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ABSTRACT 

This paper focuses on the applicability of ontologies in medical image processing area. 
Techniques for automatically describing medical images in a medical language that 
doctors can operate with are presented. Super resolution algorithms are also highlighted 
in order to prove their superiority over usual interpolation methods on medical images. At 
the end, a set of experimental results regarding ontologies are offered. 
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1. APPLICABILITY OF ONTOLOGIES IN SUPER RESOLUTION 
ALGORITHMS 

Super resolution case studies 

The ability to transcend the fundamental resolution limits of sensors using super-resolution 
algorithms has shown significant progress and capability in the area of photographic 
imaging. By far, the majority of applications using super-resolution technology have been 
in the area of photographic imagery for either consumer or defense-type applications. 
Recently, researchers integrated super-resolution algorithms in different imaging medical 
applications. In order to improve the super resolution algorithms for medical applications, 
the researchers took into consideration the differences between the photographic imaging 
and medical imaging. 

Image representation 

An image can be represented in various feature spaces, and the FCM algorithm classifies 
the image by grouping similar data points in the feature space into clusters. This clustering 
is achieved by iteratively minimizing a cost function that is dependent on the distance of 
the pixels to the cluster centers in the feature domain. The pixels on an image are highly 
correlated, i.e. the pixels in the immediate neighborhood possess nearly the same feature 
data. Therefore, the spatial relationship of neighboring pixels is an important characteristic 
that can be of great aid in imaging segmentation. General boundary detection techniques 
have taken advantage of the spatial information for image segmentation. However, the 
conventional FCM algorithm does not fully utilize this spatial information. 
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Figure 1: Super resolution steps 

Pixel Classification 

A noisy pixel might be wrongly classified because of its abnormal feature data, in a standard 
FCM technique. The method presented in [28] incorporates spatial information, and it 
altered the membership weighting of each cluster after the cluster’s distribution in the 
neighborhood is considered. This scheme is proposed in order to reduce the effect of noise 
and to bias the algorithm toward homogeneous clustering. 

Medical Image acquisition 

Firstly, when a medical image is taken a controlled source of illumination is often used 
during the image acquisition. The strong illumination often provokes a higher signal-to 
noise ratio. [23] In order to prevent tissue damaging, the illumination energy is limited, 
thereby the SNR is below the SNR of a photographic image. 

Secondly, imaging speed is another factor that has to be taken into consideration: in order 
to avoid patient’s movement and therefore minimizing the imaging artifacts associated with 
patient movement and the acquisition time also has an impact on the patients’ comfort. 

Thirdly, the image processing artifacts are much less tolerable in medical images than in 
photographic applications. Luckily, medical imaging systems operate under highly 
controlled environments with highly similar objects. Algorithm developers can leverage 
prior knowledge about the anatomy or biology to improve image quality. [21] 

Finally, the majority of medical imaging applications involve creating images from 
radiation propagation through three-dimensional objects. Thus, while the final images are 
two-dimensional, they represent some form of projection through a three-dimensional 
volume. 

Low Radiation Digital X-ray Mammography 

Super resolution is nowadays used in Low Radiation Digital X-ray Mammography. Today’s 
digital detectors cannot shrink pixel sizes to increase resolution without sacrificing the SNR 
measurement.[30] 



 
 

To maximize image resolution, the researchers have explored digitally combining multiple 
low-dosage images, each containing spatial shifts. The shifts were the result of patient 
movement, intentional dithering of the detector, vibration in the imaging system, and small 
movement of the imaging gantry. Providing high resolution imagery required sophisticated, 
nonlinear reconstruction techniques to address the extremely low SNR of the captured 
images, but using an improved super resolution algorithm solved the problem. [31] 

Optical Coherence Tomography 

The invention and utilization of Optical Coherence Tomography (OCT), first reported in 
[28] in 1991, has had a profound impact on many fields of research, especially ophthalmic 
sciences. OCT systems provide noninvasive yet high-resolution in-vivo images of retinal 
structures, which can be used to define imaging biomarkers of the onset and progression of 
many ophthalmic diseases. By employing an interferometer, several OCT based imaging 
systems have been developed throughout the years, most notably the time-domain OCT 
(TDOCT) and ultrahigh resolution OCT (UHROCT). 

The advent of the Spectral Domain Optical Coherence Tomography (SDOCT) system has 
further improved the image quality and acquisition speed. Today, several commercial 
SDOCT systems are available with similar capabilities and 20-30 kHz A-scan rates.[28] 

OWL Ontology 

In medicine large-scale ontology domains have been implemented besides UMLS: 
GALEN, NCI and Medical Entities Dictionary. Though containing huge amounts of useful 
domain knowledge, most available medical ontologies have been structured under different 
design principles than those required for Semantic Web applications and therefore cannot 
be directly integrated in such applications. On one hand most of the available ontologies 
are not formalized in an appropriate representation language to be shared and reused. On 
the other hand they have been realized for very concrete tasks and their content is modeled 
in an ambiguous way.[9] 

Ontology in medical images analysis 

According to the article [34] a medical image is more than an array of pixels. At least three 
major distinct components of a medical image can be distinguished: 

1. The particular anatomical structure from which the image is taken 
2. The array of pixels of measured radiation, hydrogen density, etc. 
3. The collection of features each of which is a cluster of pixels with similar pixel 

values in the pixel array. 
The article also states that there are at least four stages of medical image analysis: 

1. Clustering pixels into features 
2. Analyzing the shape of features and spatial relations between them as they are 

depicted in the pixel array 
3. Mapping features to anatomical structures and relations between features to 

relations between (parts of ) anatomical structures 



4. Evaluating the depicted anatomical structure (and parts thereof ) as normal or 
pathological in the sense of canonical anatomy 

The first stage of analyzing the image shown in Figure 2(a), is clustering pixels into features 
like feature 1 and feature 2 as depicted in the drawing shown in Figure 2(b). This process 
is complex and has the following problems: 

1. difficulty of extracting crisp boundaries from the pixel array 
2. heterogeneity of pixels that are to be clustered into a single feature 

 
Figure 2: Ontology features classification 

In order to cluster the pixels besides using a fuzzy clustering algorithm and a super 
resolution one to determine the boundaries of the image, the ontology analyses the 
anatomical structures as a top-down approach to determine which qualitative relations hold 
between the parts of (normal and pathological) anatomical structures. 

