
  

 

Abstract— Traumatic brain injury (TBI) is a major cause of 
disability and death. Speed and accuracy are vital in diagnosing 
TBI for which computer-aided imaging analysis may speedup and 
improve the efficiency of diagnosis and help reduce mortality, 
long-term complications, and the associated costs. However, 
developing such a system is challenging due to some factors such 
as the inherent noise associated with obtaining the images, 
artifacts and quality of the images. An automated system that can 
preliminary identify, localize and quantify the imaging features of 
TBI would be beneficial in guiding real-time clinical diagnosis as 
well as for quality assurance. In this paper we propose an 
automated system to segment the hematoma region from CT 
images. The proposed method first performs denoising and image 
enhancement and then by developing a Gaussian mixture model, 
segmentation is carried out. We show the performance of the 
system by comparing the results with ground truth generated by 
specialists.  

I. INTRODUCTION 

Traumatic brain injury (TBI) is defined as a blow or jolt to 
the head that causes temporary or permanent cerebral 
dysfunction [1]. The total number of traumatic brain injuries 
occur in the United States alone approaches 3.5 million [2]. A 
high rate of neurotrauma has been reported for motor vehicle 
accidents, participation in contact sports and in civilian and 
military populations in war zones. TBI can cause intracranial 
hematoma and local tissue disruption, with potential early 
consequences of brain swelling (edema), and intracranial 
pressure (ICP) elevation, which lead to further local tissue 
damage from hypotension and hypoxaemia. TBI can be 
classified into two main categories; primary injury that happens 
at the time of impact and secondary injury that develops 
following the primary injury [3]. Modern neurosurgical care is 
intended to minimize secondary insults through early detection 
and effective prevention [3–5]. Cerebral edema, ischemia, and 
mass effect from hematoma are in the second group [1].  
Hematoma is present in around 36% of the patients suffering 
from TBI [6].  Hematoma can be classified to epidural, 
subdural, intracerebral, and subarachnoid hematoma based on 

 
* This material is partially based upon work supported by the National 
Science Foundation under Grant No. IIS0758410.  

S. M. R. Soroushmehr, is with the University of Michigan Center for 
Integrative Research in Critical Care (MCIRCC) and the Emergency Medicine 
Department, University of Michigan, Ann Arbor, MI.  

(e-mail: ssoroush@med.umich.edu )  
A. Bafna is with the Electrical Engineering and Computer Science 

Department, University of Michigan, Ann Arbor, MI.  
(e-mail:abafna@umich.edu ) 
S. Schlosser is with the NovoDynamics Inc., Ann Arbor, MI, USA.  
(e-mail: steve@novodynamics.com ) 
K. Ward is with the University of Michigan Center for Integrative Research 

in Critical Care (MCIRCC) and the Emergency Medicine Department, 
University of Michigan, Ann Arbor, MI. (email: kward@med.umich.edu ) 

H. Derksen is with the University of Michigan Center for Integrative 
Research in Critical Care (MCIRCC) and the department of Mathematics, 
University of Michigan, Ann Arbor, Michigan, Ann Arbor, USA.  

(e-mail: hderksen@umich.edu ) 
K. Najarian is with the department of Computational Medicine and 

Bioinformatics as well as University of Michigan Center for Integrative 
Research in Critical Care (MCIRCC) and the Emergency Medicine 
Department, University of Michigan, Ann Arbor, MI.  

(e-mail:kayvan@med.umich.edu ) 

its anatomic location [2]. Prevention and proper treatment of 
these sequelae can reduce the injury morbidity, the risk of 
death, and the cost of care. CT and magnetic resonance imaging 
(MRI) are among image modalities commonly used for TBI 
diagnoses. Although MRI has been proven for its greater 
sensitivity and specificity compared with CT, it is usually used 
at later stages of treatment when more detailed information is 
needed. Moreover, MRI it is not routinely used in mild TBI [7]. 
On the other hand, CT imaging is faster, less costly and can 
reveal severe abnormalities such as fracture and hematomas [5]. 
Also, it plays an important role in allowing rapid TBI 
assessment in the emergency department. Therefore, it is 
employed as the gold standard in the emergency care for the 
diagnosis of intracranial injuries following TBI [8]. For 
instance, the initial assessment and triage of traumatic 
intracranial hematomas is performed using non-contrast CT 
scan following injury [9].  It is also used for epidural and 
subdural hematoma assessment for the patients suffering from 
TBI [6]. Visual examination of these images might be time 
consuming, costly and associated with error specially when a 
large number of images need to be assessed. Computer-aided 
imaging analysis may improve the efficiency of diagnosis and 
help reduce mortality, long-term complications, and the 
associated costs.  

