Building Concept Ontology for Medical Video Annotation

Hangzai Luo
Dept of Computer Science
UNC-Charlotte
Charlotte, NC 28223, USA

hluo@uncc.edu

ABSTRACT

Most existing systems for content-based video retrieval (C BVR)
are now amenable to support automatic low-level video con-
tent analysis and feature extraction, but they have limited
e ectiveness from a user's perspective. To support seman-
tic video retrieval via keywords, we have proposed a novel
framework by incorporating the concept ontology to en-
able more e ective modeling and representation of semantic
video concepts. Speci cally, this novel framework include s:
(a) Using the salient objects to achieve a middle-level un-
derstanding of the semantics of video contents; (b) Buildin g
a domain-dependent concept ontology to enable multi-level
modeling and representation of semantic video concepts; (9
Developing a multi-task boosting technique to achieve hi-
erarchical video classi er training for automatic multi-l evel
video annotation. The experimental results in a certain do-
main of medical education videos are also provided.

Categories and Subject Descriptors
1.5.1 [Pattern Recognition ]: Models - statistical; 1.2.6
[Arti cial Intelligence ]: Learning - concept learning

General Terms
Algorithm, Experimentation

Keywords: Hierarchical video classi cation, multi-task boost-
ing, concept ontology.

1. INTRODUCTION

Digital video now plays an increasingly pervasive role in
supporting evidence-based medical education by illustrating
suitable medical video clips in the classroom [1]. To do this,
it has become increasely important to have mechanisms that
can classify, summarize, index and search medical video clps
at the semantic level.

To support video retrieval at the semantic level, three key
issues should be addressed [2-5]: (1) Extracting more exprs-
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Figure 1: The taxonomy of medical video stream that
is used for determining the basic vocabulary of salient
objects.

sive video patterns for video content representation and au-
tomatic feature extraction; (2) Developing the frameworks
for semantic video concept modeling and knowledge repre-
sentation; (3) Proposing the algorithms for semantic video
classi cation and multi-level video annotation.

To address the rst issue, salient objects are extracted
automatically for semantic-sensitive video content repre sen-
tation. To address the second issue, one domain-dependent
concept ontology is constructed to enable more e ective rep-
resentation and interpretation of semantic video concepts in
a speci c domain of medical education videos To address
the third issue, multi-task boosting is proposed to achieve
hierarchical video classi er training for semantic video c las-
si cation and multi-level video annotation.

The paper is organized as follows. Section 2 introduces a
novel framework for video content representation; Section 3
presents our technique for hierarchical modeling and repre-
sentation of the semantic video concepts; Section 4 descriles
our multi-task boosting technique and some experimental
results are given; We conclude in Section 5.

2. VIDEO CONTENT REPRESENTATION

To enhance the quality of features on discriminating among
di erent semantic video concepts, we propose a novel frame-
work by using the salient objects to achieve more expressive
representation of video contents. The salient objects are
de ned as the distinguishable video components that are re-
lated to human semantics and thus they are able to achieve
a middle-level understanding of the semantics of video con-
tents. In addition, the salient objects for video content
representation and indexing are not necessary the accurate
segmentation of the real world video objects. The basic vo-
cabulary of salient objects in a certain domain of medical
education videos is determined by using the taxonomy of
medical video components as shown in Fig. 1.

To support this new framework for video content repre-
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Figure 2: The major steps for salient object detection.

sentation, the video shots are rst detected by performing
automatic scene cut detection [1]. According to the basic
vocabulary of salient objects, we have designed a set of au-
tomatic functions to detect the salient objects in a certain
domain of medical education videos. Each automatic detec-
tion function can detect only one certain type of salient ob-
ject in the vocabulary and it consists of four steps as shown
in Fig. 2: (a) Using the mean shift technique to achieve
an automatic segmentation of video frames; (b) Image re-
gion classi cation by using the SVM classi ers to categoriz e
the homogeneous image regions into two classes: object re-
gions versus non-object regions; (c) Label-based region ag-
gregation for salient object generation; (d) Temporal obje ct
tracking to obtain the temporal relationships of object re-
gions among video frames.

