
Investigation of image segmentation methods 
for intracranial aneurysm haemodynamic 
research 

Y. Sen, Y. Zhang, Y. Qian & M. Morgan 
Australian School of Advanced Medicine,  
Macquarie University, Australia  

Abstract 

Patient-specific haemodynamic technology has been applied in clinical 
applications. Computational haemodynamic simulation is performed by 
utilization of geometric results obtained via medical image segmentation. 
However, the geometry and volume of intracranial aneurysm models are highly 
dependent upon different segmentation methods, even when employed upon the 
same medical imaging data. Moreover, methods of vascular segmentation have 
been insufficiently validated. In this study, we compared three segmentation 
methods; the Region Growing Threshold (RGT), Chan-Vese model (CV) and 
Threshold-Based Level Set (TLS), to segment the aneurysm geometry through 
the use of CTA image data. The results were evaluated via measurement of 
arterial volume differences (VD), local geometric shapes, and haemodynamic 
simulation results. We found that the maximum VD of three segmentation 
methods sat at around ±15%. Local artery anatomical shapes of aneurysms were 
likewise found to significantly influence segmentation results. The 
computational haemodynamic simulation was performed modelling three types 
of geometries, with typical haemodynamic characteristics; i.e. energy loss and 
shear stress. We found that there was a maximum of 58% difference between 
segmentation methods. The results indicated that it is essential to validate 
segmentation methods in order to confirm the quality of segmentation processes 
in the application of patient-specific cerebrovascular haemodynamic analysis. 
Keywords: medical image segmentation, intracranial aneurysm, level set, region 
growing threshold, haemodynamic. 
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1 Introduction 

Computed Tomography Angiography (CTA) is widely used in neurovascular 
imaging as a non-invasive diagnostic tool for detecting and evaluating 
intracranial aneurysms. This makes it possible to visualize three dimensional 
(3D) cerebral aneurysms, allowing us to reconstruct patient specific vessels. 
Currently, the 3D geometry blood vessel has been applied to perform 
haemodynamic simulations. The results have been applied as an intelligent 
diagnosis tool to support aneurysmal treatment. Computational fluid dynamics 
(CFD) technology has been applied to calculate blood pressure, velocity, wall 
shear stress (WSS), and energy loss (EL) [1]. These  parameters  are  difficult  to  
obtain via direct measurements. These computational haemodynamic parameters 
have provided useful information in support of vascular surgeons in disease 
diagnoses and surgical preparation.  
     The accuracy of CFD simulation is highly dependent on vessel geometry [2]. 
The methods of segmentation of medical images directly influence the accuracy 
of aneurysm model construction, especially in the shapes and volumes of the 
vessel. Despite the many image segmentation methods, each with varying 
approaches and algorithms, there are currently no dominant segmentation 
methods, in terms of effectiveness, across all areas [3–5]. Our previous study has 
indicated that the volume of the aneurysm models exhibit variances across 
different segmentation methods, with the segmentation method likewise 
influencing the local geometric shapes of the aneurysms [6]. Validation will thus 
be an essential process, comparing segmentation methods and adjusting the 
parameters of these segmentation techniques in order to confirm the quality of 
patient-specific cerebral-vascular haemodynamic analysis. Although a number of 
commercial segmentation software packages have been released to the market, 
there is a conspicuous lack of methodological discussion and information 
regarding validation processes. 
     In this paper, six CTA image data, which include vascular and cerebral 
aneurysm images, are employed. Three segmentation methods; the Region 
Growing Threshold (RGT), Chan-Vese model (CV) [7], and Threshold-Based 
Level Set (TLS) are applied to segment these image data. We compared the 
difference, calculated from the above three segmentation methods, and 
performed CFD simulation in order to compare its influence upon 
haemodynamic research.  

2 Materials and methods 

All the experiments were performed on cropped data sets to reduce calculation 
time and memory usage. A region of interest (ROI), a good representation of the 
targeted aneurysm region for segmentation, is selected depending on the 
aneurysm size. All preparatory work is carried out prior to conduction of the 
experiments. 
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2.1 Region Growing Threshold connecting (RGT) 

The Region Growing Threshold method begins from a seed(s) which is selected 
within the area of the object to be segmented. This method requires two intensity 
values for the pixel of the object, with both a low threshold ଵܶand high threshold 
ଶܶ value. Neighbouring pixels, whose intensity values fall inside this range are 

accepted and included in the region. When no more neighbouring pixels are 
found that satisfy the criterion, the segmentation is considered to have finished.  
The selection criterion is described by the following equation: 

ሺܺሻܫ  א ሾܺ െ ଵܶ, ܺ ൅ ଶܶሿ (1) 

where ଵܶ and ଶܶ represent the low and high thresholds of the region intensities, 
I(X) represents the image and X the position of the particular neighbouring pixel 
being considered for inclusion in the region. Problems of RGT include threshold 
selection and sensitivity to seed position [8]. 

