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Medical-Image Retrieval Based on Knowledge-
Assisted Text and Image Indexing
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Abstract—Voluminous medical images are generated daily. They
are critical assets for medical diagnosis, research, and teaching. To
facilitate automatic indexing and retrieval of large medical-image
databases, both images and associated texts are indexed using med-
ical concepts from the Unified Medical Language System (UMLS)
meta-thesaurus. We propose a structured learning framework
based on support vector machines to facilitate modular design and
learning of medical semantics from images. We present two com-
plementary visual indexing approaches within this framework: a
global indexing to access image modality and a local indexing to ac-
cess semantic local features. Two fusion approaches are developed
to improve textual retrieval using the UMLS-based image indexing.
First, a simple fusion of the textual and visual retrieval approaches
is proposed, improving significantly the retrieval results of both
text and image retrieval. Second, a visual modality filtering is de-
signed to remove visually aberrant images according to the query
modality concept(s). Using the ImageCLEFmed database, we
demonstrate the effectiveness of our framework which is superior
when compared with the automatic runs evaluated in 2005 on the
same medical-image retrieval task.

Index Terms—Content-based image retrieval, knowledge-based
image indexing, Unified Medical Language System (UMLS), visual
ontology.

I. INTRODUCTION

CURRENT medical-image analysis research mainly
focuses on image registration, quantification, and vi-

sualization. Although large amounts of medical images are
produced in hospitals every day, there is relatively less re-
search in medical content-based image retrieval (CBIR) [1].
Nevertheless, CBIR systems have a large potential in medical
applications. The three main applications concern medical
diagnosis, teaching, and research.

For the clinical decision-making process, it can be beneficial
to find other images of the same modality, of the same anatomic
region, and of the same disease [2]. For instance, for less experi-
enced radiologists, a common practice is to use a reference text
to find images that are similar to the query image [3]. Hence,
medical CBIR systems can assist doctors in diagnosis by re-
trieving images with known pathologies that are similar to a
patient’s image(s). Although modality, anatomy, and pathology
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information are normally contained in the DICOM header—the
standard medical image header—there are still some problems.
Indeed, DICOM headers contain a high rate of errors: error rates
of 16% have been reported in [4] for the field “anatomical re-
gion.” Although the purely image-based query methods will not
be able to replace text-based methods, they are a very good com-
plement to text-based query methods. In teaching and research,
visual retrieval methods could help researchers, lecturers, and
student find relevant images from large repositories. Visual fea-
tures not only allow the retrieval of cases with patients having
similar diagnoses, but also cases with visual similarity but dif-
ferent diagnoses.

Current CBIR systems [5] generally use primitive features
such as color, texture, or logical features such as object and their
relationships to represent images. Because they do not use med-
ical knowledge, such systems provide poor results in the med-
ical domain. More specifically, the description of an image by
a low-level image is not sufficient to capture the semantic con-
tent of a medical image. This loss of information is called the
semantic gap.

In reality, pathology-bearing regions tend to be highly lo-
calized [3]. However, it has been recognized that pathology-
bearing regions cannot be segmented out automatically for
many medical domains [1]. As an alternative, a comprehensive
set of 15 perceptual categories related to pathology bearing
regions and their discriminative features are carefully designed
and tuned for high-resolution CT lung images to achieve
superior precision rates over a brute-force feature-selection
approach [1]. Hence, it is desirable to have a medical CBIR
system that represents images in terms of semantic features
that can be learned from examples (rather than handcrafted
with a lot of expert input) and do not rely on robust region
segmentation.

The semantic gap can also be reduced by exploiting all
sources of information. In particular, mixing text and image
information generally increases the retrieval performance
significantly. Recent evaluation of visual, textual, and mixed
approaches within the cross language evaluation forum (CLEF)
[6] shows that the mixed approaches outperformed the results
of each single approach [7]. In [8], statistical methods are used
for modeling the occurrence of document keywords and visual
characteristics. The proposed system is sensitive to the quality
of the segmentation of the images.

In this paper, we propose to use medical concepts from the
National Library of Medicine’s (NLM) [9] Unified Medical
Language System (UMLS) meta-thesaurus to represent both
image and text. The use of UMLS concepts allows our system to
work at a higher semantic level and to standardize the semantic
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index of medical data, facilitating the communication between
visual end textual indexing and retrieval.

To bridge the semantic gap between low-level images fea-
tures and the semantic UMLS concepts, we propose a structured
learning framework based on support vector machines (SVMs)
[10]. This framework facilitates modular design and learning of
medical semantics from images. Each image is then represented
by visual percepts and UMLS concepts. We developed two com-
plementary visual indexing approaches within this framework:
a global indexing to access image modality, and a local indexing
to access semantic local features. Indeed, it is important to ex-
tract local information from images as pathology-bearing re-
gions tend to be highly localized [3]. This local indexing does
not rely on region segmentation but builds upon a patch-based
semantic detector [11].

We propose two fusion approaches to benefit from both im-
ages and associated text (e.g., DICOM headers and medical re-
port). First, a simple fusion of the textual and visual retrieval
approaches is proposed. Second, a visual-modality filtering is
designed to remove visually aberrant images according to the
query modality concept(s).

