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Abstract 

Traumatic brain injuries are important causes of disability and death. Physicians 

use CT or MRI images to observe the trauma and measure its severity for diagnosis 

and treatment. Due to the overlap of haemorrhage and normal brain tissues, 

segmentation methods sometimes lead to false results. In this paper, we present a 

hybrid method to segment the haemorrhage region in trauma brain CT images. 

Firstly, the images are partitioned to small segments called superpixels and 

supervoxels in 2D and 3D spaces, respectively. Then the haemorrhage 

superpixels/supervoxels are grouped using their average intensity as feature. Finally, 

a distance regularized level-set is used to accurately delineate the exact boundary of 

the haemorrhage region. Evaluation is performed using the Jaccard overlap measure 

of our proposed technique against a modified distance regularized level-set and 

against the manually segmented ground truth. Our results suggest that performing 

level-set after superpixel/supervoxel segmentation provides better segmentation than 

superpixel/supervoxel intensity grouping alone and both these schemes perform 

better than the modified distance regularized level-set evolution method.  

  
Keywords, Traumatic brain injury, brain CT images, superpixel/supervoxel 

segmentation, level-set. 

1 Introduction 

Traumatic brain injuries (TBI) are usually caused by external forces on brain in 

accidents or head strikes and are considered an important cause of disabilities and death. 

TBI can range from subdural haematoma (SDH), epidural haematoma (EDH), intra-

cerebral haemorrhage (ICH), cerebral contusion, diffuse axonal injury (DAI) and 

cerebellar haemorrhage. Medical imaging modalities such as CT are widely used to 

establish severity and diagnosis and decide targeted therapy within early hours of injuries 
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and an accurate and timely decision is imperative for physicians to manage the patient 

more precisely and ensure better prognosis and outcomes. However, manually assessing 

neuro-imaging studies is a time consuming process and in such cases, computerized 

processing techniques are a useful ‘second opinion’ for physicians to measure the size, 

location and extent of traumatic region(s) more succinctly. 

Several methods have been used to segment and quantified the haemorrhage regions in 

brain CT images. Bhaudauria et al [1] proposed combination of Fuzzy C-Means clustering 

and region-based active contour to segment the haemorrhage region. They used clustering 

to find an initial mask and then propagate it to the haemorrhage boundaries using region-

based active contour. Prakash et al. [2] proposed an automatic procedure based on a 

modified distance regularized level set evolution (DRLSE) to segment haemorrhage in 

brain CT images. The method used DRLSE twice with different parameters. Firstly, a 

general intensity mask is defined by a set of DRLSE parameters to localize the 

haemorrhage region rapidly. Then the boundaries are detected in another level-set step by 

choosing the parameters so that the more accurate boundaries are detected. This method is 

sensitive to initial threshold values. Tao [3] developed a method to identify small acute 

intracranial haemorrhage. The probable regions are detected based on left-right asymmetry 

regarding to the vertical asymmetry line.  

Since the intensity values for haemorrhages overlaps with the normal tissues, it causes 

difficulties for segmentation task. The method proposed in [2] results in leakages in 

boundaries in which the normal brain tissue and trauma have very close intensity values. 

Furthermore, global threshold values are different for individual cases, and the user should 

predetermine them. In this paper, we intend to segment the haemorrhage regions using a 

hybrid method consisting of superpixel (SP) /supervoxel (SV) segmentation partitioning, 

grouping and level-set boundary detection. The method has been evaluated in both 2D and 

3D spaces. 3D volume of segmented haemorrhage is calculated and then compared to the 

ground truth.  

The paper is organized as follows. Section 2 describes the steps of the proposed 

method. Section 3 analyses experimental results and simulations. Finally, section 4 

presents conclusion and future work.    

2 Proposed Method 

The proposed method is a hybrid algorithm and consists of three main steps and is 

implemented in two dimensional and three dimensional spaces. The flowchart of the steps 

for the proposed method is shown in Figure 1. 

 

Figure 1: Flowchart of the proposed method in 2D, the 3D implementation is similar. 
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2.1 Brain segmentation 

Scalp and background are easily segmented by thresholding due to their distinct 

Hounsfield Unit values. The soft tissue which contains both brain and traumatic regions 

are segmented using conventional grey-level thresholding. The outcome consists of all 

types of soft tissues such as brain, skin etc. The connected components of the segmented 

regions are extracted and the largest 3D component is considered as brain region. The 

separated brain image is shown in Figure 2-a.  