A set of visual features are then extracted and used to
characterize the principal visual properties of the visual and
image-textual salient objects. These visual features include
1-dimensional coverage ratio (i.e., density ratio) for obj ect
shape representation, 6-dimensional object locations (i.e.,
2-dimensions for object center and 4-dimensions to indicate
the rectangular box for coarse shape representation of salent
object), 7-dimensional LUV dominant colors and color vari-
ances, 14-dimensional Tamura texture, 28-dimensional wavelet
texture features, and 9-dimensional motion histogram. The
feature set to characterize the auditory salient objects in -
cludes 14-dimensional auditory features such as loudness,
frequencies, pitch, fundamental frequency, and frequency
transition ratio.

3. CONCEPT ONTOLOGY

To enable more e ective modeling and representation of
semantic video concepts, we use the concept ontology to sup-
port hierarchical knowledge representation and organization
[7-9]. One example of the concept ontology in one specic
domain for medical education videos is given in Fig. 3.
The concept ontology de nes the basic vocabulary of the
semantic video concepts and their principal properties, and
their contextual and logical relationships. The deeper the
level of the concept ontology the narrower the coverage of
the subjects, thus the semantic video concepts at the deeper
level can represent more speci ¢ subjects of video contents
with small variations. On the other hand, the semantic video
concepts at the upper level can cover more general subjects
of video contents with large variations, and thus it is very
hard to use the low-level features for accurately detecting
such high-level semantic video concepts with large varia-
tions. The deepest level of the concept ontology (i.e., leaf
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Figure 3: Examples of the domain-dependent concept
ontology for medical education videos.

nodes) is named asatomic video concepts , which are used
to interpret the most speci ¢ subjects of video contents wit h
small variations and can be characterized e ectively by us-
ing the relevant salient objects and their low-level featur es.
Once the topology of the concept ontology is determined,
we have developed a multi-task boosting technique for hier-
archical classi er training and classifying the medical vi deo
clips into the relevant semantic video concepts.

By incorporating the concept ontology for semantic video
concept organization and hierarchical classi er training , our
proposed framework has the following advantages : (a) The
classi ers for the higher-level semantic video concepts can
be adopted by the observations of the classi ers for the rel-
evant atomic video concepts at the rst level of the concept
ontology. Because the hypothesis variances for the atomic
video concepts are relatively smaller, learning the classiers
for the higher-level semantic video concepts hierarchically
can obtain higher prediction accuracy and reduce the train-
ing cost signi cantly; (b) Our hierarchical video classie r
training framework is able to speed up SVM video classi er
training because only the classi ers for the sibling semantic
video concepts under the same parent node are needed to be
trained simultaneously. (c) Incorporating the concept ont ol-
ogy and multi-task boosting for hierarchical video classi er
training is able to avoid the inter-level error transmissio n
e ectively by sharing the common features among the task-
related classi ers for the sibling children video concepts.

4. MULTI-TASK BOOSTING

To learn the classi ers for the atomic video concepts at
the rst level of concept ontology, our hierarchical classi -
er training framework takes the following major steps: (a)
The multi-modal feature space is rst partitioned into a set
of low-dimensional single-modal feature subsets to speed p
SVM classi er training; (b) Weak SVM video classi ers are
then learned by using such low-dimensional single-modal
feature subsets to reduce the number of required training
video clips; (c) Boosting is incorporated to generate an en-
semble classi er and enable multi-modal decision fusion for
the given atomic video concept by combining the weak SVM
classi ers for di erent feature subsets.