The main contributions of this paper are:
1) the use of the medical meta-thesaurus UMLS to stan-

dardize the semantic indexes of the textual and visual data;
2) a structured approach for designing and learning medical

semantics—that are a combination of UMLS concepts and
visual percepts—from images;

3) the fusion between global and local image indexing to cap-
ture both modality, anatomy, and pathology information
from images;

4) the fusion between textual and visual information: 1)
through a simple late fusion between textual and visual
similarities to the query and 2) through a visual filtering
according to UMLS Modality concepts;

5) the experimental results of the UMLS-based system on the
ImageCLEFmed medical-image-retrieval benchmark.

The textual and visual UMLS-based indexing approaches
are presented in Section II and III, respectively. Retrieval
approaches derived from these UMLS indexing methods are
presented in Section IV. We evaluate the UMLS-based retrieval
system on ImageCLEFmed 2005 Medical Image Retrieval
task in Section V, analyzing the potential of each approach.
The mean average precision (MAP) over 25 query topics is
compared with the best automatic runs in ImageCLEFmed
2005. Our proposed approach, based on the fusion between
text and image with a visual modality filtering, achieves seven
more MAP points (23% relative improvement) over the best
automatic run in ImageCLEFmed 2005.

II. TEXT INDEXING USING UMLS CONCEPTS

Conventional text information-retrieval (IR) approaches ex-
tract words or terms from text and use them directly for in-
dexing. Despite staying at the text “signal” level (syntactic) and
the simplicity of word extraction, this method is relatively ef-
fective most of the time and is efficiently used in various appli-
cations including Web search engines. This success is probably
due to the relatively higher semantic level of text compared with
other media.

If the use of words for indexing is enough in general, we
are confronted with imprecision and ambiguity in the case
of precise technical domain. Precise technical domain means
restricted domain knowledge, like medicine, where terms are
much more important than words. By definition, a term belongs
to a terminology: an exhaustive list of noun phrases that have
unique meanings in a given domain. Medicine is a typical
domain where new terms are forged by specialists to express
new diseases or new treatments, for example.

A. Conceptual Indexing

Indexing using terms (e.g., “skin cancer”) should improve
precision as the index denotes a unique meaning. However, this
can lead to a recall problem due to term variation and synonymy
(e.g., “melanoma”). Indexing at the conceptual level solves this
problem because concepts are abstraction of terms. Moreover, at
this conceptual level, we are not language-dependent, and such
an IR system becomes multilingual as only one unique set of
concepts is used to index a document in any language.

However there are challenges in setting up a conceptual in-
dexing. First, a domain knowledge resource built by specialists
is mandatory. This resource should incorporate all useful terms
and term variations of a domain, eventually in different lan-
guages, and each term should be properly associated with con-
cepts. It is costly to manually build such a resource. Second, we
need an automated tool to extract concepts from raw text. Con-
cept extraction is difficult because of the inherent ambiguity and
flexibility of the natural language. There are also many language
phenomena such as elision that complicates the task of detecting
concepts: some term variation refers to the previous expression
in the full-length text (e.g., “this destruction is due to it is due
to”). Moreover, by definition, concepts have unique meanings.
Extracting concept means disambiguating the text, which is al-
ways a very difficult task. Finally, a flat set of concepts can lead
to a sharp decline of recall if the system is not able to establish
a link from general concepts in a query (e.g., “bone fracture”),
and perhaps more precise concepts present in documents (e.g.,
“fracture of the femur”). Relation in the knowledge resource is
hence mandatory.

To sum up, for a conceptual indexing, we need the following.
• A terminology: it is a list of terms (single or multiterm)

from a given domain in a given language. Terms are
coming from actual language usage in the domain. They
are generally stable noun phrases (i.e., less linguistic
variations than any other noun phrase), and they should
have an unambiguous meaning in the restricted domain
they are used.

• A set of concepts: in our context, a concept is just a lan-
guage-independent meaning (with a definition), associated
with at least one term of the terminology. This notion of
concept is close to the notion of acception [12].

• A conceptual structure: Each term is associated with at
least one concept. Concepts are also organized into several
networks. Each network links concepts using a conceptual
relation.

• A conceptual mapping algorithm: this is a method that se-
lects a set of potential concepts from a sentence using the
terminology and the conceptual structure.
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We used to call the conceptual structure with the concept set
and the terminology the domain knowledge resource. This point
of view is a strong simplification of the complex reality, but
this description is enough for an indexing usage: conceptual in-
dexing is then the operation of transforming natural language
document into an indexing structure of concepts (e.g., sets, vec-
tors, and graphs) by the way of the conceptual mapping algo-
rithm using the domain knowledge resource.

B. From Terms to Concepts

One may think that dealing with a precise domain may reduce
some of the concept extraction problems, like ambiguity. This is
partly true. Term ambiguity arises when different concepts may
be mapped to a single term. In practice, ambiguity depends on
the precision of the knowledge resource. If we reduce the do-
main, then we also reduce possible term exceptions, hence also
ambiguity. For example, “X-ray” may refer to a wave in physics,
but could only refer to an image modality in radiology. Unfor-
tunately, when we have more precise concepts (and terms), we
are confronted with another form of ambiguity: a structure am-
biguity. This corresponds to several ways of concept extraction,
where some are composition of others. For example, the term
“right lobe pneumonia” can be associated with a single concept
but can be split into two terms associated with other concepts:
“right lobe” and “pneumonia.” A common solution is to model
“concepts structure equivalence.” This consists of setting up a
model that expresses concept composition and relations. Some
of these relations can be equivalence or subsumption. A Termi-
nological Logic can be used, but it is often neither simple nor
possible to set up such a process for indexing purpose using a
real large set of concepts, because concepts have to be expressed
in the chosen formalism. Such a formalized concept resource is
then an “ontology.” A large ontology on medicine with concepts
expressed in a logical format does not yet exist.

