata(Press,1998). However,thepowerof the approach for 

discriminatingbetween uniquetextures islimited in certain applications because themethoddoesnotconsider 

thespatialrelationship,andcorrelation,betweenpixels.For any surface,orimage,grey-levelsareintherange0≤i≤Ng-

1,whereNgisthetotalnumberofdistinct grey-

levels.IfN(i)isthenumberofpixelswithintensityiandMisthetotalnumberofpixelsin an image, itfollows that the 

histogram, or pixel occurrenceprobability, isgiven by, 

 

 

 

Ingeneral,sevenfeaturescommonly usedtodescribethepropertiesoftheimagehistogram,and   

thereforeimagetexture,arecomputed.Theseare:mean;variance;coarseness;skewness;kurtosis; energy; 

andentropy.These textural features include First order statistics; (coefficient of variation, standerdeviation, 

variance, signal, energy, and entropy).  images were classified the data concerning the brain tissues (Multiple 

Sclerosis, CSF, Bone, white and gray matter) and data entered to SPSS to generatea classification score using 

stepwise linear discriminate analysis; to select the most discriminate features that can be used in the 

classification ofbrain tissues in MR images. 

 

II. Methodology 
Patients: The sample of this study consists of 100 patients62 female and 38 male, and the age ranged from 55 

years   to 80 years old were the mean of ageswas 67.5 years. 

 

MRI Data acquisition: The brain MRI protocol includes 3D T1-weighted, 3D T2-FLAIR, 3D T2-weighted, 

post-single-dose gadolinium-enhanced T1-weighted sequences images of the 100 patients were acquired from a 

1.5-T MR scanner; GE at Modern Medical Center (Khartoum) using a turbo spin echo sequence [TR=5500 ms, 

TE=94 ms, number of excitation (NEX)=3, echo train length=11, matrix=256*224, field of view 

(FOV)=240*210 mm, slice thickness=4 mm and interslice gap=0.4 mm]. 100 regions of interests (ROIs) were 

chosen from MR images of MS patients for MS lesions and WM,GM , CSF and Bone respectively. 

 

III. Results 
The classification showed that the brain areas were classified wellusing T1from the rest of  the  tissues  although  

it  has characteristics mostly similar to surrounding tissue. 
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Fig 1. Scatter plot generated using discriminant analysis function for four classes represents:Multiple Sclerosis, 

CSF, White & Gray matter and bone. 

 

Table1. classification score matrix generated by linear discriminate analysis for the scatter plot using T1 shown 

in Fig 1. with classification accuracy of 94.2% 

Original 

Predicted Group Membership 

Total 
Multiple 

Sclerosis CSF Bone 

White & Grey 

matter 

Multiple Sclerosis 90.9 0.0 0.0 9.1 100.0% 

CSF 0.0 98.5 0.0 1.5 100.0% 

Bone 5.8 2.5 90.0 1.7 100.0% 

White & Grey matter 4.3 0.0 0.0 95.7 100.0% 

 

Sensitivity = 90.9%, Specificity = 94.7%, Accuracy = 94.2% 

 

 
Fig 2.error bar plot for the mean textural features discriminate between the MS,CSF, Bone and White &Gray 

matter clearly. 
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Fig 3.Error bar plot for the energy textural features that discriminate between the MS,CSF ,Bone  and White 

&Gray matter clearly. 

 

 
Fig 4.error bar plot for the entropy textural features that discriminate between the MS,CSF ,Bone  and White 

&Gray matter clearly 

 

The classification showed that the brain areas were classified well using T2 from the  rest  of  the  tissues  

although  it  has characteristics mostly similar to surrounding tissue. 

 

 
Fig 5. Scatter plot generated using discriminant analysis function for four classes represents: Multiple Sclerosis, 

CSF, White & Gray matter and bone. 
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Table 2. classification score matrix generated by linear discriminate analysis for the scatter plot using T2 shown 

in Fig5. with classification accuracy of 93.2% 

 

 

Original 

Predicted Group Membership 

Total MultipleSclerosis CSF Bone 

White & Grey 

matter 

Multiple 

Sclerosis 
86.0 0.0 14.0 0.0 100.0 

CSF 0.0 97.1 2.9 0.0 100.0 

Bone 0.0 3.4 91.4 5.2 100.0 

White & Grey 

matter 
0.0 0.0 1.6 98.4 100.0 

 

Sensitivity = 86%, Specificity = 95.6%, Accuracy   = 93.2% 

Nodular sclerosis = (2.1× mean) + (0.019 × energy) + (-0.207× entropy) –50.6 

CSF = (1.329× mean) + (.054 × energy) + (-0.166× entropy) -9.1 

Bone                 = ( 3.2× mean) +   (-.027× energy) + (- .375× entropy) -37.18 

White and Grey matter = (3.189  × mean) + ( .019 energy) + (-.383 × entropy) -31.43 

 

 
Fig 6.error bar plot for the mean textural features discriminate between the MS,CSF ,BONE  and White &Gray 

matter clearly axial T2 Weighted image 

 

 
Fig 7.error bar plot for the energy textural features discriminate between the MS,CSF ,BONE  and White &Gray 

matter clearly in axial T2 Weighted Images 
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Fig 8.error bar plot for the entropy textural features that discriminate between the MS,CSF ,Bone  and White 

&Gray matter clearly T2 weighted image. 

