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Abstract—In this paper, we propose a method that can be 

used to automatically segment and delineate the suspected 

lesion regions of parotid glands for computer-aided 

diagnosis and treatment planning on clinical applications. 

Because the suspected lesions are unpredictable, it needs to 

be found by distinguishing the local features of soft tissues. 

The proposed method starts from image sub-band 

decomposition and the gathered coefficients are utilized to 

derived local feature descriptors. The pixels of soft tissue 

regions can de segmented based on the corresponding local 

features and the pathological regions can be localized. In 

order to improve the accuracy of segmentation, the active 

contour method is then involved based on the segmentation 

results as the initial conditions. The active contour method 

is more sensitive to the gradient variation such that the 

initial conditions based on prior segmentation can help 

converge to the weak boundaries between pathological 

tissues and normal tissues. In this paper, the effective 

method that can improve medical automation is described, 

and the results are compared with the contour directly 

found by clinical experts. As a result, the experiment of 

H&N CT images with parotid lesions shows that the 

accuracy can approach over 94%. 

 
Index Terms—parotid, computer-aided diagnosis, computer 

tomography, active contour 

 

I. INTRODUCTION 

Image-based computer-aided diagnosis (CAD) has 

been vigorously developed in recent years, because of 

the development of medical imaging techniques 

including ultrasound, positron emission tomography 

(PET) and computer tomography (CT). These imaging 

methods are originally used to observe the anatomical 

structures or lesions insides bodies and the captured 

images are viewed by the clinical experts. For the 

purpose to scrutinize the anatomical structures, CT is one 

of the most used method because the cross-sectional 
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anatomical details can be shown in a series of sliced 

images. However, because of the complexity of the 

anatomical structures, it requires trained-experts to 

carefully find out the targets in the enormous number of 

gathered data. Although the anatomical structures can be 

presented in images, high noise and low contrast are still 

difficulties for inspection with naked-eye. In order to 

improve the efficiency of diagnosis, CAD is mentioned 

to assist clinical experts to confirm the diagnosis and 

reduce tedious manual procedures, and image-based 

CAD is proposed to automatically analyze the image 

data and extract the regions of interest (ROIs) to provide 

information about diagnosis in clinics. In order to 

improve medical automation, automatic segmentation of 

CT images is an important issue, and besides to 

automatically localize the bones and normal organs, in 

recent years, to automatically extract the pathological 

regions is also highly discussed to help clinical experts to 

find out the suspected lesions.  

In Taiwan, according to the statistical data from 

official Department of Health (DOH), the amount of 

cases of cancers occurring at head and neck doubles in 

the past decades [1]. 

Parotid glands are the main salivary glands 

anatomically locating at both sides of the neck just in 

front of the ears. In clinics, parotid glands are concerned 

because not only malignant parotid tumors account for a 

dominant number of cancer cases in H&N, but the 

enlargement of parotid glands may also be associated 

with various H&N diseases, including cancer metastasis 

[2]. Besides, more than half of salivary gland tumor 

occurs in the parotid glands, and about 75% are benign 

[3]-[5]. For the purpose to observe parotid glands and the 

pathologies, CT slices perpendicular to the elongation of 

the spine are still the method used the most in clinics. 

Not only for aiding diagnosis of the increasing number of 

pathology cases, but also for the requirement of the 

modern therapies like intensity-modulated radiotherapy 

(IMRT), radiation treatment planning is to minimize the 

dose on treatment to reduce the harmful radiation 

toxicity for fear of serious side effects. Manual 
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procedures are exhausting and time-consuming, and 

besides, as the progress of medical imaging techniques, 

the amount of data becomes larger and larger, so 

computer-aided methods are in demand to reduce the 

burden of manual process. However, image qualities of 

low contrast and weak boundaries make soft tissue 

segmentation of gland regions more difficult than 

segmentation of the organ and bone regions. Although 

there have been works proposed to semi-automatically 

extract the parotid glands, it still hard to localize the 

suspected lesion regions well. Therefore, in order to 

improve the performance of CAD on parotid diagnosis, 

the segmentation of soft tissues and suspected lesions are 

important issues. In this paper, we propose a method 

comprising region-based segmentation and contouring 

algorithm to extract the suspected lesion tissues in 

parotid glands. In Section II, methods in previous works 

used to segment organs in CT are mentioned, and the 

previous works about parotid extraction were also 

discussed. In Section III, the proposed method used in 

this work is introduced, and in Section IV, some 

experiment results are presented and discussed, and in 

Section V, some conclusion and feature works are 

mentioned. 
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Figure 1. Number of case of head and neck cancer from 2000 to 2009 
[1]. 