Another common difficulty for concept extraction is term
variation. Despite the fact that terms should be stable noun
phrases, there still exist in practice many variations in technical
terms. It is the role of the terminology to list all term variations,
but, in practice, some variations have to be processed by the
conceptual mapping algorithm.

Despite these difficulties, conceptual indexing can produce a
high-precision multilingual indexing and can solve every pre-
cise query. This solution is adapted for the medicine domain.

C. Using a Meta-Thesaurus

A meta-thesaurus is a merger of existing thesauri. A the-
saurus in IR differs from a terminology by its usage and its
structure. Terminology is used to describe possible or acceptable
terms from a domain, for language normalization, official trans-
lation, and so on. A thesaurus is used for document indexing.
It is often used for manual indexing, hence a thesaurus may in-
clude word entries that are not really terms because they are
not used in actual text. For example, the entry Technology
and Food and Beverages in the MESH thesaurus is not
a term in medicine, but it is used to support the thesaurus hi-
erarchy. This refers to another difference between terminology
and a thesaurus: to be used as a (manual) indexing tool, a the-
saurus needs to be structured, at least as a hierarchy.

Fig. 1. Indexing path of the text.

Merging different thesauri produces a meta-thesaurus, and it
does not lead to the ideal conceptual structure we briefly de-
scribed in the previous section: not all entries are terms, so
not all entries can be found in actual text. Moreover, different
thesaurus structures (e.g., hierarchy) have to be merged in one
structure. This is a difficult problem.

UMLS is a good candidate to approximate a domain knowl-
edge resource for medical image and text indexing. First, UMLS
has a large base that includes more than 5.5 million terms in
17 languages. It is maintained by specialists with two updates
a year. Unfortunately, UMLS as a merger of different sources
(i.e., thesaurus and terminology), is neither complete nor con-
sistent. In particular, the links among concepts are not equally
distributed. In UMLS, the notion of concept has been added to
unify the merging of resources. The interconcept relationship
(like hierarchies) is those from the source original thesaurus.
Hence, there is a sort of redundancy as multiple similar paths
can be found between two concepts using different sources.
From the 5.5 million terms, UMLS identifies 1.1 million unique
concepts.

In order to have a common categorization of this concept
set, UMLS has a global high-level semantic category called se-
mantic types and semantic groups [13] assigned manually and
independently of all thesaurus hierarchies by the meta-thesaurus
editors. This partially solves the problem of merging existing
thesaurus hierarchy during the merging process.

In the following, we describe the way we have used this meta-
thesaurus to build up and test an effective conceptual indexing.

D. Indexing Process

Fig. 1 depicts the indexing path. From the text document col-
lection, it produces a document identifier matrix, usually called
an inverse matrix, ready to be queried. The global first step (on
the top) is the transformation from raw text documents to docu-
ments expressed as concepts. The treatment path is the same for
documents and queries.

Despite the large set of terms and term variations available
in UMLS, it still cannot cover all possible term variations. The
concept mapping algorithm has to manage term variations. For
English texts, we use MetaMap [14] (box (1) in Fig. 1) provided
by NLM. By using lexical variants in the SPECIALIST lexicon
and the database of synonyms supported by UMLS knowledge
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source, MetaMap provides good coverage on different vari-
ants for concept identification. The concept identification in
MetaMap involves the following four steps where each of the
first three steps produces output identified by a keyword.

Step 1) Text parsing (phrase): the goal is to identify noun
phrases. The remaining steps are performed on noun
phrases only.

Step 2) Generating variants and candidate selection (can-
didates): MetaMap computes noun phrases vari-
ants including acronyms, abbreviations, synonyms,
derivational variants, inflectional and spelling vari-
ants, as well as meaningful combination of these
variants. The candidate set is all meta-thesaurus
strings containing at least one of the variants.

Step 3) Candidate evaluation (ev in candidates and
mappings): this evaluation produces a confident
score value based on four components: centrality,
variation, coverage and cohesiveness. Centrality is
equal to 1 if candidate term involves the head of the
noun phrase. Variation computes the distance be-
tween the text and candidate term. This distance is
related to thestepsneededtoproducethe termvariant.
Coverage is related to number of words in the candi-
date term present in the text. Cohesiveness is similar
to coverage but takes into account connected words.

Step 4) Final mapping proposition between concept and text
(mapping): this step is the final MetaMap mapping
proposition. The system combines the best candi-
date terms to form mapping between the noun phase
and candidate terms.

We have developed a similar tool XIotaMap (box (4) in
Fig. 1) for French and German documents. The tool receives
the outcome of the part-of-speech parsing provided by Tree-
Tagger [15]. This concept extraction tool is a simplified version
of MetaMap. The steps are described as follows.

Step 1) Text parsing: it is provided by TreeTagger, which
assigns part of speech (POS) tag and also a stemmed
version for each word (box (3) in Fig. 1).

Step 2) Generating candidate variants: based on POS, noun
phrases are selected. Only case and stemmed vari-
ants are examined for each word in the noun phrases.

