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Incorporating Concept Ontology for Hierarchical
Video Classification, Annotation, and Visualization
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Abstract—Most existing content-based video retrieval (CBVR)
systems are now amenable to support automatic low-level feature
extraction, but they still have limited effectiveness from a user’s
perspective because of the semantic gap. Automatic video concept
detection via semantic classification is one promising solution to
bridge the semantic gap. To speed up SVM video classifier training
in high-dimensional heterogeneous feature space, a novel multi-
modal boosting algorithm is proposed by incorporating feature hi-
erarchy and boosting to reduce both the training cost and the size of
training samples significantly. To avoid the inter-level error trans-
mission problem, a novel hierarchical boosting scheme is proposed
by incorporating concept ontology and multitask learning to boost
hierarchical video classifier training through exploiting the strong
correlations between the video concepts. To bridge the semantic
gap between the available video concepts and the users’ real needs,
a novel hyperbolic visualization framework is seamlessly incorpo-
rated to enable intuitive query specification and evaluation by ac-
quainting the users with a good global view of large-scale video
collections. Our experiments in one specific domain of surgery ed-
ucation videos have also provided very convincing results.

Index Terms—Concept ontology, hierarchical boosting, hyper-
bolic visualization, multimodal boosting, multitask learning, se-
mantic gap, video classification and annotation.

I. INSTRUCTION

DIGITAL VIDEO now plays an increasingly pervasive role
in supporting evidence-based medical education by illus-

trating the most relevant clinic examples in video to students [1].
To do this, it has become increasingly important to have mech-
anisms that can classify, summarize, index and search medical
video clips at the semantic level. Unfortunately, the CBVR com-
munity has long struggled to bridge the semantic gap from suc-
cessful low-level feature extraction to high-level human inter-
pretation of video semantics [3]–[6].

Automatic video concept detection via semantic classifica-
tion is one promising approach to bridge the semantic gap, but
its performance largely depends on two inter-related issues:
1) suitable frameworks for video content representation and
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feature extraction and 2) effective algorithms for video clas-
sifier training. To address the first issue, the underlying video
patterns for feature extraction should be able to capture the
video semantics at the object level effectively and efficiently
(i.e., semantics for interpreting the real world physical objects
in a video clip) [6]–[10]. Using the segmentation of real world
physical objects (i.e., semantic video objects) for feature extrac-
tion can significantly enhance the ability of perceptual features
on discriminating various video concepts. Unfortunately, auto-
matic detection of large amounts of semantic video objects with
diverse perceptual properties is still an open problem in com-
puter vision. To address the second issue, robust video classifier
training techniques are needed to tackle both the intra-concept
variations and inter-concept similarity effectively.

Ideally, extracting high-dimensional perceptual features
for video content representation and classifier training has
more capacity to effectively characterize various perceptual
properties of video concepts. Thus, using high-dimensional
perceptual features may enhance the classifier’s ability on
discriminating various video concepts and result in higher
classification accuracy. However, learning the video classifiers
in high-dimensional feature space requires large amounts of
training samples that increase exponentially with the feature
dimensions [33], [34]. On the other hand, the computational
complexity for classifier training also increases exponentially
with the size of training samples. Therefore, it is very expensive
to directly learn the video classifiers by using high-dimensional
perceptual features.

