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ABSTRACT

The motivation for our work is to develop a truly semantic-based image retrieval system that

can discriminate between images differing only through subtle, domain-specific cues, which is a

characteristic feature of many medical images. We propose a novel image retrieval framework

centered around classification driven search for a good similarity metric (image index features)

based on the image semantics rather than on appearance.

Given a semantically well-defined image set, we argue that image classification and image

retrieval share fundamentally the same goal. Thus, the distance metric defining a classifier which

performs well on the data should be expected to behave well when used as the similarity metric

for semantic image retrieval. In this paper we shall report our methodology and results on 3D

grey-level medical image retrieval.
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1 Introduction

1.1 Motivation

On-line image data is expanding rapidly in quantity, content and dimension. Many medical Picture

Archiving and Communication Systems (PACS), for example, contain several terabytes of on-line

medical image data [20]. However, the utilization of such data for research and education is limited

by the lack of intelligent, effective retrieval capabilities [54]. The role of PACS has been noted as

digital image archiving, since only simple retrieval using patient names or ID numbers is supported.

Using text alone for medical database retrieval has been traditionally the dominating approach for

database access. However, text-based methods are limited by their predefined vocabularies, which

can be incomplete, coarse, subjective and/or ambiguous [44]. Since medical images form an

essential and inseparable component of diagnosis, intervention and patient follow-ups, it is natural

to use medical images as front-end index to retrieve relevant medical cases.

Existing “content-based” image retrieval systems, for example [13, 17, 36, 41, 35, 33, 38],

depend on general visual properties such as color and texture to classify diverse, two-dimensional

(2D) images. These general visual cues often fail to be effective discriminators for image sets taken

within a single domain, where images have subtle, domain-specific differences. Furthermore, these

global statistical color and texture measures do not necessarily reflect the meaning of an image, i.e.

the image semantics. Experts in the content-based image retrieval community1 have repeatedly

pointed out the lack of objective evaluation standards for retrieval of general color images. Such

standards are usually easy to establish in domain specific images.

Databases composed of (3D volumetric or 2D) images and their collateral information in

a particular medical domain provide simple, semantically well-defined training sets, where the

semantics of each image is the pathological classification indicated by that image (for example,

normal, hemorrhage, stroke or tumor in neural radiology images). During system performance

evaluation, the retrieval results are readily quantified by comparing the pathology (sub)classes in

the query image and the retrieved images. As a test-bed, we have chosen a multimedia digital

database in human neurology from the National Medical Practice Knowledge Bank project [24].

The medical knowledge bank is a database containing a large set of typical and rare medical cases

in different sub-branches of medicine. Neurology is the current focus of the knowledge bank. Each

case in the database is composed of at least one 3D image, either Computed Tomography (CT)

or Magnetic Resonance images (MRI). In addition to images, other collateral information is also

1sources are from IEEE Content-based video and image retrieval workshop in conjunction with CVPR97, June

1997; IEEE Content-Based Access of Image and Video Libraries in conjunction with ICCV98, January1998; and

IEEE Content-Based Access of Image and Video Libraries in conjunction with CVPR98, June1998
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included in the case: the patient’s age, sex, symptoms, test results, diagnosis, surgical operations,

treatments, and outcomes in text, speech, or video formats.

As an illustration of the kind of semantic selectiveness, i.e. similarity based on medi-

cal/anatomical relevance, that our work is striving for, we show an example of a desired semantic

image retrieval system. A query case presented as a 3D brain scan appears to the left of Figure

1. To the right appears the highest-ranking retrieved case. The same query case (left) and the

second highest ranked case are shown in Figure 2. Note, first, that both retrieved cases have the

same pathology as the query: acute bleed. Second, although acute bleeds in the query and the

retrieved cases appear on opposite sides of the brain in Figure 1, they actually belong to the same

brain anatomical structure, which has a high degrees of medical relevance, while the second ranked

retrieved case (Figure 2) has an acute bleed on the same side of the brain as the query but in a

different anatomical location, which is relatively less relevant medically than the top retrieved case.

Figure 1: Left: query case, which is a right basal ganglion acute bleed. Right: top-ranked retrieved

case, which is a left basal ganglion acute bleed. Although the bleeds appear on opposite sides of

the brain, they belong to the same brain anatomical structure.
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Figure 2: Left: same query as in the previous Figure. Right: second highest ranked retrieved case,

indicating a right occipital/parietal acute bleed.

1.2 Semantic Image Retrieval

Semantic image retrieval is a hard problem. Common practice in the image retrieval and pattern

recognition community is to map each image into a set of numerical or symbolic attributes called

features, and then to find a mapping from feature space to image classes or labelings. To describe

the semantic image retrieval problem more precisely, let us definef andp as mappings from images

to image features (attributes) and from images to image meanings respectively (Figure 3). In order

for a mapping from image features to image meanings to exist, it is mathematicallynecessarythat

(1). p be a function (ifp(x) = y1 andp(x) = y2 theny1 = y2) andsufficient that (2). f be an

invertible mapping (iff(x) = y thenf�1(y) = x). Note, the second condition is not necessary and

can rarely be satisfied in practice.

It is important to distinguish between a well-defined but hard problem (whenp is a function)

and an ill-defined problem (whenp is not a function). For general images such as color scenery

photos, the first requirement is difficult to satisfy. Often a general color photo image can have

multiple or ambiguous subjective meanings (p is not a function). Therefore we propose the concept

of a semantically well-defined image set:
� There is a finite number of possible distinct image classes (no arbitrariness) defined in the

set.
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� Any pair of image classes is mutually exclusive (no ambiguity).

� Each image corresponds to one class and one class only (p is a function).

Given such a semantically well-defined image set, semantic image retrieval becomesfinding a

mappingf from images to image attributes such that the probability of mapping images to their

respective classes via their extracted features can be maximized. It is desirable that the mapping

f can map images who belong to the same semantic class to the same or nearby feature points

in a possibly multidimensional feature space (Figure 3). For example, if the image feature values

for each image semantics class have a normal distribution in the feature space then the mean and

the standard deviation of their values will become the discriminating characteristics for this image

class, and can be mapped into corresponding image semantics straightforwardly. This problem

set-up naturally leads to the use of Bayes law to compute the probabilityP (cj j[xi1; xi2; :::]) of the

most likely semantic classcj given properly weighted image features[xi1; xi2; :::].