For a given atomic video concept Cj, the available weak
SVM classi ers for di erent feature subsets are boosted to
learn an ensemble classi er:
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where ftj (X) is the weak SVM classi er for the jth low-
dimensional single-modal feature subsetS; at the tth itera-
tion, k is the total number of low-dimensional single-modal
feature subsets, andT is the total number of iterations. The



weak SVM classi ers and the corresponding low-dimensional
single-modal feature subsets which have large values of !
play more important role on nal prediction. Because the
nal prediction of the ensemble classi er combines the pre-
dictions of the weak SVM classi ers that depend on di erent
feature subsets and di erent combinations of training vide o
clips, higher prediction accuracy is expected. In addition ,
the importance factor | is updated as:

1 Ys)
'(s)
where '(S;) is the error rate for the weak SVM classi er of
the jth single-modal feature subset S; at the tth iteration.
Thus the importance factor | is updated according to the

error rate of the relevant weak SVM classi er in the current
iteration. The error rate is updated as:
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where Z; = 2 YS§)(1 '(Sj)) is a normalization fac-
tor. The importance factor | decreases with the error rate
'(S;), and thus more e ective weak classi ers have more
in uence on the nal prediction.

By combining the most e ective weak SVM classi ers to
boost the ensemble classi er, the corresponding feature sib-
sets are also selected for video classi cation. While most ex-
isting video classi cation methods su er from the problemo f
curse of dimensionality, our proposed framework can take
advantage of high dimensionality to enable more e ective
feature subset selection and classi er training.

As we have mentioned earlier, the concept ontology is used
to interpret the inter-level relationships among various s e-
mantic video concepts, and thus the detection of the ap-
pearances of the high-level semantic video concepts can be
adopted by detecting the appearances of the relevant atomic
video concepts at the rst level of the concept ontology.
However, such simple approach suers from the problem
of inter-level error transmission , i.e., the classi cation
errors for the relevant atomic video concepts may be trans-
mitted to the upper-level semantic video concepts and be
enlarged sequentially. Thus more e ective techniques are
strongly expected for hierarchical video classi er traini ng to
avoid the inter-level error transmission.

To address the inter-level error transmission problem ef-
fectively, we have proposed a multi-task boosting frame-
work to enable hierarchical video classi er training. Ther e
are three critical properties for boosting an ensemble classi-
er from a set of weak classi ers: (a) Diversity of the weak
classi ers should be large enough to cover di erent aspects
of the same task; (b) For hierarchical video classi er train -
ing, it is not enough to use only the error rates of these weak
classi ers to determine their importance factors on the na |
prediction, and the conceptual correlation also needs to be
analyzed. (c) Weak classi ers are trained iteratively unde r
di erent aspects of the same video classi cation task.

For hierarchical video classi er training, the classi ers for
the sibling atomic video concepts under the same parent
node should have good diversity on their ability and e ec-
tiveness (i.e., they are used to characterize di erent atom ic
video concepts). For the second property of boosting, a new
multi-task learning approach is developed to simultaneously
learn the classi ers for the sibling atomic video concepts u n-
der the same parent node, where both their error rates on the

Figure 4:  Our results on hierarchical video classi cation
and organization.

same validation data set and their conceptual correlations
(task relatedness) are used to determine their importance
factors. The common feature setsfor di erent combinations
of these sibling atomic video concepts are determined auto-
matically and selected for characterizing the inter-concept
common principal properties. There are % + 1 inter-
concept common feature sets for ¢ atomic video concepts
under the same parent node Ci (i.e., % for all possible
combinations of two atomic video concepts and 1 for combin-
ing all these ¢ atomic video concepts). These %ﬂ inter-
concept common feature subsets and the combinations of the
relevant training samples are integrated to learn % +1
combined classi ers and these combined classi ers are used
to characterize the common principal properties for these ¢
sibling aotmic video concepts under the same parent node
Ck. Thus all these ¥ +1+ ¢ = UGN +] classi ers are in-
tegrated to boost the classier Hc, (X) for the second-level
semantic video concept Cx. The optimal classi er for the
given second-level semantic video conceptCy is determined
by:

Hc, (X) = sign iHi(X) =1 @4
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where H; (X) is the j th classi er in the basic vocabulary for
Ut +1 classi er combinations, N = %<2 +1 is the total
number of potential classi ers in the basic vocabulary, and
j is the relative importance factor for the jth classier.