Another challenge for automatic video concept detection is
that one single video clip may contain different meanings at
multiple semantic levels [52]–[56], [71], [72], thus the video
clips may be similar at different semantic levels. The concept
ontology offers an effective way for interpreting a basic vocab-
ulary of domain-dependent video concepts and their contextual
relationships, and thus it can be integrated to enable more effec-
tive video classifier training [1], [2]. Therefore, the classifiers
for the video concepts at the higher levels of the concept on-
tology (i.e., high-level video concepts with larger within-con-
cept variations) can be learned effectively by combining the
classifiers for the relevant video concepts at the lower levels of
the concept ontology (i.e., low-level video concepts with smaller
within-concept variations) [1], [2]. With the help of the con-
cept ontology, naive users can also specify their queries more
precisely and unambiguously, which may further lead to better
precision and recall rates in the loop of video retrieval. One
major problem for hierarchical video classifier training is that
the classification errors may be transmitted among different con-
cept levels, i.e., inter-level error transmission problem, thus in-
tegrating the concept ontology for hierarchical video classifier
training may sometimes lead to worse performance rather than
improvement [1].
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When hierarchical mixture model is used for video classifier
training [1], [2], there is an implicit assumption that the sibling
video concepts under the same parent node are characterized by
the same set of perceptual features or the perceptual features are
assumed to be independent. However, such assumptions may
not be true in real applications because different video concepts
may have different principal properties and the perceptual
features are strongly correlated. Based on these observations,
there is a great need to develop new schemes for hierarchical
video classifier training, which are able to reduce both the
computational complexity and the size of training samples
significantly while addressing the inter-level error transmission
problem effectively.

In this paper, we have proposed a novel scheme to achieve au-
tomatic video concept detection via hierarchical classification.
To enable more effective video classifier training in high-dimen-
sional heterogeneous feature space, a multimodal boosting al-
gorithm is proposed to reduce the size of training samples dra-
matically, speed up SVM classifier training significantly, and
choose more appropriate kernel functions and select more repre-
sentative feature subsets for video classifier training. A hierar-
chical boosting algorithm is developed to effectively address the
inter-level error transmission problem, while significantly re-
ducing the computational complexity for training the classifiers
for large amounts of video concepts through exploiting their
strong inter-concept correlations. To bridge the semantic gap be-
tween the available video concepts (which are detected automat-
ically by using our hierarchical video classification scheme) and
the users’ real needs, a novel hyperbolic visualization scheme
is proposed to visually acquaint the users with a good global
view of large-scale video collections and enable intuitive query
specification and evaluation.

The paper is organized as follows. Section II briefly intro-
duces our framework for hierarchical video concept organiza-
tion. Section III presents our work on using salient objects and
concept ontology to bridge the semantic gap hierarchically.
Section IV describes our new scheme for hierarchical video
classifier training and multimodal feature subset selection.
Section V presents our new algorithm to achieve hierarchical
video classification and automatic multilevel video annotation.
Section VI introduces our hyperbolic visualization framework
for intuitive query specification and evaluation. Section VII
introduces our results on algorithm and system evaluation.
Section VIII points out the scalability and generalizability of
our proposed algorithms. We conclude in Section IX.

II. CONCEPT ONTOLOGY FOR HIERARCHICAL

VIDEO CONCEPT ORGANIZATION

As large-scale video collections come into view, there is a
growing need to enable computational interpretation of video
semantics and achieve automatic video annotation. Because one
single video clip may contain different meanings at multiple
semantic levels, a successful implementation of such automatic
video annotation systems also requires a good structure to
enable hierarchical video concept organization [52]–[56], [71],
[72]. The artificial intelligence community has incorporated
the concept ontology for high-level knowledge representation
[11], [12], [40]–[44]. The concept ontologies have also been
employed to achieve better precision and recall in text clas-

sification and retrieval systems [45]–[51]. All these existing
concept ontologies are simply characterized by single-modal
parameter, i.e., text terms (keywords). On the other hand, the
video concepts should be characterized by multimodal param-
eters because the keywords (text terms) may be too abstract
to interpret the details of video semantics effectively and effi-
ciently. Therefore, building multimodal concept ontology for
hierarchical video concept organization is nontrivial [52]–[56],
[71], [72]. Projects dealing with some aspects of these themes
on videos include the Informedia project at Carnegie Mellon
University [13]–[16], the Advent project at Columbia Univer-
sity [17]–[19], works done at the University of South California
[20], IBM research [23]–[26], Dublin Core [27], University of
Amsterdam [28]–[31], and the University of Illinois [21], [22].
Most of these projects focus on the video domains of broadcast
news, sports and films which have rich production metadata
and editing structures.