Figure 3: Given a semantically well-defined image set, semantic image retrieval becomes finding

a mappingf from images to image attributes such that the probability of mapping images to their

respective image classes via their extracted features can be maximized

1.3 Our Approach

The goal of this work is to “warp” the original multidimensional feature space, by putting different

weightswi on different feature dimensions. Such that the points corresponding to the same semantic
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class are well-clustered in the warped feature space. Note, the feature weightwi is a value between

zero and oneinclusive, i.e. wi 2 [0;1]. By feature selectionwe mean the process of assigning

0-to-1-inclusive weights to a set of features. We definesimilarity metricto be a Euclidean distance

metric defined in a non-uniformly scaled image feature space. The non-uniform scale on each

feature dimension is equivalent to the 0-to1-inclusive weight for that feature, which is found while

evaluating how well the features perform in image classification. In this paper we use the terms

similarity metric, distance metric, and feature selection interchangeably.

The basic idea behind our approach is that, for a semantically well-defined image set, image

classification and image retrieval share fundamentally the same goal, and thus they should also

share the same similarity measurement and performance evaluation standards. Our hypothesis

is thata classifier that gives good classification results should also be expected to provide good

image retrieval results when its distance metric is used as the image similarity metric for retrieval.

Therefore, in our work image classification is used as a similarity metric selection tool for semantic

image retrieval.

Our ideas take concrete form in a medical image retrieval system for pathological neurolog-

ical images. Instead of precisely locating lesions interactively or automatically by sophisticated

segmentation or registration algorithms, we take a completely different approach: based on the

assumption of bilateral symmetry existing in normal brains (but absent in pathological brains), a

pool of candidate image features is extracted. An optimally weighted subset of these potentially

discriminating features is then selected by evaluating how well they perform on the task of classi-

fying medical images according to predefined pathological classes (semantics). Finally, the subset

of the initial features that has the best performance in classification is used as a similarity metric

for image retrieval.

1.4 Overview

In this paper we report on a semantic image retrieval system framework based on our ideas and

the initial results of an implemented system. Section 2 reviews related work in image retrieval and

medical image analysis domains. Section 3 describes in detail our approach of classification-driven

similarity selection for semantic image retrieval. Section 4 reports experimental results. Section 5

discusses several important issues raised by the experiments. Section 6 concludes the paper with

an analysis of the overall result and a discussion of future research.
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2 Related Work

2.1 Content-Based Image Retrieval

Most content-based image retrieval work uses general image features such as color, texture, or

line-segment histograms to classify diverse, two-dimensional (2D) images. Much recent work has

focused on fine tuning of a user’s query based on user input or feedback [38, 21, 10]. The two main

methods in the literature are (1) query-point movement and (b) axis re-weighting. To compare

our work with the Rosetta system of [10], for example, one can see that in [10] the semantic

category is defined on the fly by asetof query images, and the statistics of the query set are used

to construct a metric where the weights are determined by the inverse of the standard deviation of

the feature values. In contrast, our approach relies on thea priori analysis of the database in terms

of pathology semantic categories, and the database can be queried using a single 3D or 2D image.

In addition, our search method can eliminate non-discriminative features that are common to all

categories in the image database, while Rosetta does not make such a distinction. Therefore, the

feature value that is common to the images in the query set (with small standard deviation value)

can also be common to the rest of the images in the database thus containing little discriminating

power. Our approach is better suited for application in specific databases where the differences

between semantic categories are subtle, as in the medical imaging domain.

Image understanding based on image semantics has been an elusive goal of computer vision

for many years. Content-based image retrieval systems based on visual feature syntax, for example

[37, 33], give users the illusion that the system can understand the meaning of a query image:

when the query image contains a lion, some lion pictures are returned. These systems are actually

manipulating the syntax of an image exclusively. It is rather an accident than by design when

images of the same semantics as the query image are retrieved. Several recent attempts have been

made on classification of images based on image semantics of general color photos [43, 50], or

videos [51]. It is, however, hard to evaluate given the problem being solved is not well-defined.

As pointed out by the author of [50] “On Image Classification: City vs. Landscape” paper that

“The labels for the training set are assigned by a human subject. There are many images that

can be placed into both (of) these categories ...”. On the contrary, Moghaddam et al’s work on

probabilistic matching for face recognition [29] has explicitly definedtwo distinct and mutually

exclusive classes, thus their algorithm works on a semantically well-defined image set as we defined

above, and the results can be easily evaluated.

Forsyth and Fleck have proposed “body plans” [15] as a semantic representation of specific

objects. A hierarchical kinematic model of human bodies or horses from various viewing perspec-

tives is constructed. First a skin (hide) filter is used to segment the image and then the segmented
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image is matched against the predefined body plans to find possible corresponding articulated

assemblies represented by the body plans. The hope is to use the body plans leading eventually

to the recognition of human bodies or horses in a 2D colored image. Two distinct classifiers are

built for finding human or horses. The best reported results so far are a recall rate of 42% (the

proportion of relevant material actually retrieved in answer to a search request), 182 false positives

and a response ratio 10 (a point on its ROC curve: true positive rate over false positive rate) for

human on an image set of 565 targets and 4302 controls, and 15% recall with a response rate of 23

for horses on an image set of 100 targets and 1086 controls. It is not clear how many of these body

plans are need to be hand built for better classification performance. Besides, this method cannot

be applied if one does not know what possible shape variations the object to be recognized is going

to take, such as the case in varied lesion shapes, densities and locations in medical images.

There is a large body of work on using eigenspace representations for object recognition

in computer vision, especially for face recognition [49]. The basic idea is to project a high

dimensional image feature space into a smaller subspace. Principal Component Analysis (PCA)

is a mathematical method to find typical components and their multipliers from the original data.

Normally in PCA, a covariance matrix C of the original data is created and eigenvectors and

eigenvalues of the matrix are computed. The transformation is done by choosing several of those

eigenvectors that ensure preserving as much information as possible (This could be determined by

the size of corresponding eigenvalues). The number of the chosen eigenvectors p is clearly smaller

than the original number of eigenvectors n. PCA can thus be considered as a way to compress

images into a subspace. This transformation is also known as the Karhunen-Lo`eve Transform

(KLT). The distance in this subspace is the so-calledMahalanobis distance, which is equivalent

to approximating the sum of squared errors between the two images. Thus PCA and KLT are

commonly used for dimensionality reduction and object recognition.

Swets and Weng [42] have used eigenfeatures for image retrieval of well-framed face images.

They pointed out that “more features do not necessarily imply a better classification success rate.

... Although the most expressive feature (MEF) projection is well-suited to object representation,

the features produced are not necessarily good for discriminating among classes defined by the set

of samples.” In their work the most discriminating features (MDF) are sought after by a two-step

projection from the n-dimensional image space to the m-dimensional MEF space, followed by a

constrained discriminant projection. The goal is to find a linear space where the sample point are

well separated by their classes, i.e. to maximize the between-class scatter while minimizing the

with-class scatter as what is done in [14].