Step 3) Concept selection: either the largest or all candidate
variants that match an UMLS entry are selected. We
have also reduced the thesaurus list to exclude con-
cepts that are not in the medical domain. For ex-
ample, this enables the identification of “x-ray” as
radiography and not as the physical phenomenon
(the wave) which seldom appears in our documents.

Like MetaMap, XIotaMap does not provide any disambigua-
tion. But selecting concepts associated to the largest terms tend
to reduce ambiguity. Concepts extraction is also limited to noun
phrases (i.e., verbs are not treated). Also, we do not solve the
structure ambiguity: a partial solution is to include in the index
all concepts potentially extracted from texts.

The extracted concepts are then organized in conceptual vec-
tors, using a conventional vector space model (VSM) [16] in
IR. This is the role of the indexing treatment [box (5)] in the in-
dexing path. The documents in each different language follows

a parallel treatment path. The indexing also merges concepts ex-
tracted from these different sources.

Finally, in the case of documents, the XML matrix is in-
verted and a weighting scheme is applied. A concept identi-
fier is associated with the list of all documents where it ap-
pears with the corresponding weight. This is a classic file in
VSM indexing, except that the format is XML and vector di-
mensions are concept identifiers. We use the weighting scheme
provided by our XIOTA indexing system [17]. This solution en-
ables us to reuse classical standard indexing as retrieval tools.
XIOTA is a VSM-based experimental IR system which handles
and produces data in XML format. Documents and queries rep-
resented by UMLS concepts under XML format are firstly used
to build document vectors and query vectors of concepts with
their frequencies. All document vectors are then combined and
reweighted to form a unique direct matrix of all concepts with
their (i.e., product of term frequency and inverse docu-
ment frequency) weighting values.

Query vectors are treated the same way. The querying process
is performed to yield the ranking list of relevant documents.
This process is in fact a matrix product between the direct ma-
trix of query and the inverse docu-
ment matrix . Dimension filtering
and reweighting, as well as fusion with image retrieval, are per-
formed subsequently on the document ranking list. All results
are presented in the experimental evaluation section (Section V).

The choice of standard VSM for concepts is debatable, as we
cannot guarantee independence of vector dimensions. In prac-
tice (see the results in Section V), it does not affect the results.
Conceptualization of documents and queries is just filtering
noun phrases and replacing them with a concept identifier: from
a statistical distribution point of view, the change should be
small. This explains why the use of classical IR word weighting
still tends to be effective with concepts. We know that this
aspect should be more carefully investigated. In this study, we
mostly experience the effectiveness of dimension filtering and
reweighing that boost results, more than the effect of conceptual
indexing per se (see Section V-A). Also, this enables us to build a
unique multilingual index instead of an index for each language.
In this way, the document base can be queried using any of the 17
languages of UMLS. Finally, using concepts instead of terms en-
ables a “standard” description that is used in the image indexing
part. We can then have a common “inter-media” conceptual
index between multilingual text document and images.

III. SEMANTIC MEDICAL-IMAGE INDEXING

We aim to bridge the semantic gap between low-level visual
features (e.g., texture and color) and medical concepts (e.g.,
brain, computed tomography, and fracture) for content-based
indexing and retrieval. More precisely, our aim is to associate
with each image or with each region a semantic label that corre-
sponds to a combination of UMLS concepts and visual percepts.
In this way, we have a common language for both images and as-
sociated textual data (e.g., DICOM headers or medical reports).
We define three types of UMLS concepts that could be associ-
ated to one image or one region:

• modality concepts that belong to the UMLS semantic type:
“Diagnostic Procedure”;
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Fig. 2. Typical tree structure for a VMT classifier.

• anatomy concepts that belong to the UMLS semantic
types: “Body Part, Organ, or Organ Component,” “Body
Location or Region,” “Body Space or Junction,” or
“Tissue”;

• pathology concepts that belong to the UMLS semantic
types: “Acquired Abnormality,” “Disease or Syndrome,”
or “Injury or Poisoning.”

We propose a structured learning framework based on SVMs
to facilitate modular design and learning of medical semantics
from images. We developed two complementary indexing ap-
proaches within this statistical learning framework:

• a global indexing to access image modality (e.g., chest
X-ray, gross photography of an organ, or microscopy);

• a local indexing to access semantic local features that are
related to modality, anatomy, and pathology concepts.

After a brief presentation of our common learning
framework in Section III-A, we detail both approaches in
Sections III-B and III-C.

A. Common Statistical Learning Framework

First, a set of disjoint semantic tokens with visual appear-
ance in medical images is selected to define a Visual and Med-
ical (VisMed) vocabulary with reference to the UMLS concepts.
This notion of using a visual and semantic vocabulary to rep-
resent and index images has been applied to consumer images
in [18]. Here, we use UMLS concepts to represent each token
in the medical domain. Second, low-level features are extracted
from image-region instances to represent each token in terms
of color, texture, and shape, for example. Third, these low-level
features are used as training examples to build a semantic clas-
sifier according the VisMed vocabulary. We use a hierarchical
classification scheme based on SVMs.