Our proposed work significantly differ from all these earlier
works in multiple respects: a) We focus on one specific domain
of surgery education videos with less editing structures and pro-
duction metadata. Because large amounts of real clinical exam-
ples in video are illustrated for student training [1], surgery edu-
cation videos are significantly different from traditional lecture
videos [32]. b) Salient objects and their cumulative volumetric
features are used to effectively characterize the video semantics
at the object level, while significantly reducing the computa-
tional complexity for video analysis [6]. c) A novel multimodal
boosting algorithm is proposed to speed up SVM video classifier
training and generalize the video classifiers from fewer training
samples. d) A novel hierarchical boosting scheme is developed
to boost hierarchical video classifier training and scale up our
statistical learning techniques to large amounts of video con-
cepts through exploiting their strong inter-concept correlations.
e) A new top-down scheme is proposed to achieve hierarchical
video classification with automatic error recovery. f) A hyper-
bolic visualization scheme is proposed to acquaint users with a
good global view of large-scale video collections and enable in-
tuitive query specification and evaluation.

Our concept ontology consists of three key issues: 1) video
concept nodes; 2) multimodal concept properties; and 3) con-
textual and logical relationships between an upper concept node
and its children concept nodes. Our concept ontology is used
to interpret a basic vocabulary of domain-dependent video con-
cepts and their contextual and logical relationships, where the
multimodal properties for each video concept are further char-
acterized by multimodal parameters. The deeper the level of
the concept ontology, the narrower the coverage of semantic
subjects. Thus, the video concepts at the deeper level of the
concept ontology can represent more specific semantic subjects
with smaller within-concept variations. On the other hand, the
video concepts at the upper level of the concept ontology can
cover more general semantic subjects with larger within-con-
cept variations. Therefore, it is very expensive to directly train
the classifiers for detecting the high-level video concepts with
larger within-concept variations. The deepest level of the con-
cept ontology (i.e., leaf nodes) is named as atomic video con-
cepts, which are used to interpret the most specific semantic sub-
jects with the smallest within-concept variations. The perceptual
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Fig. 1. Concept ontology for hierarchical video concept organization: (a) global view and (b)–(d) details for the specific regions (in box) on the concept ontology.

properties of the atomic video concepts can be characterized ef-
fectively by using the relevant salient objects and their cumu-
lative volumetric features. Two kinds of such contextual and
logical relationships are considered in our current work: a) hy-
pernymy/hyponymy relationship between the concept nodes and
b) holonymy/meronymy relationship between the atomic video
concept nodes and the relevant salient objects for video content
representation.

There have been a lot of efforts to construct the concept
ontology to cover a large set of useful concepts [11], [12],
[40]–[51]. We have incorporated WordNet with the existing on-
tology alignment techniques [42]–[44] to construct the concept
ontology for hierarchical video concept organization, where
both the joint probability and the contextual dependency of the
video concepts are seamlessly integrated to formulate a new
measurement for determining their associations effectively.
The joint probability , between the text terms for
interpreting the video concept and , is directly obtained
from a corpus of annotated videos

(1)

where is the co-ocurrence frequency between the rel-
evant text terms for interpreting the video concepts and ,

is the total number of such co-ocurrence appearances between
and all the other text terms in the basic vocabulary.

WordNet is used as the priority set to accurately quantify the
contextual dependency between the text terms for in-
terpreting the video concepts and [11]

(2)

where is the length of the shortest path between
the text terms for interpreting the video concepts and on
the WordNet, and is the maximum depth of the WordNet.

The association between the given video concept and the
most relevant video concept is then determined by

(3)
Thus, the given video concept is automatically linked with
the most relevant video concept with the highest value of the
association . The multimodal conceptual properties are
further determined by our hierarchical video classifier training
algorithm. Our concept ontology construction results which
cover 176 video concepts (medical concepts) [66] in a specific
domain of surgery education videos are given in Figs. 1 and 2.