2. USE OF OWL ONTOLOGY MODULE IN PROJECT IMPLEMENTATION 

 
Figure 3: Project structure 

OWL Ontology module 

The ontology design we used for this project is pretty simple, but we intend to extend it. As 
stated in the previous chapters, the ontology was designed in order to obtain some 
representation of the brain and of the tumors located in different parts of the brain. The 
structure is a hierarchical one, as presented in the following images. 



 
 

The ontology is not centered on anatomical structures, as in the case of general-use 
ontology, but rather on radiography entities because a segmentation application makes use 
of entities which can be determined in radiography. Nevertheless, the parts of the 
anatomical structures are very useful for refining the segmentation. For instance, more 
precise coordinates might be added in order to determine the junction points of certain 
bones or tissues. The main classes are RadiographyEntity and Tumor. 

 

 
Figure 4: Proposed ontology classes 

RadiographyEntity 

RadiographyEntity contains the AnatomicalEntity class, at the beginning of the design the 
Tumor was considered a RadiographyEntity, but the Tumor type must be different from 
any of the types contained in RadiographyEntity and the location of the Tumor must have 
as location an anatomical entity. In addition, we started with the idea that the patient has no 
anatomical abnormality. This way the ontology is modular. 

The class was used in order to group entities with the same role. The basic brain parts are 
mapped on entities from this class. In future implementations, a class like abnormalities 
must be taken into consideration, because the brain is unique form individual to individual. 

SimpleEntity 

The SimpleEntity class represents the basic parts that the brain is constituted form. It has 
restrictions such as: the brain cells and bone cells are disjoint. After reading about the 
structure and the composition of the brain, we noticed that there are different types of cells 



for the skull and for the brain. Even the skull cells differ from one another by density and 
number of pores. In the present implementation we only took into consideration the number 
of pores present in the bone. 

 

HeadEntity 

The HeadEntity represents the level above the SimpleEntity. Instead of using HeadEntity 
any other composed structure such as thorax or rib cage. Besides the fact that the 
composition of each element can be established and inference rules can be applied in order 
to generate the structure of related elements, the spatial relations between objects were also 
taken into consideration. 

OpacityEntity 

It is important to make a clear distinction between anatomical objects or tumor objects and 
the opacities visible on radiographs like edges, intensity and texture. In defining the opacity 
class we took into consideration the fact that these opacities are proper to each radiographic 
image and after reading about the x-rays image interpretation we managed to define the 
attributes: edges, intensity and texture. Moreover, these attributes are also very important 
in image segmentation. 

MalignityPossibility 

The malignity possibility represents the class where the percentage of a tumor of being 
malign or benign is expressed. If a tumor could not be classified as malign or benign, then 
it can be in a certain percentage malign or benign. 

Lobes 

The class, as the name states, represents the lobes of the brain. The lobes are also parts of 
right or left hemisphere. 

Anatomical Landmarks 

The landmarks are of great importance for image segmentation algorithms. Based on them, 
the entire junction between the cranial structures can be determined. 

Tumor 

Important subclasses for image segmentation are the location and the size of the tumor. 
After establishing the location and the size of the tumor, with the help of a radiologist 
certain conclusions might be drawn such as: the possibility for a tumor to become malign 
or to grow and the influence of the tumor on the cognitive and behavioral process. In the 
present ontology the assumptions about the malignity of a tumor were made based on the 
size of the tumor. 



 
 

Relations 

The relations are grouped in spatial relations, consistence relations and malignity relations. 

The spatial relations have the role to design the brain map and usually are expressed by 
words like: toLeft, toRight, above, etc. or for establish the intersection point: 
isIntersectionPoint. 

The consistence relations are used in order to create the anatomical hierarchy previously 
presented: hasCells, hasBones, consitsOf, etc. 

The malignity relations refer to the malignity of a tumor. 

 
Figure 5: Proposed ontology relations 

3. EXPERIMENTAL RESULTS 

Data properties 

The data properties were used in order to establish certain intervals e.g. for a malign tumor 
or for the opacity properties like texture type and edges type, the size of the tumor, the lobes 
position in a certain hemisphere etc. 

Individuals 

Test 

The ontology accepts individuals like the one presented in the ”Individuals” section. An 
individual can be added as a class type, or by using some rules that define the class. As an 



example, in order to add a facial bone, this can be added either as a direct type of facial 
bones or as: 

 (isPartOf some Bones) 
 and (consitsOf only BoneCells) 
 and (hasBones only FacialBonesCells) 
 and (hasPores some integer[< 1]) 

Results 

The ontology is very useful when trying to determine the intersection points between two 
entities and when trying to establish a ”map” of the human brain, in order to decide the 
gravity of the tumor. 

 
Figure 6: Ontology data set and results 
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