A tree whose leaves are the VisMed Terms (VMTs) is
designed and constructed in a top-down manner, guided by
the possible hierarchy of the associated terms in UMLS and
manual inspection on the visual similarities among the VMTs.
The upper levels of the tree consist of auxiliary classes that
group similar terms with respect to their visual appearances.
A schematic example of the tree structure is given in Fig. 2.
A learning process is performed at each node in the following
way. If a node corresponding to a class has direct children,

SVM classifiers are learned to classify a class against the
other classes. The positive and negative examples for a

TABLE I
MODALITY-RELATED GVM INDEXING TERMS (ITALIC: COLOR) AND NUMBERS

OF IMAGES

class are given by the instances of the term(s) associated
with the class and the instances of the terms associated to the

other classes, respectively.
The classifier for the VisMed vocabulary is finally designed

from the tree of SVM conditional classifiers in the following
way. The conditional probability that an example belong to
a class given that the class belong to its superclass is first
computed using the softmax function [19]

(1)

where is the signed distance to the SVM hyperplane that sep-
arates class from the other classes under the same superclass

. The probability of a VisMed Term (i.e., a leave of the
tree) for an example is finally given by

(2)

where is the number of hierarchical levels, is
equal to , denotes the superclass to which

belongs, is the root class containing
all of the vocabulary (it corresponds to the tree root), and

is given by (1). For example,
the probability of the term of Fig. 2 is given by

(3)

where denotes the class in Fig. 2.

B. Global UMLS Indexing

The global UMLS indexing is based on a two-level hierar-
chical classifier according to the main modality concepts. This
modality classifier is learned from about 4000 images separated
into 32 classes: 22 gray-level modalities and 10 color modali-
ties. All of these global visual and modality (GVM) indexing
terms and the numbers of image samples are given in Table I,
where the GVM terms in italic font refer to color modalities.
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Except for the indexing term “Presentation-slides,” each in-
dexing term is characterized by a UMLS modality concept and,
sometimes, an anatomy concept (e.g., neck or pelvis), a spatial
concept (e.g., axial or frontal), or a color percept (color, gray).
The training images come from the CLEF [6] database (about
2500 examples), from the IRMA [20] database (about 300 ex-
amples), and from the Web (about 1200 examples). Potential
training images from the ImageCLEFmed database was first
automatically selected based on the presence of the modality
concepts found in the associated medical reports. A manual in-
spection step was then performed on these potential training im-
ages to remove irrelevant examples. For instance, text descrip-
tion such as “A CT scan is recommended for the patient” in the
medical report while the associated image is actually an X-ray
image and the term “X-ray” may not appear in the medical re-
port itself. We plan to automate this filtering in the near future.

The first level of the classifier corresponds to a classification
for gray-level versus color images. Indeed, some ambiguity can
appear due to the presence of colored images or the slightly blue
or green appearance of X-ray images. This first classifier uses
the first three moments in the HSV color space computed on the
entire image. The second level corresponds to the classification
of Modality UMLS concepts given that the image is in the gray
or the color class. For the gray-level class, we use gray-level his-
togram (32 bins), texture features (mean and variance of Gabor
coefficients for five scales and six orientations), and thumbnails
(gray values of 16 16 resized image). For the color class, we
have adopted the HSV histogram (125 bins), Gabor texture fea-
tures, and thumbnails. Zero-mean normalization [21] was ap-
plied to each feature. For each SVM classifier, we adopted an
RBF kernel

(4)

where and with a modified city-block distance:

(5)

where and are feature vec-
tors, are feature vectors of type ,

, is the feature vector dimension, and is the number
of feature types: for the gray versus color classifier
and for the conditional modality classifiers: color, tex-
ture, and thumbnails. This just-in-time feature fusion within the
kernel combines the contribution of color, texture, and spatial
features equally [22]. It is simpler and more effective than other
feature fusion methods we have attempted.

The classifier has been first trained—using SVM-Light soft-
ware [10], [23], [24]—on half of the dataset (training set) to
evaluate its performance on the other half of the dataset (valida-
tion set) to determine the optimal SVM parameter that gives
the lowest error rate averaged over all classes. For the RBF ker-
nels, we have derived . The average error rate on the val-
idation set is 18%, with recall and precision rates higher than
70% for most of the classes. The classification is quite good
given the high intraclass variability of some classes and high

interclass similarity among some classes. For example, to dif-
ferentiate a brain MRI image and a brain CT image is a difficult
task, even for a human operator.

The probability of a modality for an image is given
by (2). More precisely, we have

if
if

(6)
where and denote the color and the gray-level classes,
respectively.

A modality concept label can thus be assigned to an image
using the following formula:

(7)

After learning (using the entire dataset in order to have more
training samples), each database image is indexed according
to modality given its low-level features . The indexes are the
probability values given by (6).

C. Local UMLS Indexing

To better capture the medical image content, we propose to
extend the global modeling and classification with local patch
classification of local visual and semantic (LVM) terms. Each
LVM indexing term is expressed as a combination of UMLS
concepts from Modality, Anatomy, and Pathology semantic
types. In these experiments, we have adopted color and texture
features from patches (i.e., small image blocks) and a classifier
based on SVMs and the softmax function [19] given by (1).
A semantic patch-based detector based on SVM, similar to
the GVM classifers described above but now on local image
patches, was designed to classify a patch according to the 64
LVM terms given in Table II.