Moghaddam and Pentland’s work reported in [28] is on finding “the saliency maps which have

a probabilistic interpretation as object-class membership functions or likelihoods”. In terms of
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image semantics and probability based approach their work is directly relevant to our current effort.

Our work differs from previous work in this area in that (1). image classification or object

recognition is not the goal but rather a feature evaluation tool used as an intermediate step to find

a good similarity metric. Any good classifiers found in this step are simply a by-product of our

semantic image retrieval process; (2). the feature generation is non-traditional in the sense that it

is not simply the visual appearance we are looking for but from a collection of inexpensive image

features to capture the implicit probabilistic model of human brain symmetry; (3). there is no limit

on what kind of features to be used in our framework, including and not limited to eigenfeatures.

2.2 Medical Image Analysis

Work on neural image analysis has been concentrated more on morphological variations of normal

brains[8, 18] or brains with mental disorders such as Alzheimer’s disease[47], Schizophrenia [48]

using high resolution, high density MRI data scanned especially for their research purposes. Also,

the emphasis in these work has been on the visualization of variations in normal and psychiatric

brains.

The image data used in this work, on the contrary, is primarily from clinical practice. For

example, CT images are taken in the Emergency Room (ER) (See Data sets 1 through 5 in Table

1) to rule out certain possibilities such as hemorrhage. The sparseness and incompleteness of the

image data poses more challenges in image understanding and indexing than does the complete,

dense data used in other reported work. However, the images we use more realistically reflect the

type of image database and query images that an end user will consult with in practice.

Martin et al [26] has studied shape descriptions of pathological brains caused by neurological

disorders. They assume segmentation of the brain anatomic structure is given. Two anatomical

brain structures are used as the shapes for comparison: putman and ventricle. The key issue here

is to separate the shape changes in normal brain variations and those shape differences caused by

schizophrenia, Alzheimer or normal-pressure hydrocephalus. Finite element method is used to

characterize the global deformation where the intracranial cavity is modeled as a piece of linear

elastic material. PCA is then applied and low-frequency high amplitude modes are chosen, the

justification being: “... their amplitudes are larger and, therefore, for object discrimination, they

are typically more powerful.” For Schizophrenia case, 72% correct classification rate is reported

on 13 patients and 12 healthy control subjects; and 88% correct rate is obtained for ventricular

disorders on a dataset of 9 Alzhemiers, 7 normal-pressure hydrocephalus and 9 healthy control

subjects. These rates are what we call leave-one-out training set rates. This work proposes one

way to separate normal brain shape variations from pathology caused shape variations. However,
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due to the simplicity of the brain stiffness model how much normal shape variations are actually

modeled is unclear.

Both 3D image intra-subject multi-modality (same person’s head, different modality) rigid

registration [52, 53, 16],and inter-subject (across patients) normal brain deformable registration

[2, 7, 32, 46, 27] have achieved excellent results. Using a brain atlas to deformably register with

a normal subject’s image has provided promising results in automatic anatomical segmentation

of normal brain images [9]. However,no existing technology is yet ready for registration of

inter-subject, pathological clinical brain images. Matching two 3D pathological brains remains

a difficult problem. The topology of normal brains is the same while the geometric shapes vary

from person to person, pathological brains violate this basic principle. New method to compare

neurophysiological pathology brains are needed to get around this problem. In this work we

take a different direction to understand brain pathology such that no deformable registration and

segmentation are required.

2.3 Medical Image Database Retrieval with Text or with Imagery

With similar motivation but a completely different approach, Chu et al [5, 6] developed a text-

based natural language interface for retrieval of semantically relevant neural images. Their work

heavily depends on human experts to construct a layered query structure, and to provide extracted

text information from 2D images. The manipulation of images in their work is minimal. No

registration between images is done before comparison, and only 2D slices are used. Furthermore,

the tumor location is defined as the X,Y image location regardless of the size and shape differences

of human brains. In contrast, we focus primarily on automated image-based retrieval using a

combination of image understanding technology, machine learning theory/algorithms, combined

with a understanding of human anatomy. We believe that a true semantic retrieval system is

not a simple addition of database and image processing techniques to domain knowledge but an

intertwined process as demonstrated in this paper.

In the medical imaging domain, the only work on automatic 3D image retrieval has been dealing

with dense (typically with 256� 256� 125 voxels each with size 1� 1� 1:5mm3) MR images

on normal subjects. The retrieval process reduces to a deformable registration process that is

feature-based [11] or density-based [19]. In [19] a database of 10 MR images of healthy subjects

are used to retrieve corresponding anatomical structure defined as a “volume of interest” (VOI)

given by a user in a reference image. Cross correlation and stochastic sign-change are used as

measures for morphological differences (similarity). The CANDID project [22], or more recently

the TeleMedicine project, carried out at Los Alamos National Lab, deals with retrieving similar 2D
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CT slices of lung diseases using texture analysis. In [40], 2D CT slices of lung diseases are also

used to extract local features for content-based image retrieval, starting with physician identified

region of interest.

There are several existing hip or joint medical databases. However, there are two main problems

with them: one is the lack of digital image data in the database, and the other is that intelligent

retrieval is not provided. In [3], for example, a surgeon’s query has to be done by filling out a form

first and then a skilled programmer is required to do the search through the database.

3 Our Approach

Given a semantically well-defined image set, image classification and image retrieval share funda-

mentally the same goal. Dividing images based on their semantic classes and finding semantically

similar images should also share the same similarity measurement and performance evaluation

standards. Our hypothesis is thata distance metricused by a classifier that gives good classifica-

tion results should also be expected to provide good image retrieval result when used as the image

similarity metric for retrieval. Therefore, in our work image classification is used as an image index

feature selection tool to find a good similarity metric for semantic based image retrieval. The net

effect is equivalent to warp the initial multidimensional feature space such that the image points

corresponding to the same semantic class are well-clustered in the warped feature space. It should

then be obvious that image retrieval using nearest neighbors in this feature space can achieve good

results. Here two images aresemantically similarmeans they belong to the same semantic class.

In this paper we refrain ourselves from discussion of cross semantic class similarities.

Instead of being the goal, image classification is a tool for selecting a non-uniformly 0-to-1-

inclusive scaled subset of image features which collectively form an optimal classifier on the given

training set. This classifier is then used as the similarity metric for image retrieval.

