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ABSTRACT 
 
Diverse image processing techniques are required as preliminary segmentation procedures for 
human brain Magnetic Resonance Imagery (MRI) scan before the brain can be further 
investigated. Apart from morphological, skull stripping technique has dominance in structural 
analysis as most imageries often require a preliminary processing to isolate the brain from non-
brain tissues. However, accuracy of the stripping process vis-a-vis the algorithm employed has 
significant impact on the outcome of the volumetric or structural analysis of the brain structures. 
This paper presents the comparison of available skull stripping algorithms for MR images of the 
brain and quantifies the performances of these algorithms using some commonly employed 
evaluation metrics. Our results depict that the Brain Extraction Algorithm (BEA) of the brain 
stripping algorithms outperform others.  
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1. INTRODUCTION 
 
The application of digital image processing in medicine has increased the scope of diagnosis 
due to better visualization and quantitative analysis. The dawn of digital age has empowered 
medical imaging in such a way that computer based medical image processing techniques have 
gained popularity in the past few decades. The rapid progress witnessed in computerized 
medical image analysis and computer-aided diagnosis has promoted many imaging techniques 
to find application in medical image processing.  
 
Several imaging modalities, such as Computed Tomography (CT), Structural Magnetic 
Resonance Imaging (sMRI or simply MRI), Positron Emission Tomography (PET), Mammography, 
Single Photon Emission Computed Tomography (SPECT), Angiography, Fluoroscopy, functional 
Magnetic Resonance Imaging (fMRI) etc, have been employed for the purpose of viewing the 
human body parts in order to detect, monitor, diagnose and treat medical conditions. Each 
modality reveals different information details about the Region of Interest (ROI) of the body being 
studied or treated.  
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Specifically, the MRI has been used extensively for imaging the human brain. It is a noninvasive 
method, which gives information about the human soft tissue anatomy (Zhang et al, 2014). 
While the other modalities (functional) contain less non-brain tissue, the MRI has substantial 
quantity of non-brain tissues, such as skull, dura, eye balls, nose, skin, muscle, bones, fat, 
sclera, vertebral column, etc., as seen in Fig 1.1. 
 

 
Fig 1.1: MRI of the Human Head in Sagittal Orientation 

Source: radiologyinfo.org 
 
The soft tissue can be characterized by two different relaxation times- T1 and T2. T1 (longitudinal 
relaxation time) is the time constant which determines the rate at which excited protons return 
to equilibrium. It is a measure of the time taken for spinning protons to realign with the external 
magnetic field. T2 (transverse relaxation time) is the time constant which determines the rate 
at which excited protons reach equilibrium or go out of phase with each other. It is a measure 
of the time taken for spinning protons to lose phase coherence among the nuclei spinning 
perpendicular to the main field (Gibson et al, 2017). Fig 1.2(a) and (b) respectively shows the 
T1-weighted image and T2-weighted image format of a human brain on MRI in Axial 
orientation/slice. Because the T2-weighted MRI scan clearly reveals the brain anatomy than T1-
wieghted in neonate and infant, it is considered the preferred image for anatomical 
segmentation (Makropoulos et al, 2018. 
 

           
 
        Fig 1.2(a): T1-weighted         Fig 1.2(b): T2-weighted   Fig 1.2(c): The Skull & Tissue of the Brain 

Source: researchgate.net         Source: researhgate.net           Source: medicalbase.org 

SKULL 

TISSUE 
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As depicted in Fig 1.2(c), the brain is contained in, and protected by, the skull bones of the head 
at the lateral, frontal and dorsal. Anatomically, the brain is contained within the cranium and is 
surrounded by the CerebroSpinal Fluid (CSF). (Kukekov et al, 1999).  
 
1.1  Skull Stripping 
An important preprocessing step, before other processing algorithms are implemented for 
quantitative morphometric analysis on MRI, in medical imagery analysis or neuroimaging is 
skull-stripping, which involves the segmentation of the brain tissue from of the non-cerebral, the 
intra-cranial and extra-cranial tissues due to their homogeneity intensities (Park & Lee, 2009). 
The presence of substantial quantity of the non-brain tissue in MRI scan has been a major 
impediment for cortical/subcortical structures segmentation and analysis techniques. So, 
automated techniques for brain extraction in MRI scan has presented itself as a daunting task, 
most especially, when dealing with MRI scans from  subjects with pathological disorder (Kleesiek 
et al, 2016). More so, automated skull stripping can be challenging because of MRI scan 
inherent problems- noise, intensity standardization, low contrast, indistinct tissue boundary 
(Iglesias et al, 2011). 
 