 

Figure 2. An H&N CT slice. The parotid glands are labeled (solid 
curves), and the pathological region is labeled with dotted curves. 

II. RELATED WORKS 

There have been various researches proposed to 

automatically or semi-automatically segment the organs 

or soft tissues in abdomen, brain and chest CT images. 

Because gray level is the most intuitive characteristic for 

region segmentation in CT images, methods based on 

gray level thresholding were discussed in many previous 

researches. However, unlike the bones or holes appearing 

in relatively high brightness or darkness in the CT 

images, it is hard to automatically decide the gray level 

ranges or thresholds to extract the target tissue regions. 

Traditional methods based on statistical analysis of gray 

level histogram to find a single threshold, like Otsu 

method [6], are not sufficient for segmenting soft tissues 

in CT images containing complex anatomical details and 

the regions without enough contrast. P. Campadelli et al. 

[7] proposed a method utilized regional gray level 

distribution to derive adaptive thresholds for segmenting 

livers filled with tissues in similar gray-level in 

abdominal CT images. In this work, livers occupying 

large area in images with tissues of uniform gray level 

were thought to result in peaks of histogram curve, so the 

gray level ranges corresponding to the tissue regions can 

be decided by determining the obvious peaks. In [8], 

Campadelli also extended this gray-level histogram-

based method to segment more organs in abdomen CT 

images, including livers, kidneys and spleen, by 

determining the specific gray level ranges respectively. 

Moghe et al. [9] proposed a method to find the high 

thresholds and low thresholds by calculating the defined 

moment parameters of the histograms, and Yan and 

Wang [10] also proposed a gray-level based method to 

automatically segment the kidneys in CT images. 

Besides abdomen, in [11]-[19], methods based on gray 

level thresholding were also used to discriminate the 

tissue regions in CT images including lungs and 

mammography. However, simple gray level thresholding 

methods encountered difficulties because the thresholds 

were not so robust enough such that the variation of 

brightness and blurred boundaries of the targets may 

result in unsatisfying segmentation. Therefore, to 

improve the soft tissue segmentation, gray-level based 

methods in companion with local region clustering and 

morphological methods were proposed. Bae et al. [20] 

introduced a method comprising gray level thresholding, 

smoothing and pixel connectivity to find the regions 

filled with related pixels. Pohle and Toennies [21] also 

proposed the region-growing method to extract the soft 

tissues appearing with pixels of similar gray values. In 

[22], Kallergi et al. compared the performance of 

adaptive thresholding and region growing methods 

which were used in the segmentation of the 

mammography images. Methods based on measuring the 

relationship between pixels did not only rely on the 

determined thresholds, such that the regions filled with 

pixels with regional similarity could be found by 

clustering. In image-based CAD, to automatically find 

suspected regions related with lesions is an important 

issue to improve medical automation. In order to extract 

suspected lesion regions of the soft tissues, besides gray 

levels, the local features like textural characteristics and 

boundaries were also mentioned. In [23], adaptive 

thresholding method was used to segment the lesions in 

livers and in [24]; Mohanalin et al. used fuzzy-based 

method to segment the calcification of breast in 

mammography from the background. In [25]-[29], local 

features were adopted as characteristics to measure the 
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similarity of pixels for clustering to extract the lesion 

regions of breast, livers and lungs. These region-based 

extraction results were utilized to assist clinical experts 

to localize the lesions. 

As to segmentation of parotid glands, besides region 

growing method mentioned in [30], active contour 

methods by means of atlas models as initial conditions 

were discussed in several previous works. Active contour 

models (ACMs) are efficient methods to generate closed 

boundaries of tissue regions, but effective initial 

conditions are required and highly affect the 

segmentation results. However, atlas-based models 

encountered difficulties on the deformation of soft 

tissues, so it needs preliminary evaluation to select 

appropriate models for fine extraction. In [31], Ramus 

and Malandian proposed an intensity-weighted majority 

vote to find the difference between the registered atlas 

images and the patient images. In [32], Yang et al. 

introduced principle component analysis (PCA) to 

determine the similarity of the atlas candidates with the 

patient images to choose an appropriate one as the initial 

condition for active contour iteration.  

 

Figure 3. The demonstration of classification of atlas templates for 
parotid segmentation in [32]. 