In order to segment the hemorrhage regions, Soltaninejad et 
al. partitioned an image to super-pixels and then applied a level 
set method [10]. In [11], a method proposed for hemorrhage 
segmentation by modifying distance regularized level set 
evolution (DRLSE) algorithm [12] that doesn’t need the 
reinitialization step required typically in level set methods. 
DRLSE is a segmentation method that tries to maintain the 
regularity of the level set function during the level set evolution 
instead of developing irregularities. Li et al. developed a 
supervised learning method to recognize subarachnoid space 
(SAS) [13] using the probability of distance features. In this 
method at first landmarks consisting of brain boundary, 
midsagittal plane (MSP), anterior and posterior intersection 
points of brain boundary with the MSP, and superior point of 
the brain are extracted and then distances between each pixels 
of the CT image and different landmarks are calculated and 
considered as a feature vector. Also, for creating the training 
dataset, the prior probabilities of distances for pixels within 
SAS and non-SAS are calculated using with manually 
delineated SAS from CT images. Another approach towards 
enhancing the hemorrhage area in the brain and hence 
improving the segmentation accuracy is by denoising the image 
proposed in [14] followed by a region growing scheme. In 
order to detect and quantify the hemorrhage between the brain 
spaces an adaptive thresholding scheme and case-based 
reasoning have been developed in [15]. The threshold is 
calculated based on local contrast with different window sizes 
and is utilized to generate candidate regions showing 
hemorrhage. These regions are classified using a case-based 
reasoning approach.  

In this paper we propose an automated segmentation of CT 
brain images of the patients with TBI for detecting hematoma. 
In this method we utilize Gaussian mixture model (GMM) with 
four inputs including a raw CT image and its corresponding 
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enhanced and denoised images. The segmentation is followed 
by a post-processing method in which we use statistical 
properties of the image to remove the segments non-relevant to 
hematoma.  

The rest of the paper is organized as follows. Details of the 
proposed method are presented in Section II. We show the 
performance of the proposed method in Section III and finally 
we conclude the paper in Section IV. 

II. PROPOSED SEGMENTATION METHOD 

The current detection of hematoma is based on visual 
descriptors. The underlying assumption is that the area 
containing a hematoma would have higher average intensity 
than the rest of the brain. However, this is not a sufficient 
assumption for hematoma detection as the boundary or other 
parts of the image, which are not diagnosed as hematoma, 
might have similar pixel values to hematoma. In order to detect 
the hematoma, input images need to be processed. In our 
proposed method we first perform a pre-processing stage and 
then segmentation is carried out using a GMM. After 
segmenting the image we perform post-processing to remove 
false positive such as very small regions and the boundary of 
the image which have similar intensity values as the hematoma 
region. The block diagram of the proposed method is given in 
Figure.1 and the details of the method are described in the 
following.  

A. Pre-processing 

The input image used here is derived from the slice 
selection algorithm (SSA) [ 16] that selects the slices based on 
the area of intracranial and amount of interference from organs 
such as eyes and the nose.  In the first step of the SSA, each 
slice is segmented to bone and none-bone regions and then by 
analyzing the size and number of connected components and 
also the intracranial area, slices are selected.  

 

Figure 1.  Block Diagram of the proposed method. 

The goal of preprocessing is to generate useful features for 
segmentation. Here, we perform three stages as follow: 

1. Linear contrast stretching: This technique enhances the 
high intensity regions and is applied either to the original 
image or the output of the GMS stage, forming one of 
the major inputs to segmentation based on the following 
equation. 

����(�, �) = ���(�, �)�   where 

�(�) = �

0,                                          � < ��

����   ,                                � ≥ ��
����

�� − ��

× (� − ��),              �. �.
 