We propose an image retrieval framework consisting of three stages as shown in Figure 4:

1) feature extraction, 2) feature selection via image classification, and 3) image retrieval using

k nearest neighbors in the selected feature space. The function of feature selection stage is

to determine, quantitatively via classification, the most discriminating subset of features across

predefined semantic classes. This distinguishes our work from most existing systems, where no

direct evaluation of the chosen image features is performed automatically and objectively. A typical

content-based image retrieval system simply extracts certain predetermined image features from

both the query image and the images in the database, finds the nearestN neighbors of the query

image in the feature space and returns those images as the retrieved result. The difficult feature

weighting problem is usually left for the human user to decide. Besides this approach provides no
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Figure 4: Three steps in classification driven image retrieval

insights to the distributions of the database image feature space, feature weighting is not always

a manageable task, especially when the user is not experienced or when more than 5 indexing

features are used. What is missing in the common image retrieval practice is an evaluation of the

extracted image featuresbeforethey are used for image retrieval. Critical questions like “Are these

features sufficient to capture the content of the image? Is there any redundancy in these features

for discriminating different images? Which subset of these features has the most discriminating

power across image semantic classes? and what are their relative weights?” are left unanswered.

In contrast, the method we propose directly answers these critical questions. Our goal is using

memory based learning with database image features as the training set to discover and manipulate

its feature space, and to find the most direct, most effective and most economical mapping from a

proper subset of non-uniformly rescaled image features to their corresponding pathology classes.

3.1 Image Collection

The 3D images we use in this research are collected from Allegheny General Hospital (AGH) in

Pittsburgh. Each of these images is a clinical image taken for diagnosis or treatment purposes.

Most of them are taken in the emergency room while a patient first came in to the hospital. Follow

the guidelines of the medical knowledge bank, medical cases that are typical or cases that are rare

are chosen to be included in the database. Care is taken by a group of experienced neuroradiologists

to include cases where images are not ambiguous. For each chosen case, a search for all related

information is done and the patient’s personal information, such as name and identification number,

is deleted from the information of all forms to protect patient’s confidentiality. The images for
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each medical case are deposited on a workstation in the hospital using DICOM3 (Digital Imaging

and Communications in Medicine, version 3) format, a commonly accepted medical image and

communication format. A pseudo name is given for each 3D brain scan and each 2D slice is labeled

orderly. The medical images used in this paper are CT images (axial slices) taken using Siemens

CT scanner. The images are transmitted through Ethernet from the hospital computer workstation

directly to an SGI workstation located in CMU. DICOM3 servers on both workstations in AGH

and CMU transfer/receive images through a predefined communication protocol. Each 3D image

is transmitted as a set of 2D slices, each 2D slice is an independent file composed of a 0.5MB-sized

image file and a 0.001MB-sized header file.

3.2 Image Preprocessing

A 3D medical image is usually taken as a stack of parallel 2D images. As an example 3D

neuroradiological image, see Figure 5 for a set of axial CT images placed on a plane, and Figure 6

for the same set of CT images interpolated and thresholded in 3D.

3D volumetric images pose some special challenges and possibilities for image computation

compared with 2D images. Anideal head coordinate systemcan be centered in the brain [45]

with positiveX0; Y0 andZ0 axes pointing in the right, anterior and superior directions respectively

(Figure 7, white coordinate axes). Ideally, a set ofaxial (coronal,sagittal)slices is cut perpendicular

to theZ0(Y0;X0) axis. In clinical practice, due to various positioning errors, we are presented not

with the ideal coordinate system, but rather aimaging coordinate systemXYZ in which X and Y

are oriented along the rows and columns of each image slice, and Z is the actual axis of the scan

(Figure 7, black coordinate axes). The orientation of the imaging coordinate system differs from

the ideal coordinate system by three rotation angles,pitch, roll andyaw, about theX0, Y0 andZ0

axes, respectively.

Since the images are collected from different scanners in different hospitals, they vary in modal-

ity, resolution, volume, scan angle and scanning axes. Until two 3D images are properly aligned

and normalized, existing techniques for content-based retrieval using color, texture, shape and

position can not be applied directly for meaningful results. This fact reflects one of the fundamen-

tal differences between 2D and 3D volumetric image retrieval: alignment before comparison is

necessary and possible for 3D volumetric images.

It is important to identify the midsagittal plane of a given 3D neural image. This plane is

helpful for the registration across different 3D images. Moreover, this plane can be used as the

reflection plane to compute left and right brain differences. For dense image data where voxels are

nearly cubical, a maximization of mutual information affine registration algorithm [25] is applied to
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Figure 5: A 3D image which is composed of a set of clinical CT scans (axial), only a portion of a

patient’s head is captured as shown in a side view on the lower right corner. This is a case of acute

right basal ganglion bleed.
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Figure 6: A 3D visualization of CT scan shows the appearance of the lesion with respect to the

skull.

Figure 7: To compare different 3D images it is first necessary to register the 3D imaging coordinate

coordinate systemX;Y;Z with the ideal head coordinate systemX0; Y0; Z0. Rendered head

courtesy of the Visible Human Project (supported by the National Library of Medicine).
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register the original image with its own 3D image bilateral reflection about theY -Z plane (Figure

7). After registration the image can be aligned with the ideal coordinate systemX0; Y0; Z0 by

rotating half of the yaw and roll angles, and the full range of the pitch angle.

Table 1: A Sample of Input 3D Image Data

Image Modality Form Size Voxel (mm3) (#slice) Pathology

1 CT axial 256x256x20 0.5x0.5x5 (1-11) Stroke

0.5x0.5x8 (12-20)

2 CT axial 514x518x19 0.5x0.5x5 (1-11) Basal ganglion

0.5x0.5x10 (12-19) acute bleed

3 CT axial 512x512x23 0.5x0.5x5 (1-10) Epidural

0.5x0.5x8 (11-23) Acute Bleed

4 CT axial 512x512x21 0.5x0.5x5 (1-10) Stroke

0.5x0.5x8 (11-21)

5 CT axial 512x512x20 0.5x0.5x5 (1-9) Normal

0.5x0.5x8 (10-20)

6 MR (T2) axial 176x236x187 0.98x0.98x1.2 (1-187) Normal

7 MR (T1) coronal 256x256x123 0.9375x0.9375x1.5 (1-123)Atlas, Normal

For sparse 3D data where voxel has a voxel bottom edge to height ratio of 1/20 (Image 2 in

Table 1), the above registration algorithm cannot be applied directly. To avoid poor re-sampling

quality of the original image a method using 2D slice cross-correlation to align the midsagittal

plane is developed [23]. The basic idea is to find symmetry axis on each 2D slice, then optimally

fit a 3D plane through these parallel lines in space. This midsagittal plane extraction algorithm has

been tested on both CT and MR normal and pathological images and exhibits about one degree of

rotation error when compared against neuroradiologists’ hand alignment.

The result of midsagittal extraction is not to find where the midsagittal plane is, but where it

is supposed to be. This is especially true for pathology brains since the midsagittal plane often is

distorted (shifted and bended) due to large lesion. See Figures 8 and 9 for a sample of the results

obtained on 2D slices and 3D images. One thing to keep in mind is that although the result is

shown on 2D slices the method is using 3D computation of the whole brain. So local asymmetry

on 2D slices has little effect on the 3D orientation and location of the computed midsagittal plane.