Skull stripping is one of the most important tasks in medical image analysis and is often the first 
and the most critical step in many clinical applications because the brain images must typically 
be skull stripped in order to segment it into its two composite major structures- Tissue and Skull. 
In brain MRI analysis, skull stripping is commonly used in removal of the skull, the extra-cerebral 
tissues (e.g., scalp and dura) on brain MRI images or measuring and visualizing the brain’s 
anatomical structures. Also, it is good for analyzing brain changes, for delineating pathological 
regions, and for surgical planning and image-guided interventions (Miranda et al, 2013). 
 
1.1.1 Algorithms 
Conventional skull stripping algorithms, developed and optimized for adult T1-weighted MRI 
scans include Statistical Parameter Mapping (SPM), Brain Extraction Algorithm (BEA), Model-
based Level Sets (MLS), Brain Surface Extraction (BSE) and Brain Extraction Tool (BET). 
However, Hwang et al (2019) have classified the techniques employed in skull stripping into 
conventional/classical and deep learning/CNN-based, with their respective algorithms. Detailed 
review of the comprehensive classical techniques is presented in Kalavathi & Prasath (2016). 
Of importance to this work are the prevalent algorithms, such as- BEA, BSE and BET. Prior to 
these algorithms, skull stripping methods have been largely one of the following: Manual, 
Thresholding-with-morphology and Surface-model-based. 
 
Shattuck et al (2001) proposed the Brain Surface Extraction (BSE) algorithm to isolate and 
classify the brain tissue within T1-weighted MRI scan using a combination of anisotropic 
diffusion filtering, edge detection and morphological operations. 
 
Smith (2002) developed the Brain Extraction Tool (BET), a fast, robust and accurate algorithm 
for segmenting the human brain into its brain (tissue) and non-brain (skull) components (skull 
stripping) using deformable surface model. This model yields higher accuracy and/or precise 
skull stripping than the thresholding, morphology and edge. However, BET’s major drawback is 
in its inability to segment the Region of Interest (ROI) in the inferior axial orientation, when the 
centre of gravity of the volume is outside the brain (Hwang et al, 2019).  
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Brain Extraction Algorithms (BEA) have been proposed for T1-weighted and T2-weighted in 2D 
and 3D MRI scan using Low Pass Filter (LPF), Diffusion, Region Labeling, Morphological 
operations and Largest Connected Component (LCC) analysis in the works of Somasundaram & 
Kalaiselvi (2010) and Somasundaram & Kalaiselvi (2011) respectively.    
 
 

 
 

Fig 1.2d: Skull and Tissue Imagery 
 
1.2 Evaluation Metrics 
There are many different types of evaluation metrics available to test algorithms or models, such 
as classification accuracy, logarithmic loss, confusion matrix, sensitivity, specificity and others. 
Metrics can be sensitive to outliers (additional small segmented objects outside the main 
object), class imbalance (size of the segmented object relative to the background), number of 
segmented objects, etc    Sensitivity to particular properties could prevent the discovery of 
particular errors or lead to over- or underestimating them. Sensitivity is the metric that evaluates 
a model’s ability to predict true positives of each available category. This is related to the baseline 
value of the metric, which should ideally be zero when the segmentation is done at random, 
indicating no similarity (Sulaiman et al, 2010), Here, the sensitivity measures the True Positive 
(TP) rate, that is, the percentage of the TPs that are correctly classified as brain tissue. It is 
expressed as: 
 
Sensitivity =              TP 
                                TP + FN                                Eqn 1 
 
Where, FN is False Negative 
 
Specificity is the metric that evaluates a model’s ability to predict true negatives of each available 
category. These metrics apply to any categorical model. In addition, the classification accuracy is 
the ratio of the number of correct predictions to the total number of input samples. Here, the 
specificity measures the True Negative (TN) rate, that is, the percentage of the TNs that are 
correctly classified as non-brain tissue. It expressed as: 
 
Specificity  =            TN 
                              TN + FP                                          Eqn 2 
 
Where, FP is False Positive. 
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This work evaluates the most widely used skull stripping algorithms employed by brain extraction 
techniques, such as Brain Surface Extractor (BSE) and Brain Extraction Tool (BET) on T2-
weighted MRI scans using five (5) evaluation metrics, considered to be specific for comparing 
two segmented images (ground truth and the segmented T2-weigthted) to ascertain how similar 
or otherwise the images evaluated: Hausdorff distance, Mutual information, Jaccard, Intraclass 
correlation coefficient, and Sorensen Dice coefficient. Thus, these metrics are employed to 
evaluate the performance characteristics between the manually segmented (ground truth) and 
automated segmentation (algorithm).  
 