The color features are the three first moments of the Hue,
the Saturation, and the Value of the patch. The texture features
are the mean and variance of Gabor coefficients using five
scales and six orientations. Zero-mean normalization [21] is
applied to both the color and texture features. We adopted an
RBF kernel with a modified city-block distance given by (5).
The training dataset is composed of 3631 patches extracted
from images mostly coming from the Web (921 images coming
from the Web and 112 images from the ImageCLEFmed col-
lection 0.2%). The classifier has been first trained—using
SVM-Light software—on the first half of the dataset to be
evaluated on a second half. The error rate of this classifier is
about 30%.

Since the resolutions of the training images are different, we
first normalized the images, respecting their aspect ratios, to
resolutions with a maximum of 360 pixels on the longer side.
As most of the LVM terms are visible within areas of 40 40
pixels (i.e., 1/9 along horizontal or vertical dimension), we have
decided to build our LVM classifiers based on 40 40 image
patches.

After learning, the LVM indexing terms are detected during
image indexing from image patches without region segmenta-
tion to form semantic local histograms. Essentially, an image is
tessellated into overlapping image blocks of size 40 40 pixels
after image-size normalization, similar to the preprocssing step
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TABLE II
LVM INDEXING TERMS AND NUMBERS OF SAMPLES

in learning as described above. Each patch is then classified into
one of the 64 LVM terms using the Semantic Patch Classifier.
An image containing overlapping patches is then character-
ized by the set of LVM histograms and their respective loca-
tion in the image. An histogram aggregation per block gives the
final image index: LVM histograms. Each bin of a given
block corresponds to the probability of a LVM term presence
in this block. This probability is computed as follows:

(8)

where is a block of a given image, denotes a patch of the
same image, is the area of the intersection between

and (i.e., the number of pixels common in both image patch
and image block ), and is given by (2).

Note that we require the design of each tessellation block
to cover or overlap with at least some patch so that

is nonzero. This requirement can be easily satisfied as long
as the sampling of image patches is dense enough to cover the
entire image. Also, we have adopted block-based tessellation
instead of region segmentation as robust segmentation is still an
open problem and the segmentation outcome is erroneous in our
preliminary experimentation.

To facilitate spatial aggregation and matching of image with
different aspect ratios , we design five tiling templates, namely

, 3 2, 3 3, 2 3, and 1 3 grids resulting
in three, six, nine, six, and three probability vectors per image,
respectively. This design choice was based on the observation
on the most common aspect ratios of the images in the database
so as to balance the tradeoff between computational complexity
in image matching and distortion in comparing images with dif-
ferent aspect ratios.

IV. IR BASED ON SEMANTIC MEDICAL INDEXING

Here, we consider the problem of retrieving images that
are relevant to a textual query (free text) and/or to a visual
query (one or several images) from a large medical database.
This database is supposed to be constituted of cases, each case
containing a medical report and one or several images. We
developed a retrieval system enabling three types of retrieval
methods: a textual retrieval method that matches textual query
and the textual indexes of the medical reports, a visual retrieval
method that matches query image(s) and the visual indexes of
the database images, and a mixed retrieval that combines visual
and textual indexes. This system is presented in Fig. 3, and each
proposed retrieval method is described in the next sections.

A. Textual Retrieval

Textual retrieval consists of performing the matching between
the weighted concept vector of the query and the Inverse Con-
cept Matrix produced. We have tested three text-retrieval ap-
proaches based on conceptual indexing using UMLS concepts
extracted as described in Section II. The first conceptual text
retrieval approach (denoted as ) uses a VSM [16] for repre-
senting each document and a cosine similarity measure to com-
pare the query index to the database medical report. The
measure is used to weight the concepts.

One major criticism we have against VSM is the lack of struc-
ture of the query. VSM is known to perform well using long tex-
tual queries but ignoring query structure. The ImageCLEFmed
2005 queries we tested are rather short. Moreover, it seems ob-
vious to us that it is the complete query that should be solved and
not only part of it. After query examination, we found out that
queries are implicitly structured according to some semantic
types (e.g., anatomy, pathology, or modality). We call this the
“semantic dimensions” of the query. Omitting a correct answer
to any of these dimensions may lead to incorrect answers. Un-
fortunately, VSM does not provide a way to ensure answers to
each dimension.

To solve this problem, we decided to add a semantic dimen-
sion filtering step to the VSM in order to explicitly taking into
account the query dimension structure. This extra filtering step
retains answers that incorporate at least one dimension. We use
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Fig. 3. Retrieval system based on UMLS-based image and text indexing.

a semantic structure on concepts provided by UMLS. Semantic
dimension of a concept is defined by its UMLS semantic
type, grouped into semantic groups: Anatomy, Pathology,
and Modality. Only a conceptual indexing and a structured
meta-thesaurus like UMLS enable us to do such a semantic
dimension filtering (DF). This filtering discards noisy answers
regarding to the dimension query semantic structure. We shall
denote this VSM with a DF approach as .

Another solution to take into account query semantic struc-
ture is to reweight answers according to dimensions. Here,
Relevance Status Value output from VSM is multiplied by
the number of concepts matched with the query according
to the dimensions. This simple reweighting scheme strongly
emphasizes the presence of a maximum number of concepts
related to semantic dimensions. This reweighting step is fol-
lowed by the previous DF step. We use to indicate this
dimension weighting and filtering (DWF) approach. According
to our results in Table III, this produces the best results for
the ImageCLEFmed 2005 collection with 22% of MAP. This
result outperforms any other classical textual indexing reported
in ImageCLEFmed 2005. Hence, we have shown here the
potential of conceptual indexing.