For sparse 3D images, the pitch angle in each 3D image is not corrected after the midsagittal

plane is identified. A 2D maximization of mutual information registration algorithm is used to

register each image to a common midsagittal plane to correct the pitch angle. However, little pitch
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Figure 8:The ideal symmetry axis is extracted as the intersection of a 3D brain image and its midsagittal

plane. The method works even in the presence of obvious asymmetries, for example the sinus near the

frontal lobe in the left image.

Figure 9: Automatically extracted midsagittal plane from a 3D MR image
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angle difference has been observed in the CT images used in our experiments. This is because the

images are taken in the same hospital and from the same CT scanner, and the technicians who took

the images follow the same orbital meatal line2 while scanning. To maintain the integrity of each

2D slice, no further re-sampling is done. From now on we assume the pitch, yaw and roll angles

are corrected in each 3D image, and symmetry axis (plane) of the brain is centered in the middle

of the image.

3.3 Feature Extraction

A set of most significant visual features for detecting pathologies has been identified by neuroradi-

ologists, this set includes:

1. mass effect (departure of anatomical structure from normal brain bilateral symmetry),

2. anatomical location of the lesion,

3. density of the lesion,

4. contrast enhancement on the lesion,

5. lesion boundary,

6. lesion shape,

7. edema around the lesion,

8. lesion size,

9. lesion texture,

10. lesion station,

11. patient age (brains shrunk while aging which can be observed on an image).

Notice, 9 out of the 11 features require the explicit detection of the lesion. As it is well

known that medical image segmentation is a hard problem. Especially, each 3D image can contain

multiple lesions without knowing beforehand how many there are. These lesions take no specific

forms, density values, shapes or geometric and anatomic locations (see Figure 10). In attempting

an automatic segmentation algorithm, it is hard to avoid some sort of subjective thresholding.

2This is an approximate line from the angle of the orbit to the external auditory meatus and then go up about 12

degrees or so.
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Figure 10: Variations of lesions.From left to right the pathologies are: acute blood, acute blood,

infarct, infarct

Though many sophisticated segmentation algorithms are developed (Section 2), few are universally

applicable. In medical image retrieval, many systems depend on human experts to hand pick the

lesion as the initial input.

We take a completely different approach: instead of trying to precisely locating the lesion

interactively or automatically, we collect a set of relatively simple and computationally inexpensive

image features based on the assumption of normal brain symmetry. One must realize that though

the intention is to capture those features human experts suggest to be useful, there are NO necessary

one-to-one correspondences between the features human experts identify and the statistical features

a computer algorithm generates from an image. The hypothesis is that some (appropriately

weighted) subset of these simple features, collectively, may capture the statistical 3D brain model

of the pathology accurately. The feature selection process will be carried out in the next stage using

Bayesian classifiers. If none of these selected features, or any subsets of them, are effective, the

result of the classification will reflect that fact. Only then other, perhaps more expensive means,

will be utilized to extract more relevant features.

After image preprocessing, the ideal midsagittal plane is identified and aligned with plane

X0 = 0 (Figure 7). To extract features that will quantitatively describe the amount and type of

asymmetry in the image, we use three types of symmetry-descriptive features: 1) global statistical

properties, 2) measures of asymmetry of half brains, and 3) local asymmetrical region-based

properties. These features are extracted from the original imageI with its midsagittal plane aligned

with theX0 = 0 plane, the difference imageD of the original image and its mirror reflection

with respect toX0 = 0, the thresholded difference image, and the original imagemaskedby the

thresholded binary image (Figure 11).

Global statistical propertiesare computed over the entire half brain, and include features like

the mean and standard deviation of grey-level intensity.Asymmetry featuresare obtained by voxel-

wise comparison of corresponding left and right half brains. Two techniques are used to obtain
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Figure 11: Left: original imageI with midsagittal plane aligned. Middle: difference imageD =

I � reflectv(I). Right: thresholdedD

these features. (1) The first is to simply subtract out a vertically reflected image of the left brain

from its corresponding right half, to obtain a difference image D (Figure 11). Asymmetries show

up as large positive or negative density values in the difference image. Numeric features are then

computed as counts of how many voxels remain after thresholding D with different values. (2) In

the second technique, each image is smoothed with a Gaussian filter having a standard deviation

of 5, 9, or 15 pixels respectively. This equivalent to examine images at different resolutions. Then

the difference between each voxel and its counterpart in the opposite symmetrical half is recorded.

If that counterpart voxel falls significantly outside the estimated image gray-value distribution, i.e.

the difference is greater than 3, 4, or 5 standard deviations, it is flagged as being significantly

different, and again the number of voxels that pass this threshold test are counted. Finally, a set

of local region statisticsare generated by masking the original image with the threshold images

obtained in the previous step. Intensity statistics such as mean and variance are then computed over

these asymmetrical areas, and thus pertain only to the local areas where asymmetries are present.

3.4 Feature Selection via Classification

We hypothesize thatthe similarity metric that does well at classifying the images will also do well

in finding similar images. We propose a principled method, firmly rooted in Bayes decision theory,

to determine the set of most discriminative features by evaluating how well they perform on the

task of classifying images according to predefined semantic categories.

Kernel regression(KR), a memory based learning (MBL) [1, 31] technique, is applied to

classify images in the database. It works by approximating the posterior densities involved in the

classification process using a technique called Parzen window density estimation [34, 12, 4]. To

understand this process, recall that the a posterior probabilityP (cjx) of an image being in classc
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when feature vectorx is observed can be computed via Bayes law [12]:

P (cjx) =
P (xjc)P (c)

P (xjc)P (c) + P (xjc̄)P (c̄)
(1)

The prior probability P (c) of a classc can be easily estimated from labeled training data by

dividingNc, the number of instances in classc, by the total number of instancesN in the training set:

P (c) � Nc=N . The conditional densityP (xjc) for each class is estimated using the aforementioned

Parzen window density estimation technique. Intuitively, this is done by placing an identical

Gaussian kernel on each of the training instancesxi in a given class, and approximating the density

by a (appropriately normalized) sum of the identical Gaussian kernels:

P (xjc) � P̂ (xjc) =
1
Nc

X
j2c

G(x;xj; �) (2)

whereG(u; �; �) is a multivariate Gaussian kernel, and� acts as a smoothing parameter.