1.3.1 Dice Coefficient  (DSC or DICE) 
The Dice Coefficient, also called the over-lap index, is used to measure how similar two strings 
are in terms of the number of common bigrams (pair of adjacent letters in the string), which is 
defined by: 
   
 
 
 
DSC is the quotient of similarity and ranges between 0 and 1. It can be viewed as a similarity 
measure over sets. The degree of similarity increases as the result tends to 1. It is the most 
used metric in validating medical volume segmentations by direct comparison between 
automated and ground truth segmentations. It is mostly used to report the performance of 
segmentation algorithm, because it gives more weightage to instances where the images agree. 
 
1.3.2 Jaccard Index  
The Jaccard Index (JAC) between two sets is defined as the intersection between them divided 
by their union. It uses pair-counting cardinalities in place of the overlap cardinalities and is the 
one of the most commonly used metrics in semantic segmentation. it uses the pair-counting 
cardinalities in place of the overlap cardinalities, that is:  
 
 
 
 
1.3.3 Intraclass Correlation Coefficient 
The Intraclass Correlation Coefficient (ICC)  is a measure of correlations between pairs of 
observations that do not necessarily have an order, or are not obviously labeled. It is common 
to use the ICC as a measure of conformity among observers. In this paper, it is used as a 
measure of consistency between the two segmentations (ground truth and segmented T2-
weighted image). ICC is expressed as:       
 

                                     
 
Values less than 0.5 are indicative of poor reliability, values between 0.5 and 0.75 indicate 
moderate reliability, values between 0.75 and 0.9 indicate good reliability, and values greater 
than 0.90 indicate excellent reliability. 
 
 
 

Dice Coefficient    =                 2 * |A∩B|                   =                2*TP 
                                     2 * |A∩B| + |B/A| + |A/B|               2 * TP + FP + FN                  Eqn 3 
 

       Jaccard Index    =        |A ∩ B|  =                   |A ∩ B|   
                                              |A υ B|              |A| + |B| - |A ∩ B|                                   Eqn 4 
 

Eqn 5 
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1.3.4 Hausdorff Distance (HD) 
Hausdorff distance is the greatest of all the distances from a point in one set to the closest point 
in the other set. So, it measures the qth quantile of distances instead of the maximum, where q 
is selected depending on the application and the nature of the measured point sets. It results 
gives how far two subsets of a metric space are from each other. This is to ensure that possible 
outliers of the image are excluded. However, the Average Hausdorff Distance (AVD) is the HD 
averaged over all points. The AVD is stable and less sensitive to outliers than the HD. It is 
expressed as: 

                                Eqn 6 
                   
1.3.5 Mutual Information (MI) 
The Mutual Information (MI) between two variables is a measure of the amount of information 
one variable has about the other. MI is the reduction in uncertainty of one variable, given that 
the other is known. It was firstly employed to measure the similarity between images. The MI is 
related to the marginal entropy H(S) and the joint entropy H(S1, S2) between images expressed 
as:  

                     Eqn 7 
 
1.3 Ground Truth (GT) 
A “gold standard” image of a T1 or T2-weighted MRI, obtained from manually segmented brain 
tissue accomplished by a radiologist is usually considered as the “ground truth” and employed 
by researchers to validate their respective automated and semi-automated techniques. The 
ground truth (GT), a T2-weighted MRI scan, depicted in Fig 1.3, employed for our analysis and 
validation was obtained at https://fmrib.ox.ac/primers/intro_ExBox17/IntroBox17.html. For 
the purpose of this research, being a recognition technique, the Ground Truth refers to the 
correct classification of a data set, used for the training and testing in supervised learning 
techniques.  
 

                                                           
                                                             Fig 1.3: Ground Truth    
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The remainder of this paper is organized as follows: Section 2 describes some reported skull 
stripping algorithms in literature while section 3 presents the implementation, validation and 
results. Section 4 concludes the paper.  
 