2.2 Superpixel Segmentation 

We use the simple linear iterative clustering (SLIC) superpixel method proposed in [4] for 

segmentation.  Each slice is gridded to small equal square sections of a user-defined size, 

which are considered as initial superpixels. To perform the process we need the centres of 

each region for further calculations. In the first instance, the geometrical centres of these 

squares are considered as superpixel region centres. Then the locations of the centres are 

updated according to the mean value of the pixel coordinates of each cluster. The distance 

between each pixel in the image to the bounded cluster centres are computed and a label of 

the closest cluster centre is assigned to the target pixel. The distance is calculated by 

defining the intensity difference between the ith pixel and the jth pixel, dc, and location 

distance, ds, with the following formulas: 

    √       
           (1) 

 

    √       
          

         
              (2) 

 

where I is intensity and (x, y, z) are pixel location coordinates in the image. By 

combining the distances and applying a compactness factor, m, we derive the following 

distance measure:  

  √  
  ( 

  

 
)
 

                               (3) 

 
where, m, is the compactness coefficient. A higher value of m results in more compact 

segments and a lower value creates more flexible boundaries. The principles of three-

dimensional supervoxel are similar to 2D segmentation. There are only a few 

modifications in initial gridding and the formulation. For the specific case of brain CT 

images, the intensity distance is the same, because the images are grey-level. Only the z 

direction is added to the location distance, ds.  Figure 2.b shows the superpixel 

segmentation of a CT brain image containing a haemorrhage region. 

2.3 Grouping the Superpixels 

A superpixel feature map is created by calculating the mean intensity of all the pixels 

within each superpixel. Figure 2.c shows an example of the superpixel feature map. Once 

the user selects a point inside the target region, the corresponding intensity feature related 

to its corresponding superpixel is determined. All the superpixels with a value in the range 

of a confidence margin 3, adjacent to the chosen superpixel are selected. The neighbouring 

superpixels are determined using connected components by finding the adjacent labels 

connected to the central superpixel. Finally, these superpixels are grouped together to 

make an initial contour for the next stage of the proposed method. The outcome of 
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superpixel grouping is shown in Figure 2.d. A similar three dimensional approach was 

used in the case of supervoxel implementation. 

2.4 Level-set Segmentation 

The level-set (LS) algorithm tries to move the contour of a zero level set function to the 

image boundaries by minimizing a cost function. Li et al [5] proposed a new approach for 

the level set method which increases the stability and omit the reinitialization and its 

numerical errors. Their method tries to move the initial level set to the boundaries by 

minimizing an energy function: 

                     

where,       is the level-set regularization term, µ is a constant, and         is the 

external energy of the image. 

    The region obtained in the superpixel grouping stage is used as an initial level set 

function for running DRLSE. For noise reduction, a 3x3 median filter is applied on the 

image. This guarantees smoothing without affecting the edges in the image and missing 

any boundary information. The level-set parameters are empirically defined as follows: 

weight of distance regularization term = 0.4, the coefficient of the weighted length term L 

= 0.5, coefficient of the weighted area term A = 0.1, the width of the Dirac delta function = 

1.5, internal iterations = 5, maximum external iteration = 100. The stopping condition for 

the iterations is based on the difference of pixel number between two iterations. Regarding 

to [4] this threshold is empirically defined as 10 pixels.  This step guarantees that the 

boundaries of the superpixel segmentation stick to the haemorrhage region boundaries. 

 

( a ) ( b ) ( c ) ( d ) 

Figure 2: Superpixel segmentation and grouping result: a) brain extracted from original 

image, b) superpixel segmentation result, c) feature map, d) grouping the partitions. 

3 Results 

The implementation is utilised in MATLAB 2013b installed on a PC with Windows 8 

platform. The proposed method has been evaluated on a cohort of seven CT scans 

containing different types of traumatic injuries such as: intra cerebellar, Gyrriform, 

cerebral contusion, and intracranial haemorrhage. The data were acquired on a Toshiba, 

Activion 16, CT scan machine. Each CT slice is stored in DICOM file format, with matrix 

size 512x512, and spatial resolution 0.468x0.468 mm, and slice thickness of 1.0 mm. 