In these works, the atlas models were built by 

collecting the data in clinics and modified with statistical 

regression. The approximate gland regions needed to be 

extracted manually for model selection and modification, 

and precise delineation were implemented by means of 

the modified models. 

However, only normal glands without serious 

deformation can be built as models, but lesions are not 

expectable in their dimensions and may occur at 

unpredictable location. Therefore, it is hard to build 

applicable models as normal glands. To our knowledge, 

there are still no published reports about automatic 

delineation of the lesion regions in parotid glands in 

H&N CT images. Although region-based segmentation 

methods have less precision on segmentation, lesions can 

be automatically localized by the results. In previous 

researches about lesion segmentation with ACMs [33], 

[34], the initial conditions were set manually near the 

targets or geometrically with a circle or rectangle, but the 

contours were easily attracted by other strong boundaries 

during iterations. The boundaries between lesion regions 

and normal tissues are usually weak such that arbitrary 

initial contours are not sufficient. 

III. PROPOSED METHOD 

In order to delineate the suspected lesion regions of 

parotid glands without available templates, local image 

feature analysis method is proposed to segment soft 

tissues and localize the suspected pathological regions at 

first, and then the ACM is applied to delineate the 

suspected issue regions with higher accuracy. The 

segmentation results are modified as the initial 

conditions for ACM delineation. The following flow 

chart in Fig. 4 demonstrates the method proposed in this 

work, and the details of segmentation and delineation of 

parotid lesions are described in the following sections. 

Sub-band
decomposition

Local feature extraction

Feature-based
region segmentation

Segmented region 
extraction

Region boundary
extraction for active 

contour initial condition

Active contour 
delineation

 

Figure 4. Schematic diagram of the proposed method. 

A. Local Feature Extraction and Segmentation 

In CT images, local features used the most are the 

gray values and their local statistical properties, but it is 

not sufficient enough for segmenting soft tissue regions. 

Hence, in this work, local variation reflecting the local 

texture characteristic is considered and the coefficients 

derived from à trous decomposition are utilized to derive 

the local characteristics [35]. The à trous decomposition 

can be considered as a method that can separate the high 

frequency component and low frequency component of 

an arbitrary signal into sub-bands. Therefore, there are 

two sub-bands, the approximate and detail sub-bands, 

generated after a one level decomposition. The 

approximate sub-band can be derived by convolving the 

original image with a low-pass filter, such as a Gaussian 

filter, and the detail sub-band can then be generated by 

subtracting the original image with the approximate sub-

band image. Two-dimensional convolution can be 

implemented by convolving the filter with the image 

along both the row and column directions. 

),(),(),( 1 nmcnmcnmw jjj                   (1) 

where ),( nmwj means the detail coefficients at (m,n) in 

the sub-band, ),( nmc j means the approximation 

coefficients derived from convolving the input signal 

with a low pass filter at level j. ),( nmc j  and ),(1 nmc j  are 

approximation coefficients in successive scales at level j 

and level j-1. ),(0 nmc  means the original image. The 

decomposition of a level can be demonstrated as the 

figure below. 
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Figure 5. Demonstration of one-level sub-band decomposition. 

It can be seen that the absolute values of detail 

coefficients are larger at the positions with higher 

variation such as the boundaries between soft tissues. 

Hence, the local variation can be measured by energy 

(Eng) and entropy (Etp) written as the equations below: 
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where Wi,j means a coefficient at (i, j) inside a mask 

among a derived sub-band, and N is the number of 

elements inside the mask. By moving the mask among 

detail sub-bands, the two features corresponding to each 

pixel can be computed. 

Segmentation can be implemented by clustering the 

local feature vectors composed of the gray value and the 

above local variation measures corresponding to each 

pixel. Mean shift is an effective method that can be used 

to cluster feature points with a preset bandwidth [36], 

[37]. The bandwidth is the parameter used to determine 

if a point belongs to a group or not. A Gaussian 

distribution function as (5) is usually adopted as a kernel 

function to evaluate the weight of a point in a group. The 

segmentation iteration proceeds by repeatedly computing 

the center of a group with points inside the bandwidth by 

the following equation.  
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where K is the kernel function used to estimate the 

weight of a point, and t
cx  means the center at the tth 

iteration, c is a constant used to control the bandwidth. 
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The iterative computation starts by randomly selecting 

center points, and terminates until the group centers vary 

within a small range. A segmentation procedure 

completes while all the feature points are assigned to 

their groups respectively. The feature-based 

segmentation method can connect pixels corresponding 

to soft tissues with similar local features into regions, 

and the suspected lesion regions can be localized after 

extracting the segmented regions from the results.  