B. Visual Retrieval

For query by example(s), we propose three retrieval methods
based on the two visual indexing presented in Section III. When
several images are given in the query, the similarity between a
database image with the query is given by the maximum value
among the similarities between and each query image.

The first method, denoted as , is based on the global in-
dexing scheme according to the modality. An image is repre-
sented by a semantic histogram, each bin corresponding to a
modality probability. Even if the anatomy and the pathology are
not directly taken into account in such an index, it captures im-
plicitly more information than the modality. Indeed, the image
is not represented by a single modality but by its projection in
a semantic space. The distance between two images is given by
the Manhattan distance (i.e., a city-block distance) between the

TABLE III
COMPARATIVE RESULTS ON THE MEDICAL-IMAGE RETRIEVAL

TASK OF ImageCLEFmed 2005

two semantic histograms. The similarity between a query image
and a database image is then given by

(9)

where is given by (6).
The second method, denoted as , is based on local

UMLS visual indexing. An image is then represented by
semantic histograms. Given two images represented as

different grid patterns, we propose a flexible tiling (FlexiTile)
matching scheme to cover all possible matches. For instance,
given a query image of 3 1 grid and an image of 3 3
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grid, intuitively should be compared with each of the three
columns in , and the highest similarity will be treated as the
final matching score.

The FlexiTile matching scheme is formalized as follows. Sup-
pose a query image and a database image are represented as

and grids, respectively. The overlapping grid
, where and is

the maximal matching area. The similarity between and is
the mean of the similarity of all possible tilings

(10)

where , ,
, , and the similarity for each tiling

is defined as the average similarity over
blocks as

(11)

and, finally, the similarity between two
image blocks is computed based on distance measure
(city-block distance) as

(12)

where
and is the probability of a LVM term presence in
block given by (8). There is a tradeoff between content sym-
metry and spatial specificity. If we want images of similar se-
mantics with different spatial arrangement (e.g., mirror images)
to be treated as similar, we can have larger tessellated blocks
(i.e., the extreme case is a global histogram). However, in ap-
plications such as medical images where there is usually very
small variance in views and spatial locations are considered dif-
ferentiating across images, local histograms will provide good
sensitivity to spatial specificity. Furthermore, we can attach dif-
ferent weights to the blocks to emphasize the focus of attention
(e.g., center) if necessary. In this paper, we report experimental
results without block weighting.

The last visual retrieval method, denoted as , is the fusion
of the two first approaches, i.e., and . This approach
thus combines two complementary sources of information, the
first concerning the general aspect of the image (global indexing
according to modality), and the second concerning semantic
local features with spatial information (local UMLS indexing).
The similarity to a query is given by the mean of the similarity
to a query according to each index. This simple fusion was more
effective than other fusion methods we have tested [25].

C. Mixed Retrieval

The last module of our retrieval system concerns the fusion
between text and image retrieval.

The first fusion method, denoted as , is a late fusion of vi-
sual and textual similarity measures, obtained from approaches

and , respectively. The similarity between a mixed
query ( , ) and a couple
composed of an image and the associated medical report
is then given by

(13)
where denotes the maximum of the visual similarity
between and an image of , denotes the textual
similarity between the textual query and the medical report

, denotes the image database, and denotes the text data-
base. After systematic experimentations with ranges from 0
to 1 at 0.1 equal intervals, we choose , which gives
the best retrieval performance. The factor allows the control
of the weight of the textual similarity with respect to the image
similarity. In order to compare similarities in the same range,
each similarity is divided by the corresponding maximal simi-
larity value on the entire database.

The other fusion paradigm is based on modality visual
filtering by exploiting the UMLS index of images directly.
Indeed, it is based on a direct matching between the modality
concept extracted from a given textual query and the
estimated modality concept precomputed (see
Section III-B) as part of the conceptual image index for each
image . This direct matching is done automatically with the
use of UMLS. More specifically, a comparison between the
UMLS concept related to modality and the image modality
index is done in order to remove all aberrant images. The
decision rule is the following: an image is admissible for a
query modality only if

(14)

where is a threshold defined for the modality
determined empirically in our experiments for

optimal retrieval performance. This decision rule de-
fines a set of admissible images for a given modality

. The
final result is then the intersection of this set and the ordered set
of images retrieved by any retrieval method. This modality filter
is particularly interesting for filtering textual retrieval results as
several images of different modalities can be associated with
the same medical report. The ambiguity is thus removed when
using a visual modality filtering. We applied this modality
filter to the best UMLS conceptual text indexing and retrieval
method (i.e., as described above) and denote this second
fusion method as . Last but not least, we also applied the
modality filter to the result of late fusion as another fusion
method (denoted as ).

V. EXPERIMENTAL EVALUATION

We have tested each of our proposed UMLS-based indexing
and retrieval approaches on the medical image collection of
the ImageCLEFmed benchmark. This database consists of
four public datasets (CASImage [26], MIR [27], PathoPic
[28], and PEIR [29]) containing 50 026 medical images with
the associated medical reports in three different languages.
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In the ImageCLEF 2005 Medical Image Retrieval task (i.e.,
ImageCLEFmed), 25 topics were selected with the help of a
radiologist. Each topic contains at least one of the following
axes: anatomy (e.g., heart), modality (e.g., X-ray), pathology
or disease (e.g., pneumonia), and abnormal visual observation
(e.g., enlarged heart). Each topic is also associated with one or
several query images to allow both textual and visual retrieval.
An image pool was created for each topic by computing the
union overlap of submissions and judged by three assessors
to create several assessment sets. The relevance images are
the ones judged as either relevant or partially relevant by at
least two assessors. The relevance set of images is used to
evaluate retrieval performance in terms of uninterpolated mean
average precision (MAP) computed across all topics using
trec_eval tool [30]. In 2005, 134 runs were evaluated on 25
queries with respect to the relevance sets.