III. HIERARCHICAL APPROACH FOR BRIDGING

THE SEMANTIC GAP

The CBVR community has long struggled to bridge the se-
mantic gap from successful low-level feature extraction to high-
level human interpretation of video semantics, thus bridging
the semantic gap is of crucial importance for achieving more
effective video retrieval [3]–[6]. Our essential goal for video
analysis is to provide more precise video content representation
that allows more accurate solutions for video classification, in-
dexing and retrieval by bridging the semantic gap. In this paper,
we have developed a number of comprehensive techniques to
bridge the semantic gap by: a) narrowing the video domain to a
specific domain of surgery education videos, so that the contex-
tual relationships (holonymy/meronymy relationship) between
the atomic video concepts and the relevant salient objects are
well defined, and thus more reliable video concept detection
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Fig. 2. Concept ontology with icons for hierarchical video concept organization: (a) global view and (b)–(d) details for the specific regions (in box) on the concept
ontology.

can be achieved; b) using salient objects and their multimodal
cumulative volumetric features to achieve more precise video
content representation, and the salient objects are defined as the
salient video components that are roughly related to the real
world physical objects in a video clip [6]; c) developing new ma-
chine learning tools to incorporate concept ontology and multi-
task learning for exploiting the strong correlations between the
video concepts to boost hierarchical video classifier training;
and d) incorporating hyperbolic visualization to bridge the se-
mantic gap between the available video concepts and the users’
real needs by visually acquainting the users with a good global
view of large-scale video collections.

To enable computational interpretation of video semantics,
we have developed a hierarchical scheme to bridge the semantic
gap in four steps as shown in Figs. 3 and 4: 1) The semantic
gap between the salient video components (i.e., real world phys-
ical objects in a video) and the low-level video signals (i.e.,
Gap 1) is bridged by using salient objects [6] and their mul-
timodal cumulative volumetric features for video content rep-

Fig. 3. Flowchart for bridging the semantic gap hierarchically.

resentation. The salient objects are defined as the salient video
components that capture the most significant perceptual proper-
ties linked to the semantic meaning of the corresponding phys-
ical objects in a video clip. Thus, a salient object can describe
the most significant perceptual properties of the corresponding
physical video object without having to have precise segmenta-
tion. Using salient objects for video content representation can
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Fig. 4. Hyperbolic visualization for bridging the semantic gap between the
available video concepts and the users’ real needs.

provide at least four significant benefits: a) Comparison with
the video shots, the salient objects can effectively characterize
the most significant perceptual properties of the relevant real
world physical objects in a video clip [6]. b) The salient ob-
jects are not necessarily the accurate segmentation of the real
world physical objects in a video clip, thus both the computa-
tional cost and the detection error rate are reduced significantly.
c) It is able to achieve a good balance between the computa-
tional complexity, the detection accuracy, and the effectiveness
for interpreting the video semantics at the object level. d) Sim-
ilar video clips are not necessarily similar in all their salient
video components, thus partitioning the original video streams
into a set of salient objects can also support partial matching and
achieve more effective video classification and retrieval. 2) The
semantic gap between the atomic video concepts and the salient
objects (i.e., Gap 2) is bridged by using multimodal boosting to
exploit the strong correlations (i.e., contextual relationships) be-
tween the appearances of the atomic video concepts and the rel-
evant salient objects. For example, the appearance of the atomic
video concept “colonic surgery” is strongly related to the ap-
pearances of the salient objects, such as “blue cloth,” “doctor
gloves,” and “colonic regions.” 3) The semantic gap between the
high-level video concepts and the atomic video concepts (i.e.,
Gap 3) is bridged by incorporating concept ontology and mul-
titask learning to exploit their strong inter-concept correlations
to boost hierarchical video classifier training. 4) The semantic
gap between the available video concepts for semantics interpre-
tation and the users’ real needs (i.e., Gap 4) is bridged by using
hyperbolic visualization to visually acquaint the users with a
good global view of large-scale video collections.