B. Suspected Lesion Extraction with Level Set ACM 

After the soft tissue with similar features is 

approximately segmented into regions, the segmented 

regions can be extracted with morphological methods 

and contoured. The region boundaries can be utilized as 

the initial conditions for ACM to refine the tissue region 

segmentation. Because the derived region boundaries are 

near the real soft tissue boundaries, it has benefit to 

reduce the computation and prevent the contour from 

being attracted by other strong edges in the images. 

Mathematically, a contour C can be represented with the 

parametric vector equation 

))(),(()( tytxtC 
                    

(6) 

where t is the arc length parameter. 

The energy function of a contour is consisted of external 

and internal energy, and can be written as the equation 

below: 
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where g(x) denote a stopping function used to move the 

contour toward the point with high gradient magnitude, 

can be set as the term below 
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The initial contour set by extracting the segmentation 

boundaries can evolve with obeying the equation  
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where I means the gradient energy computed by  
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where G(x,y) means the gray value at (x,y), represents 

the curvature and N


is the unit inward normal. 

Level set approach is the method used to evolve the 

contour in a two-dimensioned surface [38],[39], and the 

contour evolving equation (9) can be represented with 

level set approach as below, 

uIguIg
t

u
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            (11)
 

where u is the signed distance map calculating the closest 

distance from a point in the map to the contour C and the 

points among C is consequently the zero level-set of u.  
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       (12) 

The initial distance map for active contour iteration is 

derived by computing the distance transform as (8) 

above of the boundary contour of the segmented regions. 

IV. EXPERIMENT AND DISCUSSION 

In this experiment, totally 80 images from 20 H&N 

CT sets with parotid single or double-sided pathology 
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selected by clinical experts are used in this experiment to 

evaluate the proposed method. These pathological 

images were collected from Cathay General Hospital and 

scanned by Phillip Brilliance 64 scanner with pixel 

spacing of the CT images 0.78 × 0.78mm
2
. The 

segmentation results are compared with the results from 

clinical experts.  

The following figures Fig. 6 and Fig. 7 demonstrate 

two examples of the experiment. The original CT images 

and the results at the steps including feature-based 

segmentation, region extraction and active contour 

delineation are shown as below. 

  
(a) (b) 

  
(c) (d) 

Figure 6.  (a) Original image (b) Segmentation result (c) Extracted 

region (d) Active contour delineation result. 

In Fig. 6(b), it can be seen that the soft tissue are 

segmented into regions, and each segmented region is 

labeled with different gray levels. However, the lesion 

region is similar with the muscle tissues and may not be 

perfectly separate. Morphological dilation and filling 

processes are used to break the connection between the 

similar tissues but it may also result in deformation of 

the lesion regions as shown in Fig. 6(c). Then, the 

extracted region is contoured as the initial condition for 

active contour computation, and the result is shown in 

red as in Fig. 6(d). The active contour converges to the 

points with higher gradient magnitude near the boundary 

of the extracted region in Fig. 6(c) and 4 iteration times 

are required in this example.  

  
(a) (b) 

  
(c) (d) 

Figure 7. (a) Original image (b) segmentation result (c) extracted 
region (d) active contour delineation result. 

In Fig. 7, the segmentation result does not effectively 

cover the lesion region and only the inner region with 

more uniform features is found. The extracted region 

also deforms a lot as shown in Fig. 7 (c). As a result, in 

Fig. 7(d) the active contour delineation can refine the 

result of segmentation and the iteration time is 9 at this 

experiment.  

The accuracy of segmentation is evaluated by 

measuring the minimum distance between the results 

derived from the proposed method and the lesion region 

contoured by the clinical experts. The distance between 

two curves or contours can be derived by the following 

equation (13): 

))(),(min(),( 21
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where A and B are two contours and n1 and n2 mean the 

points belonging to A and B respectively. 

The accuracy is defined as 
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Each image is tested by the proposed method and the 

average accuracy of the segmentation over the 80 images 

can approaches over 94%.  

V. CONCLUSION AND FUTURE WORKS 

In this work, a method comprising region-based 

segmentation is proposed, and the experiments 

demonstrate the reliability of segmentation of the 

pathological regions of the tissues of the parotid glands. 

Localization of suspected regions can provide clinical 

experts to effectively focus on the pathology and 

automatic delineation can in advance provide 

information such as dimension and volume for further 

diagnosis or treatment planning. Future works include 

development of human interface to provide more 

apprehensive visual information on clinical application. 
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