2.2 Chan-Vese model (CV) 

The Chan-Vese  model  is  based  on the  Mumford  and  Shah  [9]  functional. The  
associated evolution PDE in the level set framework is represented as: 
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where ߤ௜௡ is the mean of the target object of intensity, ߤ௢௨௧ represents the mean 
of the background of intensity and ߣଵ , ,ߙ  ଶߣ  are positive constants. In the ߚ
Chan-Vese model, there is no utilization of a term related to the image gradient. 
Instead, it utilizes region intensity information for the target objects of 
segmentation. This model has exhibited a significantly effective performance in 
segmentation of images with unclear boundaries. 

2.3 Threshold-based level set (TLS) 

The threshold-based level set combines the geodesic active contour [10] and the 
Chan-Vese model together within the level set framework.  

     Under the level set scheme, the contour deforms by the function; 
డ௰ሺ௧ሻ

డ௧
൅

|߮׏|ܨ ൌ 0, with an embedded surface ߁ሺݐሻ represented as the zero level set of ߮ 
by  ߁ሺݐሻ ൌ ሼݔ, ݕ א ܴ|߮ሺݔ, ,ݕ ሻݐ ൌ 0ሽ. F is a function for speed, which drives the 
Γሺݐሻ surface evolution in the normal direction. It is clear that F directly impacts 
upon the quality of medical image segmentation. The associated evolution PDE 
in the level set framework is as follows:  

 
డఝ

డ௧
ൌ |߮׏| ቆαሺ ܫ െ ܶሻ ൅ ݒ݅݀ߚ  ቀ݃
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where I represents the image to be segmented, T represents the intensity 

threshold, g represents the image gradient, ߢ ൌ ሺ ݒ݅݀
ఝ׏

|ఝ׏|
ሻ represents the 

curvature,  α represents the image propagation constant and ߚ represents 
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the spatial modifier constant for the curvature ߢ. α and ߚ weight the relative 
influence of each of these terms on the movement of the surface contour.  
     The threshold-based level set requires an appropriate estimate of the threshold 
from proper segmentation of the aneurysm, obtained via Chan-Vese model 
segmentation and the concepts of both confidence interval (CI) and confidence 
level (CL). 
     According to the theory of confidence interval, the lower bound threshold of 
the aneurysm can be defined by:  

 ௜ܶ ൌ ௔ߤ െ ݇௜ߪ௔                  ݅ ൒ 0         (7) 

     The threshold T is the difference between the mean of the contour of the 
aneurysm (ߤ௔) and k times its standard deviation (ߪ௔). The intensities of  
the aneurysm and its background regions are different. The lowest intensity 
threshold of the aneurysm is the same as the highest intensity threshold of the 
background. Thus, ߤ௕ ൅ ݇௕ߪ௕ ൌ ௔ߤ  െ ݇௔ߪ௔ would apply. The confidence level 
for both the aneurysm and background is considered to be the same; ݇௕ ൌ ݇௔ ൌ
݇. Therefore, ݇ can be described as:  

 ݇ ൌ  
ఓೌିఓ್
ఙೌିఙ್

 (8) 

     We utilized the Chan-Vese model method to perform an initial segmentation. 
From the segmentation results, the initial ݇଴ can be calculated by eqn.(8). The 
initial ଴ܶ can subsequently be found using equation (7).  

2.4 Data acquisition 

Clinical studies were performed with the consent of the patient in relation to 
aneurysm image acquisition. These protocols were approved by the local 
institutional review board and the regional research ethics committee. Six data 
sets of patients with internal carotid artery aneurysms were acquired by 3D CTA 
scans (GE Healthcare). 
     Cross-sectional images were acquired by a CT angiography scanner with 
multidetector-row capability, a table speed of 9 mm/s and zero-degree table (and 
gantry tilt). Scanning started from the common carotid artery (CCA) and 
continued parallel to the orbito-meatal line to the level of the Circle of Willis, 
during which intravenous injection of contrast material was administered at a 
rate of 3.5mls/s. Aneurysm image was 512×512 pixel field, whilst continuous 
thickness slices were used to segment and reconstruct 3D vascular geometry. 
Pixels are expressed in Hounsfield Units (HU). 

2.5 Haemodynamic analysis 

CFD simulation includes three stages: 1) the segmentation of an aneurysm from 
medical imaging data recorded in DICOM format and generation of a STL 
format geometry data; 2) mesh generation; 3) CFD analysis. In the first stage, the 
segmentation methods mentioned above were introduced to reconstructive vessel 
and aneurysm geometry. In the second stage, ANSYS ICEM was used to form a 
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mesh for CFD simulation. In the third stage, the geometric models are 
transferred to a haemodynamic system for CFD haemodynamic analysis. 