Overall, 398 haemorrhage affected CT slices were examined; analytically the number of 

affected slices for subjects 1 to 7 were: 90, 87, 84, 26, 20, 31, 60, respectively. The ground 

truths for evaluation of the results are manual segmentations by an experienced 
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neurologist. The Jaccard measure is used to evaluate the overlap between the segmentation 

results and the manual ground truth: 

 

   
|   |

|     |
             (4) 

 

where, M and S are the manual and the proposed segmentation masks, respectively.  

The segmentation results for both 2D and 3D procedures are compared with the results 

produced by the modified DRLSE method, superpixel and supervoxel grouping from step 

2.3.  

The compactness coefficient for both 2D and 3D SLIC segmentation is considered 10. 

The resolution for initial superpixels is 10x10 and for the supervoxel volumes is 10x10x5. 

Figure 3a – 3c, shows the boundaries extracted using our hybrid supervoxel combined with 

level-set segmentation (blue line) and manual segmentation (red line). Three-dimensional 

rendering of the proposed method, namely superpixel segmentation followed by level-set, 

is presented in Figure 3d. 

 

Figure 3a – 3c, axial, coronal, and sagittal views respectively. Figure 3d, shows a 3D 

rendering with proposed method and manual overlays.  

 

The mean and standard deviation of Jaccard overlap measure are listed in Table 1 for 

each dataset. The results show that the proposed method improves the accuracy of the 

segmentation comparing to modified DRLSE method. Furthermore, the secondary stage of 

level-set segmentation for both superpixel and supervoxel partitions, increase the accuracy 

in all the datasets.  

4 Conclusion 

A hybrid haemorrhage segmentation and measurement technique is proposed in this paper.   

The method is based on superpixel/supervoxel grouping and subsequent level-set 

segmentation. Subvolume partitions with similar features to the selected region point, that 

are connected together, are grouped as initial volumes and then an accurate boundary is 

a b 

c d 
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determined using level-set method. The results show that the proposed technique offers 

better robustness in older trauma cases were CT HU of the affected intensity values are 

near to those of normal tissues. The segmentation accuracy in the case of small 

haemorrhage regions is not satisfactory; however, we solved this problem by decreasing 

the initial superpixel/supervoxel size. In future works, other measures such as textural 

features of the superpixels/supervoxels will be considered for their groupings. 

 

 

 

Level-set 

Mean ± STD 

Superpixel 

Segmentation  

Mean ± STD 

Supervoxel 

Segmentation  

Mean ± STD 

Superpixel + 

Level-set  

Mean ± STD 

Supervoxel + 

Level-set  

Mean ± STD 

Case 1 
0.6716 ± 
0.1201 

0.8328 ± 
0.0797 

0.7862 ± 
0.1136 

0.8621 ± 
0.0701 

0.8161 ± 
0.1017 

Case 2 
0.3242 ± 

0.2218 

0.7763 ± 

0.0915 

0.7367 ± 

0.1454 

0.8102 ± 

0.0888 

0.7586 ± 

0.1407 

Case 3 
0.4605 ± 

0.2577 

0.7962 ± 

0.1368 

0.7311 ± 

0.2250 

0.8158 ± 

0.1109 

0.7498 ± 

0.2296 

Case 4 
0.6397 ± 
0.3364 

0.7987 ± 
0.0562 

0.6373 ± 
0.1459 

0.8469 ± 
0.0450 

0.6806 ± 
0.1632 

Case 5 
0.5081 ± 

0.1873 

0.8572 ± 

0.0829 

0.8193 ± 

0.0760 

0.8723 ± 

0.0775 

0.8383 ± 

0.0784 

Case 6 
0.4565 ± 

0.1009 

0.6511 ± 

0.0750 

0.6237 ± 

0.1045 

0.6604 ± 

0.0878 

0.6388 ± 

0.1213 

Case 7 
0.5642 ± 
0.1862 

0.7985 ± 
0.0760 

0.7573 ± 
0.0659 

0.7810 ± 
0.1002 

0.7827 ± 
0.0630 

Table 1: Mean and standard deviation of the Jaccard overlap measure. 
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