To detect the salient objects automatically, we have designed
a set of detection functions and each function is used to de-
tect one certain type of salient objects [6]. Because one video
shot may contain multiple types of salient objects and the ap-
pearances of salient objects may be uncertain cross the video
frames, confidence map is calculated to measure the posterior
probability for each video region to be classified into the most
relevant salient object and achieve automatic multiclass salient
object detection. As shown in Fig. 5, the white color represents
the largest confidence value and the black color represents the
smallest confidence value for the relevant video regions to be
classified into the given salient object. The significance of our
new video content representation scheme is that the confidence
maps are used to tackle the uncertainty and the dynamics of the
appearances of salient objects along the time, and the changes of
the confidence maps (i.e., color changes from gray to white) can
also indicate their motion properties effectively. Some experi-
mental results on automatic salient object detection are shown in

Fig. 5. Confidence maps to enable multiclass salient object detection.

Fig. 6. Experimental results for salient object detection: (a) doctor glove and
(b) human skin.

Fig. 7. Experimental results for salient object detection: (a) colonic regions and
(b) blood regions.

Figs. 6 and 7. One can observe that not all the relevant video re-
gions for the relevant physical video objects should be detected
accurately. Even the salient objects may not achieve precise seg-
mentation of the relevant physical video objects, they can still
characterize the appearances of the relevant physical video ob-
jects and their most significant perceptual properties effectively.

After the salient objects are extracted, the original video
streams are decomposed into a set of 3-D spatio-temporal
salient objects with coherent color and motion along the time.
Surgery education videos have few scene changes and they
also have high spatio-temporal color and motion coherency
[1], thus cumulative volumetric features are used to charac-
terize such spatio-temporal color and motion coherency of
the salient objects and exploit a natural 3-D spatio-temporal
volume-based representation of video streams [7]–[10]. Some
of our experimental results on volume-based salient object
representation are given in Fig. 8. The principal properties of
the salient objects can be characterized by a set of multimodal
cumulative volumetric features, whose components consist of
1-D coverage ratio (i.e., density ratio) for object shape repre-
sentation, 6-D object locations (i.e., 2-dimensions for object
location center and 4-dimensions to indicate the rectangular
box for coarse shape representation of salient object), 7-D LUV
dominant colors and color variances, 14-D Tamura texture,
28-D wavelet texture features, and confidence map which is
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Fig. 8. Our experimental results on volume-based salient object representation.

used to quantify the posterior probability of the relevant video
regions to be treated as the corresponding salient object class.
The feature set to characterize the auditory salient objects
includes 14-D auditory features such as loudness, frequencies,
pitch, fundamental frequency, and frequency transition ratio.

Using high-dimensional cumulative volumetric features for
salient object representation is able to characterize the diverse
perceptual properties of the relevant video concepts more ef-
fectively. However, such high-dimensional feature space may
bring two challenging problems for subsequential video clas-
sifier training and interactive video retrieval: a) learning the
video classifiers in such high-dimensional heterogeneous fea-
ture space requires large amounts of training samples that in-
crease exponentially with the feature dimensions [33]–[36] and
b) high-dimensional database indexing is not available to enable
fast and interactive video access. Thus, there is an urgent need
to develop new approach to enable multimodal feature subset
selection and dynamic classifier combination with right feature
modalities.

To reduce the computational complexity for video classifier
training, the high-dimensional heterogeneous (multimodal)
cumulative volumetric features are automatically partitioned
into 11 low-dimensional homogeneous feature subsets ac-
cording to the principal properties to be characterized, so that
the strongly correlated cumulative volumetric features with the
same modality can be partitioned into the same homogeneous
feature subset. In addition, the high-dimensional cumulative
volumetric features are organized more effectively by using a
two-level feature hierarchy (i.e., each homogeneous feature
subset consists of a set of cumulative volumetric features
with same modality at the first level, the high-dimensional
feature space consists of 11 homogeneous feature subsets at
the second level). Each homogeneous feature subset is used to
characterize one certain principal property of video concept,
thus the geometric property of video data is uniform and can be
approximated effectively by using suitable probabilistic kernel
function [37], [38].