2.5.1 Mesh generation 
As the accuracy of CFD results depends upon grid resolution and boundary 
conditions, a series of analyses of verification and validation of mesh 
independent tests have been carried out at the beginning of this study. When the 
mesh number is found to be around at 400,000, the haemodynamic character; 
energy loss (EL), began to converge into a constant. Therefore, accurately 
reliable results could be obtained with a total of 563,000 finite elements and 
240,000 nodes used in this study. In order to accurately calculate the WSS, five 
layers of prism mesh were inserted onto the artery’s internal surface. The 
distance of the first prism mesh to the artery surface was set to 0.01 mm. 

2.5.2 Calculation 
The flow simulation is based on the Navier-Stokes (N-S) momentum equation 
and continuity equation as defined below:  
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where i, j =1, 2, 3,  x1, x2, x3 
represents coordinate axes, ui, uj and p are the 

velocity vectors and the pressure in the point of the fluid domain, ρ and μ are 
blood density and viscosity, t is time. 

2.5.3 Energy loss 
Energy loss is calculated as the power difference from inlet to outlet, and can be 
calculated as follows: 

ܮܧ  ൌ  ∑ ቀ ௜ܲ ൅ ߩ
ଵ

ଶ
௜ݒ
ଶቁ െ ∑ቀ ௢ܲ ൅ ߩ

ଵ

ଶ
 ௢ଶቁ (10)ݒ

where ρ is density, v is velocity, i indicates inlet, and o means outlet. 

2.5.4 Wall shear stress (WSS) 
The wall shear stress (WSS) is derived from predicted flow velocities. The 
parameter is known to be associated with initial thickening and thrombosis 
formation. The WSS is defined as: 

 ܹܵܵ ൌ െߤ
డ௩೟
డ௡
ቚ
௪௔௟௟

 (11) 

where ߤ is the dynamic viscosity, v is the velocity parallel to the wall and is the 
unit vector perpendicular to the wall. 
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3 Results 

3.1 Geometric shapes 

Fig. 1(d) is a picture which is taken during aneurysm treatment for Case 1. Two 
protrusions; A and B, are clearly observed in the aneurysm, with protrusion A 
located upon the larger protrusion B. Fig. 1(a) and (c) indicate that the results of 
RGT and TLS methods segment both A and B protrusions. On the other hand, 
however, analysis of Fig. 1(b) reveals that the CV method leads to the display of 
only protrusion B, whilst protrusion A is not replicated in the segmented result.  
 

 

Figure 1: Geometric shape of aneurysm in Case 1. (a) RGT; (b) CV; 
(c) TLS; (d) surgical imagery. 

3.2 Model volumes 

All model volumes are listed in Fig. 2. The largest difference in terms of 
aneurysm volume, compared with TLS method, is around ±15%, as was the 
case for Case 4. The difference across other cases was around ±5 to ±10%. The 
study indicates that the volume differences seen in aneurysm size may create an 
error of around 15%, through the use of various segmentation methods.   
 

 

Figure 2: Aneurysm volume difference compared with TLS method. 

B
A

BB 
A 

B 
A 

  (a)                         (b)                       (c)                                   (d)  
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3.3 Haemodynamic simulation results 

CFD simulation is performed by a process that includes segmented geometries. 
In order to compare various models under the same flow condition; inflow is 
assumed at 125 ml/min. The outflow condition is extended to a length distant 
enough to allow pressure recovery at the outlets. Fig. 3 illustrates the pressure 
distribution on the aneurysm surface (Case 1 and Case 4), with the pressure 
distributions being significantly different between the various segmentation 
methods. Fig. 4 shows the results of EL, which were calculated based upon the 
three types of segmentation methods. In particular, for Case 4, there is a 58% 
difference when compared to the results of TLS segmentation method. The 
results indicate that the extensive dependence of haemodynamic results on the 
accuracy of segmentation methods. Fig. 5 depicts the distribution of WSS 
between Case 1 and Case 4. The results indicate that local differences arose for 
WSS, particularly in bleb areas. 
 
 

 

Figure 3: Pressure distribution: top line; Case 1, bottom line; Case 4. 

 
 

 

Figure 4: Haemodynamic results difference compared with TLS method. 

RGT                  CV                   TLS 
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Figure 5: WSS distribution: top line; Case 1, bottom line; Case 4. 

4 Conclusions 

The study analysed six cerebral aneurysm models in geometric shape, volume 
and haemodynamic results. Although based on the same medical image data, 
different image segmentation methods generate alternations in shape, volume, 
thereby bringing significant haemodynamic results. The occurrence of uncertain 
results will negatively affect the accuracy of patient-specific haemodynamic 
applications.  
     The TLS method was proposed to improve cerebrovascular aneurysm 
segmentation applications, a technique with the ability to segment aneurysms 
automatically without the setting of a seed point or intensity threshold, which is 
likewise available for the segmentation of complex cerebrovascular anatomical 
shapes. 
     We believe a validation process to confirm segmentation will be an important 
study to limit the error arising from image segmentation. Results that are 
influenced by the segmentation process must be counted into the haemodynamic 
study. A series of in-vitro and in-vivo validation will thereby be performed in 
our projects. 
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