Our multi-task boosting technique can combine the classi-
ers that are trained under di erent sub-tasks with dieren t
representative feature subsets. Thus our multi-task boosting
technique can search the optimal combination of these sub-
task classi ers by sharing their common features according
to the new task. Rather than directly learning the classi er
for the second-level semantic video conceptCy with large
variations, integrating the classi ers for the atomic vide o
concepts and their potential combinations to boost the clas -
si er for their parent node can reduce both the computa-
tional complexity and the training cost signi cantly. Be-
cause the risk of over tting the shared part is reduced and
a common feature set is extracted, higher classi cation ac-
curacy is obtained.

After the classi ers for the sibling second-level semantic
video concepts are available, they can further be integrated
to boost the classi er for their parent node at the third leve |
of the concept ontology. Through a hierarchical approach,
the hierarchical video classi er can be obtained e ectivel y.

Once the hierarchical classi er is in place, the task of se-
mantic video classi cation can be summarized as follows:



Figure 5: The higher-level semantic video concept
\surgery" may consist of multiple atomic semantic
video concepts such as \leg surgery”, \gastrointestinal
surgery”, \trauma surgery".

Table 1. The average performance dierences for our
classi ers by using dierent image content representa-
tion frameworks.

concepts lecture trauma surgery diagnosis
salient 83.2% 85.4% 81.6%
objects 82.4% 83.1% 90.1%
video 75.4% 76.9% 78.8%
shots 77.3% 73.5% 77.5%

concepts gastrointestinal dialog burn

surgery surgery

salient 88.3% 78.9% 82.9%
objects 90.6% 80.3% 84.5%
video 80.3% 73.3% 75.7%
shots 78.2% 75.9% 78.5%

(@) The salient objects and their multi-modal perceptual
features are extracted automatically from the test medical
video clips. (b) The test video clip V; is then assigned to
the best matching atomic semantic video concept C; that
corresponds to the maximum posterior probability:

1
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where H (Vi) is the output of the SVM video classi er for
the test video clip Vi. The parameters and can be
determined by minimizing the negative log-likelihood (NLL )
function on the cross-validation video set. (c) Finally, th e
test video clip V; is assigned to most relevant higher-level
semantic video concepts sequentially. Our semantic medicd
video classi cation results are given in Fig. 4 and Fig. 5.

It is important to note that once a video clip is classi ed,
the semantic labels for the relevant atomic semantic video
concept and the higher-level semantic video concepts that
it is assigned to become the semantic labels for the corre-
sponding video clip. This multi-level video annotation tec h-
nique is very attractive to enable semantic video retrieval
such that the naive users will have more exibility to specif y
their query concepts by using various keywords at di erent
semantic levels.

The benchmark metric for classier evaluation includes
precision  and recall The precision and recall are
de ned as:

- T- - T& (6)
where ' is the set of true positive samples that are related
to the corresponding semantic video concept and are classi-
ed correctly, is the set of true negative samples that are
irrelevant to the corresponding semantic video concept and
are classi ed incorrectly, &is the set of false positive sam-

Figure 6: The comparison results between our hierar-
chical approach and the at approach.

ples that are related to the corresponding semantic video
concept but are mis-classi ed. Under di erent frameworks
for video content representation, the average classi cati on
performances for some semantic video concepts are given in
Table 1.

For the same video classi cation purpose, we have also
compared the performance di erences between our hierar-
chical classier and the at classiers (i.e., each semanti ¢
video concept has an independent classier). The perfor-
mance comparison is given in Fig. 6. One can observe that
incorporating the concept ontology for hierarchical video
classi er training can improve the classi cation performa nce
for the high-level semantic video concepts signi cantly.

5. CONCLUSIONS

In this paper, we have proposed a novel framework to
achieve more e ective video classi cation and indexing by
using the concept ontology for semantic video concept mod-
eling and representation and hierarchical video classi er train-
ing. Experimental results have also demonstrated the e -
ciency of our new framework and strategies for hierarchical
video classi cation.
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