IV. HIERARCHICAL VIDEO CLASSIFIER TRAINING

We have developed a novel bottom-up scheme by incorpo-
rating concept ontology and multitask learning to boost hierar-

chical video classifier training, and SVM classifiers are trained
for automatic video concept detection [37], [38].

A. Multimodal Boosting for Atomic Video Concept Detection

To achieve more effective SVM video classifier training, we
focus on addressing the following problems: a) Kernel Func-
tion Selection: The performance of SVM classifiers is very sen-
sitive to the adequate selection of kernel functions [37], [38],
but automatic kernel function selection heavily depends on the
underlying geometric property of video data in the high-dimen-
sional feature space. In addition, the high-dimensional feature
space is heterogeneous, it is very hard to use one single type of
kernel function to accurately approximate the diverse geometric
properties of video data. b) Training Sample Size Reduction and
Classifier Generalization: Learning SVM video classifiers in
the high-dimensional feature space requires large amounts of
training samples that exponentially increase with the feature
dimensions [33]–[36]. On the other hand, learning from lim-
ited training samples could result in higher generalization error
rate. Therefore, there is an urgent need to develop new classi-
fier training algorithms that can achieve better generalization
from a limited number of training samples. c) Training Com-
plexity Reduction: The standard techniques for SVM classifier
training have time complexity and space com-
plexity, where is the number of training samples [37], [38].
Because the number of training samples increases exponentially
with the feature dimensions [33]–[36], it is too expensive to
directly train reliable SVM video classifiers in the high-dimen-
sional feature space.

To reduce the computational complexity for SVM video clas-
sifier training, we have developed a novel algorithm to incorpo-
rate feature hierarchy and boosting for video classifier training
and feature selection. For a given atomic video concept at
the first level of the concept ontology, our multimodal boosting
algorithm takes the following steps for classifier training and
feature subset selection: a) To reduce the cost for SVM video
classifier training, the high-dimensional cumulative volumetric
features are automatically partitioned into multiple low-dimen-
sional homogeneous feature subsets according to the percep-
tual properties to be characterized, where the strongly corre-
lated cumulative volumetric features of the same modality are
automatically partitioned into the same homogeneous feature
subset. b) To speed up SVM video classifier training, a weak
SVM classifier is learned for each homogeneous feature subset.
Thus, the number of the required training samples for weak
classifier training can be reduced significantly because the fea-
ture dimensions for each homogeneous feature subset are rela-
tively low. c) Each homogeneous feature subset is used to char-
acterize certain perceptual property of video concept, thus the
underlying geometric property of video data is uniform and
can accurately be approximated by using one specific type of
probabilistic kernel functions [37], [38]. In addition, different
types of probabilistic kernel functions can be used for different
homogeneous feature subsets to approximate the diverse geo-
metric properties of video data more accurately. d) To exploit
the intra-set feature correlation, principal component analysis
(PCA) is performed on each homogeneous feature subset to se-
lect the most representative feature components for each homo-
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Fig. 9. Flowchart for our multimodal boosting algorithm.

geneous feature subset. e) The homogeneous feature subsets of
different modalities are used to characterize different perceptual
properties of video concept, where each homogeneous feature
subset is responsible for certain perceptual property. Thus, the
outputs of the corresponding weak SVM classifiers are diverse
and may compensate each other. Based on this observation, a
novel multimodal boosting algorithm (shown in Fig. 9) has been
developed to generate an ensemble classifier by combining the
weak SVM classifiers for all these homogeneous feature sub-
sets of different modalities. The inter-set and inter-modality
feature correlations among different homogeneous feature sub-
sets of different modalities are exploited effectively by using
pair-wise feature subset combinations. The output correlations
between the weak classifiers are effectively exploited in the fol-
lowing classifier combination (decision fusion) procedure. Ex-
ploiting both the feature correlations and the output correlations
between the weak classifiers can achieve more reliable ensemble
classifier training and result in higher classification accuracy.
f) Feature subset selection is achieved simultaneously by se-
lecting the most effective weak SVM classifiers and the corre-
sponding homogeneous feature subsets for ensemble classifier
training. Thus, our feature subset selection algorithm can pro-
vide a low-dimensional feature space with better generalization,
which can preserve the most discriminating information con-
tained in the original high-dimensional feature space.