If we plug in P (c) � P̂ (c) = Nc=N and (2) into Bayes law (1), it is easily verified that the

posterior probabilityP (cjx) can be approximated by a weighted sum over the labeled instances,

where each instancexi is assigned a valuef(xi) of 1 if it belongs to the class, and 0 otherwise:

P (cjx) � P̂ (cjx) =

P
iG(x;xi; �)f(xi)P

iG(x;xi; �)
(3)

KR uses the above formula to approximate the posteriorP (cjx), and thus simply calculates a

weighted average of the classification functionf , averaged over the entire training set of training

instancesxi and weighted by a Gaussian kernel centered aroundx.

To evaluate individual KR classifiers, we compute the cross-entropy of the training data given

a classifier. There is a whole space of classifiers, as the KR density estimation will yield a different

result for each value of the smoothing parameter�, or when the distance metric (feature weighting)

is changed.Cross-entropyis defined as the negative log-likelihood of the training data given a

specific classifier, and is therefore a measure for how well a classifier performs. Formally, the cross

entropy is defined asE = �
P

i

P
c �iclnP̂ (cjxi) where�ic represents the 1-of-m multiple class

membership encoding, and̂P (cjxi) is the approximation of the a posterior probabilityP (cjx) of a

classc given a feature vectorx via Bayes law. Minimizing this function will yield a metric and a

kernel width� for which kernel regression best approximates the a posterior probabilitiesP (cjx),

and is thus optimally suited for classification [4].

The core of our approach consists of the fact that we perform an off-line, combinatorial search

in the space of classifiers to find one that minimizes a classification performance measure. We

will then use the associated similarity metric for image retrieval. Since kernel regression is almost
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uniquely defined by a distance metric (apart from�), it is ideally suited to our purpose. However,

different classification methods could conceivably be used (as long as they include the notion of a

distance metric) making our method very general. To prevent overfitting to the training data, each

classifier is evaluated using leave-one-out cross-validation[30] on a training set, containing roughly

two-thirds of the available data in the database. The rest of the data is set aside for evaluation

purposes, and is on this set that our results are reported. The specific optimization technique used

and the methodology of our approach will be explained in more detail in the experiments section

below.

The main result of the optimization process is a similarity metric, i.e. a weighted set of the

most discriminating features for use in a classifier. The classification process screens out the

majority of the 50 or so features that were extracted for each image, and ends up with a proper

subset of the initial feature attributes. Often, we have found that there are several feature subsets

that have quantitatively equivalent discriminating power. We believe this is explained by the large

redundancy that exists between the features themselves.

3.5 Classification Evaluation

Table 2: Evaluation Measurements for Classification and Retrieval
Measurement Definitions

T = number of total image instances

P = number of pathological instances in T

N = number of normal instances in T

TP = total number of correctly classified pathological instances

P as N = number of pathological instances which are classified as normal

N as P = number of normal instances which are classified as pathological

B as S = number of instances which are blood but classified as stroke

S as B = number of instances which are stroke but classified as blood

True positive rateTPR = TP/P

False positive rateFPR = N asP / N

False negative rateFNR = P asN / P

Confusion rateCFR = (B as S + SasB) / P

Classification RateCR = 1 - (P asN + N as P + B asS + SasB) / T

= 1- ((1-TPR)*P/T + FPR*N/T)

The quantitative evaluation of potential classifiers (similarity metrics) are carried out using
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measurements defined in Table 2. These definitions are established for a three-class classification

problem, one normal and two pathology classes.

In general, the classification will never be perfect, as the densities of the respective classes

overlap in feature space, and it is expected that errors will be made. This motivates the use

of decision theory to minimize the cost of deciding on a particular class for a given sample.

Specifically, in the domain of medical image classification/retrieval, it is imperative to minimize

the false negative rateFNR, i.e. minimize the occurrence of pathological cases being classified

as normal. This motivates acost matrixstructureCij = �(�ijcj), where afalse negative penalty

w is incurred whenever a pathological image is classified as normal, whereas a normal image is

classified as pathological simply incur a unit cost and zero cost presents when a class chosen is the

correct class. Thus, given three classes: 1. normal, 2. blood and 3. stroke, we typically use a

cost matrix of the form shown in Figure 12. A classification decision is made by minimizing the

expected risk associated with choosing class (Figure 13). For example,R1 in Figure 13 is the risk

to take when choosing class 1, i.e. normal, for the given image. From the expression one can see

that the higher the value ofw, the higher the risk. Thus by increasingw false negative decisions

are effectively punished.

Figure 12: One example cost matrix for three semantic classes: class 1. normal (N); class 2. stroke

(S) and class 3. blood (B).
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Figure 13: Risk matrix. R1 is the risk to take when choosing class 1, i.e. normal. The higher

the value ofw, the higher the risk. Thus by increasingw false negative decisions are effectively

punished.

3.6 Semantic Based Image Retrieval and Evaluation

Once a (locally) optimal classifier and associated distance metric have been found, we apply this

same metric to the image retrieval problem. Assume the extracted image features form anN

dimensional vector space, the overall distance functionD of two imagesa; b is defined as

D(a; b) =
q
( ~A� ~B)TΣ�1( ~A� ~B) (4)

where ~A = f(a); ~B = f(b) are theN dimensional image feature vectors of imagesa and b

respectively,Σ is anN � N covariance matrix. WhenΣ is a diagonal matrix,D is the weighted

Euclidean distance. WhenD is the Mahalanobis distance,Σ is a symmetric but not necessarily

diagonal matrix. In this paper we use non-uniformly scaled Euclidean distance. The weights inΣ
are discovered during the classifier selection process described above.

The image retrieval is done using K nearest neighbor (KNN) as commonly done in image

content-based retrieval. The evaluation of retrieved images can be simply the true positive rate or

precisionin the topK retrieved images. LetCp be the number of correct pathology class in the top

k retrieved images, then the topK precision rate isTPRK = Cp=K.
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4 Experiments

To test our ideas, we have built a small, end-to-end database retrieval system, starting with data

collection and preprocessing, feature definition and extraction, classification-based search for a

similarity metric, and finally quantitative evaluation of system retrieval performance. The following

subsections will discuss each of these aspects in turn. Because our approach builds a similarity

metric based on a classification problem which is query-dependent, the retrieval metric obtained is

tuned to the specific query. This point is illustrated in the last subsection.

4.1 Data Collection/Feature Extraction

This study was performed using a data set of 48 volumetric CT brain scans containing normal,

stroke and blood cases. Though our approach can be applied directly on 3D volumetric images,

in these experiments we use 2D slices. 2D image are easier to display, and physicians primarily

use 2D images as queries to access digital databases. It is also useful to identify normal slices in

an otherwise pathological 3D brain image. Finally, it is hard to obtain a sufficient number of 3D

images to make accurate statistical inferences from them, whereas a small number of 3D images

yields a large set of 2D slices. In fact, we go one step further and ultimately use2D half slices

as the basic descriptive unit for testing our approach, doubling the amount of data at our disposal

once more. This is justified under the assumption that the normal human brains are approximately

symmetrical, thus each half of a brain slice is potentially equivalent to the other half. The violation

of this symmetry is used as an implication of pathology.