We present here the results of nine approaches on these 25
queries to evaluate the benefit of using a UMLS indexing, espe-
cially in a fusion framework.

First, three UMLS image indexing were tested on the fol-
lowing visual queries.

Global UMLS image indexing and retrieval based on
Manhattan distance between two modality indexes;

Local UMLS image indexing and retrieval based on
Manhattan distance between two LVM histograms;

Late fusion of the two visual indexing approaches
and .

Second, three purely textual approaches have been tested:
UMLS conceptual text indexing and retrieval;
UMLS conceptual text indexing and retrieval with

Dimension Filtering (DF);
UMLS conceptual text indexing and retrieval with

DWF.
Finally, the benefit of combining the two sources of informa-

tion is evaluated on three runs:
Late fusion of the two best text and image indexing

and retrieval approaches and ;
Modality visual filtering on the best UMLS concep-

tual text indexing and retrieval ;
Modality visual filtering on the fusion between text

and image UMLS indexing .
Comparative results are given in Table III. For the purely vi-

sual retrieval, two of our results ( , ) are better than the
best 2005 (visual only) results , especially when local and
global UMLS indexes are mixed .

Our previous conceptual text-retrieval approaches with di-
mension filtering were ranked as the top two textual-retrieval
methods presented in 2005 ( 20.84% and 20.75%, re-
spectively) [7]. The approach is significantly better than the
other textual approaches submitted to ImageCLEFmed 2005.
Our previous approach used a textual dimension filtering on
MeSH terms (DFMT) according to three dimensions: modality,
anatomy, and pathology [31], [32]. The use of filtering ac-
cording to modality, anatomy, and pathology dimensions
improve the results significantly. The high average precision
is principally due to this textual filtering. We note that the
association between MeSH terms and a dimension had to be
done manually.

With the use of the UMLS meta-thesaurus, we now have the
advantage of accessing these dimensions using the semantic
type associated to each UMLS concept. Using the same filtering
automatically, we obtain a compatible result . A slight im-
provement of 1% with respect to the best result of 2005
is obtained with an additionnal weighting according the number
of matched concept for the three dimensions .

We verify the benefit of the fusion between image and text:
from 22% for the text only and 12% for the image
only, we achieve 28% MAP with a simple fusion of the retrieval
results . Also, the use of a visual filtering according to the
modality concept of the textual query improves the results sig-
nificantly .

Our best result is obtained using visual filtering on the result
of the fusion between text and image retrievals , leading to
an improvement of seven MAP points (i.e., from 28% to 35%)
with respect to the best mixed result in 2005 .

In summary, our image retrieval results on the Image-
CLEFmed medical database have shown the real potential of
the UMLS-based knowledge-assisted indexing approach with
different fusion schemes for both images and text.

VI. CONCLUSION

Medical CBIR is an emerging and challenging research area.
We have proposed a retrieval system that represents both texts
and images at a very high semantic level using concepts from
the UMLS. A structured framework was proposed for designing
image semantics from statistical learning. This adaptive frame-
work has been applied to ImageCLEDmed 2004 (CASImage
database [26] and 26 queries with only image examples [11]) and
2006 (same image database and 30 queries with both text descrip-
tions and image examples) with excellent performances. The
framework is scalable to different image domains (for example,
the consumer image domain as demonstrated in [18]) and em-
bracesotherdesignchoicessuchasbettervisual features, learning
algorithms, object detectors, spatial aggregation, and matching
schemes when they become available. The flexible framework
also allows fusion of global and local similarities to enhance IR
results further, as demonstrated by the visual retrieval method

and other similar schemes for consumer images [25].
We have developed two fusion approaches to improve textual

retrieval performance using this UMLS-based image indexes.
First, a simple fusion of the two retrieval approaches was pro-
posed, improving significantly the retrieval results of both text
and image retrieval for a majority of topics. Second, a visual
modality filtering was designed to remove visually aberrant im-
ages (i.e., the images whose modalities are different from the
textual query modality). Using the ImageCLEFmed 2005 med-
ical database and retrieval task, we have demonstrated the ef-
fectiveness of our framework that is very promising when com-
pared with the current state-of-the-art methods.

In the near future, we plan to use the LVM terms from local in-
dexing for semantics-based retrieval (i.e., cross-modal retrieval:
processing textual query on LVM-based image indexes) and to
complement the similarity-based retrieval [FlexiTile matching,
(12)] [31]. We are currently investigating the potential of an early
fusion scheme using appropriate clustering methods. A visual fil-
tering based on local information could also be derived from the
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semantic local LVM indexing. For the visual indexing, currently
we only use a two-scale approach: global image-level indexes
for GVM terms and local fixed-size patch-level indexes for LVM
terms. A natural extension would be to embed the UMLS-based
visual indexing approach into a multiscale framework, using ap-
propriate scales for various types of semantic features.
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