 

 
Fig9. Scatter plot generated using discriminant analysis function for four classes represents:Multiple Sclerosis, 

CSF, White & Gray matter and bone. 

 

Table3. classification score matrix generated by linear discriminate analysis for the scatter plot using flairshown 

in Fig 9. with classification accuracy of 93.3% 

Original 

 

Predicted Group Membership 

Total 

Multiple 

Sclerosis CSF Bone 

white & Grey 

matter 

Multiple Sclerosis 89.1 0.0 10.9 0.0 100.0 

CSF 0.0 96.2 2.8 .9 100.0 

Bone 0.0 0.0 91.1 8.9 100.0 

white & Grey matter 0.0 0.0 3.1 96.9 100.0 

 

Sensitivity = 89.1%, Specificity =94.7%, Accuracy  = 93.3% 

 

Nodular sclerosis = (2.42× mean) + (0.023 × energy) + (-0.242× entropy) – 56.6 

CSF = (1.45× mean) + (.051 × energy) + (-0.179× entropy) -9.53 

Bone = (3.73× mean) +   (-.031× energy) + (- .435× entropy) -40.37 

White and Grey matter = (3.56  × mean) + ( .006 energy) + (-.426 × entropy) -34.76 
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Fig10.error bar plot for the mean textural features discriminate between the MS,CSF ,BONE  and White &Gray 

matter clearly in axial FLAIR Image 

 

 
Fig 11.error bar plot for the energy textural features discriminate between the MS,CSF ,BONE  and White 

&Gray matter clearly in axial FLAIR Image 

 

 
Fig 12.error bar plot for the entropy textural features discriminate between the MS,CSF ,BONE  and White 

&Gray matter clearly in axial FLAIR Image 
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IV. Discussion 
 This study was intended to characterize multiple sclerosis in MR images using texture analysis first 

order statistic.In T1 images using discriminant analysis function where five features have been entered as input 

variable for four classes represents:Multiple Sclerosis, CSF, White & Gray matter and bone. The step wise 

function selected three features (mean, energy and entropy) which gives a classification accuracy 94.2% for MS 

the sensitivity was 90.9% and the Specificity was 94.7%. 

These means multiple sclerosis can be identify with an excellentprecession and meanly the miss 

classify region attributed to miss identification of region of interest.The mean feature mostly discriminates the 

CSF and Bone from MS and white matter &Gray matterclearly. 

While T2 weighted image gives a classification accuracy 93,7 % which is slightly less than T 1 

weighted image for MS, the sensitivity was 86% which is obviously better in T1 weighted images than T2 and 

the specificity was 95,6%. The mean feature mostly discriminates between the MS,bone and white matter &gray 

matter. The energy textural feature shows poor discrimination because the contrast in T2 weighted image was 

limited.Entropy feature discriminate between MS and CSF clearly better than T1 weighted image where MS 

reveals high randomness. The flair gives a classification accuracy 93,3% which is slightly less than T 1& T2 

weighted images for MS, the sensitivity was 89% which is obviously better than T2 weighted images  and the 

specificity was 94,7%. In this study there were three features extracted from normal and abnormal (multiple 

sclerosis) brain MRI image T1, T2 and Flair. From these features, the three showed significant correlation with 

the predefined classes (multiple sclerosis, bone, CSF and white &grey matter) they include mean, entropy, 

energy, and variance. The classification maps as shown in Fig 1. were generated by usingEuclidian distance, 

where the center of the classes chosen arbitrary from areas represented the classes of interestIn T1 images using 

magnetic resonance. 

 

V. Conclusion 
The classification of brain tissues to multiple Sclerosis, White and Grey matter and CSF in MR Images 

and the features of the classified regions of the whole images as raw data were classified furthers using linear 

discriminate analysis. The classification processes were carried out using Interactive Data Language (IDL) 

program as platform for the generated codes the result of the classification showed that the Multiple Sclerosis 

areas were classified well from the rest of the tissues although it has characteristics mostly similar to 

surrounding tissues. Using Linear discrimination analysis generated a classification function which can be used 

to classify other image into the mention classes as using the following multi regression equation; where the vote 

will be for the class with a higher classification score: 

 

Nodular sclerosis = (3.73× mean) + (-0.054 × energy) + (-0.44 × entropy) - 38.93 

CSF = (1.79× mean) + (.076 × energy) + (-0.217× entropy) -17.317 

Bone = ( 2.96 × mean) +   (-.028× energy) + (- 0.339× entropy) -35.280   

White and Grey matter = (3.16 × mean) + (0.031× energy) + (-.375 × entropy) -35.03  
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