After the data collection is done, each of the half slices is labeled according to its pathology

with the help of an expert, after which part of the data is set aside for evaluation purposes. In this

specific data-set, there were three distinct classes at the level of the half-slice: normal, stroke and

blood. The vast majority of the 2D half slices are labeled as normal, with only 127 stroke and 83

blood on a total of 1250 (See bottom half of Table 3). The 3D image set is then divided into a

training set containing 31 3D images and a hold-out test set containing 17 3D images, amounting

to a total of 1250 half slices (Table 3). We took care to separate the test set in such a way that there

is no mixing of 3D images between training and test set at the level of 2D slices. Instead, the test

set is a completely separate set of 3D images, and is only used for evaluation purposes.

The feature extraction for each of the half-slices is performed exactly as explained in the

approach section, yielding a total of 1250 data points in a 48-dimensional feature space. Next we

will look for a metric in this space that yields good classification.
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Table 3: Priori of 3D Image Data for Training and Testing

Normal Stroke Blood Total (rate)

3D Image 26 14 8 48

Set 54% 29% 17% 100%

Training 16 10 5 31

Set 51.6% 32.3% 16.1% 64.6%

Testing 10 4 3 17

Set 58.8% 23.5% 17.7% 35.4%

2D Half 1040 127 83 1250

Slices 83.2% 10.2% 6.59% 100%

Training 665 86 53 804

Set 82.7% 10.7% 6.6% 64.3%

Testing 375 41 30 446

Set 84.1% 9.2% 6.7% 35.7%

4.2 Searching the Space of Classifiers

To look for a distance metric in feature space with locally optimal classification performance

we used a proprietary combinatorial search engine called ’Vizier’, implemented here at CMU by

Moore et al. [39]. A classifier is defined by a distance metric and a smoothing parameter�. We

are looking for a kernel regression classifier that minimizes the leave-one-out cross-entropy of the

training data.

The ’Vizier’ search engine works by searching through a large set of possible classifiers within

the user’s specifications, and the search stops when either it exhausts all the possible choices or a

time limit given by the user is reached. Vizier applies a number of combinatorial search algorithms

ranging from hill-climbing in metric space to standard feature selection searches common in

the machine learning literature. Typically, we ran the search for a full hour on standard high-

performance workstations. The output from Vizier is a specification of the best similarity metric

found so far: the weights on each input attribute (a warped/scaled Euclidean space which is a

proper subspace of the original feature space in terms of dimensions), and the smoothing parameter

�.
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4.3 Evaluation of Classification Results

Since the search engine contains some non-determinism and yields an ’anytime’ best classifier, the

exact classifier found can vary from run to run. Different combinations of features can yield the

same discriminative power because of the redundancy between features. One such classifier found

used the features specified below. To explain these features, we introduce some notation: given a

2D sliceI, we will name its its left or right halfIH, the difference imageD = I � fliplr(I), and

the right or left half of the difference imageDH. The classifier in this example used 9 features out

of the original 48, all equally weighted in the distance metric:

�

� the sequence labeling of 2D slices

� the mean absolute value of the X direction gradient ofIH

� the ratio of non-zero pixels remaining inD when thresholded at 20=255

� the ratio of non-zero pixels remaining inD when thresholded at 60=255

� the ratio of non-zero pixels remaining inDH when thresholded at 60=255

� after Gausian smoothing of imageI with � = 5 and computing a new difference imageD of

I, the mean of non-zero pixels remaining inDH when thresholded at 5�

� after Gausian smoothing of imageI with � = 15 and computing a new difference imageD,

the mean of non-zero pixels remaining inD when thresholded at 3�

� after canny-edge the imageI with threshold 15 and� = 4, the total number of white pixels

in the top-left quarter

� letA be the sum of a pixel-wise multiplication of the absolute value ofDH and the absolute

value of vertical gradient ofIH, andB be the sum of the absolute values ofDH, thenA=B.

Once a locally optimal classifier is found, we evaluate its classification performance on the test

set by plotting standard ROC curves in function of the cost matrix parameterw (Figure 12) that

punishes false negatives. Figure 14 displays the ROC curves (true positive rate / false positive rate)

of the chosen classifier on classifying 2D half-slices, both for the training data and the separate test

set. As can be seen from the figure, the performance on the training set is much better than the

performance on the unseen test-set, which is to be expected, as we searched to minimize the former.

Thus, reporting performance figures on the training data will give optimistic if not false information
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on the performance of the resulting classifiers. The use of the cost-matrix and such summary graphs

provide a good quantitative overview of the strengths and weaknesses of a particular set of selected

features. It can also be used to select an appropriatew value to use when classifying new, unlabeled

images.

Figure 14:ROC curve for 2D classification on training images using LOO, and on a hold-out testing image

set.

4.4 From 2D Image To 3D Image Classification

From the result of the 2D half slice classifiers, can we build a classifier to predict what pathological

class the corresponding 3D image belongs to? This exercise is to demonstrate that following the

same approach it is possible to construct 3D image classifiers on top of its 2D classifiers. The

output of the 2D classifier is the input data for the 3D classifier. For a given 3D image withn

2D half slices,nN ; nS; nB are the numbers of predicted normal, stroke and blood classes, where

n = nN + nS + nB. We use the ratios ofrS = nS=n andrB = nB=n as the two input features for

the intended 3D classifier. So the problem becomes to find the posterior probabilityP (cj[rS; rB])
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Figure 15:2D classification rates for increasing value ofw.

of a 3D image being in classc when feature vector[rS; rB] is observed. Using Bayes law, this

probability can be expressed as

P (cj[rS; rB]) =
P ([rS; rB]jc)P (c)

P ([rS; rB]jc)P (c) + P ([rS; rB]jc̄)P (c̄)
(5)

Using the same optimization approach we have found several 3D image classifiers. The

performance of a 3D classifier strongly depends on the setting of the cost matrix parameterw: for

a low value ofw, the 2D classifier will classify most of the pathologies as normal, because the

densities overlap and normal slices are far more common. For a high value ofw, the classification

rate is sacrificed to the true positive rate, and the ratiosrS and rB become unreliable. This is

illustrated graphically in Figure 16, where the ratiosrS andrB are plotted in successive 2D plots,

in function ofw.

Using a simple 3D classifier with 50% strength on featurerS and full strength on featurerB,

we evaluate its performance on the testing data for all different settings ofw. The result of that

experiment is shown in Figure 17. As with 2D classification, classification rate is traded in for true

positive rate, although the effect is more indirect through the double classifier structure (and so an

ROC curve does not make sense here).