 

(1) 

In Eq (1), � is the raw input brain CT image or the 
output of GMS. Also, [��, ��] is the range of pixel 
values belonging to the object of interest in image �. 
For example, pixels with the lowest and highest 
intensity values don’t correspond to hematoma regions. 
Therefore, �� can be assigned with a small value higher 
than the minimum pixel value of the image. Likewise, 
�� is set with a high value smaller than the maximum 
pixel value of the image. Also, ����  is the maximum 
desired intensity value assigned to the output image. It 
is assumed that the lowest intensity value in the output 
image is zero. 

2. Gray matter subtraction (GMS):  In this stage the gray 
matter intensity is removed from the image by 
subtracting the maximum intensity level of the histogram 
from the image. The input of this stage is the output of 
the median filter of the raw CT image. The size of the 
window in the median filter is 3 × 3. 

3. Total Variation (TV): CT images usually contains noise. 
Therefore, it is essential that we first reduce the amount 
of noise. The intuitive approach for reducing the noise 
and preserving important information is the TV 
denoising model that minimizes the total variation norms 
which are essentially �� norms of derivatives [17]. In 
this method, denoising is performed by minimizing a 
least square function with total variation regularization 
term. The basic model is the minimization problem 
shown as [17]: 

min�(∫ |∇
�

�|+�||� − �||�
� )  (2) 

where Ω is the image domain, � is the noisy image, � is 
the Lagrange multiplier or the regularization parameter 

and ∫ |∇u|
�

 is called the total variation of �. It is 

assumed that � = � + � where � is a zero-mean 
Gaussian random variable showing the noise. A dual 
formulation of this problem proposed in [18] in which 
the dual energy of the cost function is less nonlinear than 
the primal one. This dual model is solved using a primal-
dual hybrid gradient descent (PDHGD) method [19]. 
This descent-type algorithm alternates between the 
primal and dual formulations and exploits the 
information from both the primal and dual variables. 
Therefore, it is able to converge significantly faster than 
either of them. In this paper we use PDHGD as the 
denoising technique. 

B. Segmentation 

Hematoma detection can be broadly regarded as a 
segmentation problem based on the intensity of the affected 
regions as it occurs in regions with similar intensity values. For 
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the segmentation purpose, we apply Expectation Maximization 
(EM) on a Gaussian Mixture Model (GMM) [18]. Here, we 
define a GMM by taking 4 components of Gaussian density 
with parameters mean, ��, and covariance, ∑�. Then, the 
density of each component is calculated using: 

��(�, ��) =
�

(��)�/�|∑�|�.� ��
�

�
(����)�∑�

��(����), 

�� = {��, ∑�} 
(3) 

The EM algorithm for Gaussian mixtures is defined as follows 
[8]. The algorithm starts from some initial estimates of 
parameter vector � and then iteratively updates them until 
convergence is reached. Each iteration consists of an E-step and 
M-step as described below. 

E-Step: For each data point we compute the membership 
weights corresponding to each mixture component, ���. Note 
that for each data point ��  the membership weights are such 
that  ∑ ��� = 1 � . 

M-Step: Here, the membership weights are used to calculate 
the new parameter values. If we assume that the sum of 
membership weights for the ��� component is �� = ∑ ���

�
���  

then the update mean and covariance matrices are respectively 
given by Eq (4) and Eq (5) as follow.  

 ��
��� =

�

��
∑ ���. ��

�
��� ,  (4) 

∑�
��� =

�

��
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���

��
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Here initialization is done using the K-means algorithm and 
convergence is checked by observing the log-likelihood of the 
data using: 

log (�(�)) = ∑ log (�(��|�))�
���   (6) 

Based on the above formula, segmentation process consists of 
the following steps. 

1. Based on the variance of the image, the GMM is 
applied to segment the pixels into 4 classes 
corresponding to a) bright pixels showing contusions, 
hematomas, etc. b) gray-level pixels showing normal 
tissues, c) white-level pixels showing catheter, etc. and 
d) pixels belong to white-matter regions. Random 
initiations are used and segmentation is iteratively 
carried out till convergence is obtained. 

2. Combinations of inputs including original image, 
denoised image (i.e. output of the Total variation 
method), the result of the linear contrast stretching and 
the output of the GMS stage are used as initial set of 
inputs. In case of non-convergence using the above set 
of inputs, owing to the high level of granular noise, 
another set of inputs such as the above set except for 
the original image is used. If still the GMM does not 
converge after a predefined number of iterations then 
the results are submitted for post-processing. 