2. LITERATURE REVIEW 
 
The presence of non-brain tissues in the MRI scan, MRI varying contrast, anatomical variability, 
poor registration etc. has made the process of skull stripping very challenging. However, in 
morphological analysis, brain tissue must be skull stripped precedes further manipulations. 
Several works have been done in this regards, as such, a number skull stripping algorithms have 
been reported in literature- manual, semi-automated and fully automated. Each of the existing 
algorithms has its strengths and weaknesses.    
 
After the successes recorded by the pioneering algorithms, such as BSE and BET (Hahn et al, 
2000; Shattuck et al, 2001; Smith, 2002; Fennema‐Notestine et al, 2006; ),  Zhao & Zhuang 
(2005) developed an automatic skull stripping algorithm called Model-based Level Set (MLS) 
based on active curve to remove the skull and intracranial tissues surrounding the brain.  
 
Hybrid Watershed Algorithm (HWA) proposed by Zhang & Cheng (2010) works by combining the 
watershed techniques and a deformable surface model. Skull stripping using Graph Cuts (GCUT) 
relies on graph theoretic image segmentation techniques to position cuts that serve to isolate 
and remove dura (Sadananthan et al, 2010). 
 
Somasundaram & Kalaiselvi (2010) and Somasundaram & Kalaiselvi (2011) proposed and 
improved on Brain Extraction Algorithm (BEA). Also, in Rizvi et al (2014) proposed a fully 
automatic brain extraction algorithm using diffusion, run length encoding and region labeling for 
skull stripping on T2-weighted axial MR brain images. 
 
3. IMPLEMENTATION, RESULTS AND VALIDATION 
 
The algorithms, BSE, BET and BEA, were implemented using T2-weighted and the outputs 
depicted in the figures below: 
 
3.1.1 BSE   
 

                
Fig 3.1: Un-stripped T2             Fig 3.2: Stripped T2                Fig 3.3: BSE Masked 
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3.1.2 BET 
 

 
                                Fig 3.4: Un-stripped T2 in the three orientations 
 

            
            Fig 3.5: Stripped T2 in the three orientations                         Fig 3.6: BET Masked 
 
3.1.3 BEA 
 

             
     Fig 3.7: Un-stripped T2          Fig 3.8: Stripped T2                         Fig 3.9: BEA Masked 
 
3.2 Validation and Results  
Each of the stripped images are contrasted with the ground truth for the purpose of validation 
using the evaluation metrics. This was accomplished on MATLAB environment. Fig 3.10 depicts 
the MATLAB environment for one of the test. 
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Fig 3.10: MATLAB Environment for validation 
 
The following results was generated from our comparison of Ground Truth, T2-weighted image 
with BSE, BET and BEA using  MATLAB software for the selected evaluation metrics- Dice 
Coefficient, Jaccard, Hausdorff distance, Mutual Information and Intraclass Correlation 
Coefficient. 
 
Table 3.1: Results of Validation 

S/N Image Evaluation Metric GT Vs BSE GT Vs BET GT Vs BEA 
1 Sorensen Dice coefficient 0.89607 0.8944 0.91755 
2 Jaccard 0.81171 0.8090 0.84766 
3 Hausdorff distance 4.69040 4.8990 4.24260 
4 Mutual information 0.60560 0.6019 0.99070 
5 Intraclass correlation coefficient 0.26950 0.2682 0.25340 

 
Guided by Table 3.1, we observe that the BSE, BET and BEA and do not segment exactly the 
same as depicted on the MATLAB software for our results generation, MATLAB have the 
capability to compute the value for each metric used in evaluation. For Dice coefficient (DSC), 
the value is 0.91755 for BEA, making it the best amongst the rest that is closest to 1. For 
Jaccard, the value is 0.84766 for BEA, making it the best amongst the rest that is closest to 1. 
For Hausdorff distance, the value is 4.24260 for BEA, being the smallest, makes it the best 
amongst the rest. For Mutual information, the value is 0.99070 for BEA, making it the best 
amongst the rest. For Intraclass correlation coefficient, the value is 0.25340 for BEA, making it 
the best amongst the rest. Based on this analysis, BEA gives more accuracy and reliability 
compared than the rest.  
 
4. CONCLUSION 
 
This work provides accurate insight to evaluation of skull stripping algorithms using five 
valuation metrics that have been used predominantly. Our results show that BEA is most reliable 
and efficient in skull stripping human brain. It was also observed that out of the five evaluation 
metrics used, Sorensen Dice coefficient has universal acceptability in comparing ground Truth 
with segmented T2-weighted MRI scan.   
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