4.5 Two-Class Classification and Retrieval

Our approach is ideally suited to tuning a similarity metric to the specific type of query that will be

submitted to the system. As an example, one might only be interested in finding whether an image
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Figure 16: 3D classifier training data is migrating while the false negative penalty of the 2D

classifier increases. Read from left to right, top down.
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Figure 17: Test-set performance of the best 3D classifier. CR-4: classification rate. TPR: true

positive rate.

shows a pathology or not, without regard for the type of pathology. In this case, the metric that

classifies the images into normal/pathological might be different from one that needs to make the

additional distinction between stroke and blood.

When we tried this, the locally optimal classifier found by the search engine was indeed different

from the ternary classification case, although the features used overlapped substantially. The

resulting classifier was again evaluated using ROC curves (Figure 18) and the various classification

rates on the hold-out test set (Figure 19), as before.

4.6 Image Retrieval

The same similarity metric found above can now serve as an image index vector for retrieving

images by finding the nearest neighbors in the feature space, as is conventionally done in content-

based image retrieval. However, the dimension of the index feature vector is now much reduced

with respect to the initial feature space.

Figure 20 shows the mean retrieval precision rate for all the hold out test images, one for the

three-class case and one for the two-class case described in the previous section. The two different

optimal metrics found during classification are used here as the similarity metric for retrieval. One

can observe a slightly better performance for the 2-class than for the 3-class image set. This is

to be expected since 2-class classification leaves less space for errors to be made than the 3-class
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Figure 18:ROC curve for binary 2D classification on training images using LOO, and on a hold-out testing

image set.

Figure 19:Binary 2D classification rates on a hold-out testing image set.
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Figure 20:The mean value of retrieval precision as a function of the topK retrieved images.
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classification problem. However, in this problem the difficult class separation is not between blood

and the normal and stroke, but between normals and strokes. This observation is shown clearly in

Figure 16.

Given near 80% precision rate in average, this result implies that in average 8 out of 10 top

ranked retrieved images have the same pathology as the query image. Figures 21 and 22 show two

of the best retrieved results for blood and for stroke. One can observe the visual difficult in stroke

images.

Figure 21:Left: query image with acute blood. The first nine retrieved half slices follow,from left to right

in descending order are in descending order of similarity. The pathologies in the retrieved images are all

acute blood.

Figure 22:Left: query image with stroke (infarct). The first nine retrieved half slices follow,from left to

right in descending order are in descending order of similarity. The pathologies in the retrieved images are:

infarct, infarct infarct, normal,infarct, infarct infarct, normal,infarct.

5 Discussion

It should be emphasized that since the initial feature set contains many different attributes trying to

depict brain image symmetry from different perspectives, it is less important how many and which

features are chosen as a similarity metric. This is because the initial feature set contains a high

degree of redundancy. Several feature subsets have quantitatively equivalent discriminating power.

It is somewhat surprising that the classification result and retrieval result show about 80%

accuracy given the following facts:
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� no detailed segmentation or deformable registration are done on the training, testing or query

images, i.e. the pathology is determined without knowing the exact shape, size and the

location of the lesion (if any);

� the assumption of human brain symmetry does not always hold, i.e. normal human brains can

be grossly asymmetrical and pathology can appear symmetrically in a brain. The probabilistic

model in Bayes law is capable of capturing this kind of variable distribution.

During classification-driven semantic image retrieval process, the key step is to learn the

conditional density functionP (xjc) — the statistical model of brain is of classc given feature

subsetx. This is where the variations of degrees of symmetry are modeled.

Also worth noting are the following points:

� the retrieved 2D images are registered, thus returned images are located in similar anatomical

locations;

� no one-to-one correspondence between expert identified features and algorithm generated

features

� classification process is used as a feature evaluation process, the idea is to use simple,

inexpensive features first, when the classification rate is low, go back to find more expensive

features

From our preliminary study, two stages with five essential components are identified for con-

structing an intelligent semantic-based image retrieval system (Figure 23). The two stages are

(A) off-line similarity metric learning (feature selection) and (B) on-line image retrieval. The

five essential components are (1) Image preprocessing, (2) Image feature extraction, (3) Feature

selection via image classification, (4) Image retrieval, and (5) Quantitative evaluation. Though the

two stages share some common components the goals and constraints differ. In stage (1) the goal

is to find the best and smallest subset of image features that capture image semantics. It requires an

explicitly labeled image database, sufficient computer memory space to store large feature attribute

matrix and to support extensive search on this matrix. High computational speed is a plus but not

necessary. Stage (2), on the other hand, demands fast retrieval speed and presentation of retrieved

images in addition to a given similarity metric and a query image.

6 Conclusion and Future Work

The main novelty of our approach is to construct a similarity metric suited to semantic image

retrieval by finding a metric that does well at classification. Future work includes the study of
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Figure 23:A basic framework and individual components for classification driven semantic image retrieval
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different sets of most discriminative features for different purposes or on different subsets of the

image database, and dynamically switching from one similarity metric to another during retrieval.

For example, within the same pathology such as bleed the anatomical location of the lesion serves as

the dominating cue for further detailed classifications, but for tumors, lesion texture is also crucial

in their classifications. We expect feature weights to vary accordingly from the initial classification.

We also would like to combine visual features with collateral information such as age, sex, and

symptoms of the patient to obtain a better retrieval rate and faster retrieval speed. Other kind of

features such as eigenfeatures can also be added. The basic framework presented here has provided

us with such aninformation fusioncapability.

We are planning to apply this framework of classification driven semantic image retrieval to

different medical image databases. A Total Joint Registry containing 3D volumetric images (CT,

MR) and 2D X-rays. We envision that these two different applications only differ in the image

preprocessing and image feature extraction components, the rest of the methodology is general. In

both of these domains 3D volumetric images are used. In particular, 2D X-ray images are collected

in the Total Joint Registry for each patient over a long period of time. This sequence of 2D X-rays

forms a 3D volumetric image along the time axis. We intent to use such 3D image as query image

to find similar cases in the Registry. The scalability of our approach is yet to be tested on a much

larger sized image database. Larger database provides better, more convincing training and testing

image sets for memory-based learning approach.

In any application domain, coming up with the potential feature set is still an important and

not easily automated step. Candidate features need to be selected using considerable domain

knowledge. One advantage of classification driven approach is that the quantitative classification

result is telling you whether the initial features are sufficiently reflecting the image semantics. If it

flags not sufficient, some more work on understanding the domain knowledge is called for.

Though this work is carried out in 3D medical image domain, our emphasis on statistical feature

extraction, index feature selection via classification and retrieval evaluation, in particular, should

provide valid methods regardless of image domain or dimensions.
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