C. Post-processing 

Post-processing consists of the following stages: 

1. Intensity Constraint: In this stage, regions with the 
highest average intensity are chosen as hematoma is 
diagnosed in such regions. 

2. Area Constraints: In this stage we perform the 
followings: 

A) Total Area Constraint: Here, it is checked that the 
total area of the highest average intensity region is 
not more than a predefined threshold. This 
condition is checked to reject abnormally bad 
segmentation results. 

B) Micro Area Constraint: Here, we iteratively reduce 
the distinct components identified in the region of 
interest after application of Total Area Constraint. 
We first identify the smallest disjoint component in 
the area of interest and remove the areas less than 
twice its area. Then, we repeat this process 
iteratively till a maximum of �� components are 
left.  

3. Midline Pattern Matching: In this stage, the midline 
that has high intensity value is removed by using a 
simple rectangular template. This is done to exclude the 
midline from being detected as Hematoma. This 
template is constructed by calculating the mass center 
for the cranial area and defining an appropriate 
rectangle around it. 

4. Bright objects removal: In this stage, objects with the 
average intensity higher than a predefined threshold are 
removed using an intensity-cum-size based test on the 
final distinct regions of hematoma. 

5. Edge Removal: The part of the brain being analyzed is 
derived after extracting the skull region around it. In 
this process the edge of the skull is retained which 
might appear as part of hematoma being of higher 
intensity. The following algorithm is used to remove 
the outlier edges. 

 The image gradient directions are calculated for all 
the boundary points of detected hematoma regions. 

 For each point like ‘A’, the gradient direction is 
quantized into 8 angular regions. In each direction, 
the image point at a distance of �� units from ‘A’ is 
checked. 

 If the point also belongs to the hematoma region, 
then ‘A’ is left unchanged. If it doesn’t belong to the 
Hematoma region then the point ‘A’ along with the 
�� points in between are dismembered from the 
desired region. 

III. EXPERIMENTAL RESULTS 

We used axial CT images with 4.5 to 5mm slice thickness 
from 11 patients suffered from traumatic brain injury. The 
images were provided by Virginia Commonwealth Health 
System. The total number of patients and images are 
respectively 70 and 3133 and the resolution of each image is 
512 × 512. Among these patients we found 11 cases with 
hematoma. 

Assuming the image is normalized, we assigned 0.1 and 0.9 
respectively to �� and ��. Also, both �� and �� are set to 5. 
Figure 2 shows the segmentation results for two images from 
different patients. As it can be observed from Figure 2, the 
proposed method is able to detect the hematoma and removes 
the artifacts and skull from the images. Even though there are 
other regions in the images with similar pixel values to the 
hematoma regions, the proposed method identifies those 
regions and doesn’t detect them as hematoma. As instance, in 
Figure 2.b the midline and the small object close to the center 
have similar pixel values to hematoma regions. However, these 
parts are not detected as hematoma in Figure 2.d.  
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 In order to evaluate the accuracy of the proposed 
segmentation method we use sensitivity and specificity defined 
as: 

����������� =
|�⋂�� |

|�⋂�� |�|����|
   (7) 

����������� =
|� − (�⋃��)|

�� − (�⋃��)� + |�� − �|
  

where �� and  � show the segmented area respectively by the 
proposed method and the gold standard (i.e. manual 
segmentation). Also, � shows a set of pixels that belong to 
brain without skull and without background of the slice. The 
values of specificity and sensitivity are respectively 0.982, and 
0.729. 

IV. CONCLUSION 

Traumatic brain injury is a major public health problem with 
a high percentage of fatality rate and tremendous lifetime costs 
including medical costs and lost productivity.  Severity of the 
TBI depends on some parameters such as hematoma. In this 
paper we proposed a method to segment hematoma in CT 
images of patients suffering from TBI. We first performed pre-
processing methods such as “total variation” method for 
denoising and contrast adjusting to focus on the regions of 
interest. After that by developing a GMM we segmented the 
image. As the output of the GMM contained non-relevant 
regions to the hematoma we performed post-processing to 
remove those parts. The simulation results showed the 
accuracy of the proposed method.  
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(a) (b) 

  

(c) (d) 

Figure 2.  Input images and detected hematoma. (a) and (b) are input 
images. Red regions show the hematoma in (c) and (d) respectively 

correspond to (a) and (b). 
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