It is important to note that the process for feature subset se-
lection is also a process for ensemble classifier training (i.e., dy-
namic weak classifier combination). For the given atomic video
concept , the weak classifiers for all these 11 homogeneous
feature subsets and their pair-wise combina-
tions are integrated to boost the ensemble classifier [39]

(4)
where is the weak classifier for the th homogeneous
feature subset or the pair-wise combination at the th
boosting iteration, and is the total number of boosting
iterations. For each homogeneous feature subset, each boosting
iteration learns a weak classifier from the reweighted version
of the training samples. The weak classifiers and the corre-
sponding homogeneous feature subsets which have large values
of play more important role on final prediction. Our multi-
modal boosting algorithm has employed a “divide and conquer”
strategy with different “experts” being used to characterize the
diverse perceptual properties under different feature subsets,
thus higher prediction accuracy can be obtained.

Fig. 10. Relationship between the classification accuracy (precision) of the en-
semble video classifier and the number of homogeneous feature subsets and
their pair-wise combinations: (a) eye trauma surgery, (b) knee injury surgery,
and (c) ankle/foot surgery.

The importance factor is updated as

(5)

where is the error rate for the weak classifier of the th
homogeneous feature subset or the pair-wise combination
at the th boosting iteration. Thus, the importance factor is
updated according to the error rate of the relevant weak classifier
in the current iteration. The error rate is updated as [39]

(6)

where is a normalization factor.
The importance factor decreases with the error rate ,
and thus more effective weak classifiers have more influence on
the final prediction.

By selecting the most effective weak classifiers to boost an
ensemble video classifier, our multimodal boosting algorithm
for ensemble classifier training has jointly provided a novel ap-
proach for automatic selection of more suitable kernel func-
tions and feature subsets. While most existing classifier training
methods suffer from the problem of curse of dimensionality, our
multimodal boosting algorithm can take advantage of high fea-
ture dimensionality. Thus, our multimodal boosting algorithm
is scalable to the feature dimensions effectively.

To illustrate the evidence of the correction of our idea for fea-
ture subset selection, the optimal number of homogeneous fea-
ture subsets for the atomic video concepts “eye trauma surgery,”
“knee injury surgery,” and “ankle/foot surgery” are given in
Fig. 10. For the atomic video concept “eye trauma surgery,” one
can conclude that only the top three homogeneous feature sub-
sets and their pair-wise combinations may boost the classifier’s
performance significantly, thus only these top three homoge-
neous feature subsets and their pair-wise combinations and the
corresponding weak classifiers are selected to generate the en-
semble classifier. From Fig. 10, one can also observe that the
existence of redundant perceptual features can overwhelm the
most discriminating perceptual features and lead the classifiers
to a wrong way and result in lower classification accuracy, thus
supporting multimodal feature selection can achieve more re-
liable video classifier training but also reduce the training cost
significantly.

B. Hierarchical Boosting for High-Level Video Concept
Detection

Because of the inherent complexity of the task (i.e., the
difficulty of using the low-level perceptual features to interpret
the high-level video concepts), automatic detection of the
high-level video concepts with larger within-concept variations
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is still beyond the ability of the state-of-the-art techniques.
Thus, there is an urgent need to develop new scheme for hier-
archical video classifier training by addressing the following
issues simultaneously:

a) Computational Complexity Reduction: The high-level
video concepts cover more general semantics with larger
within-concept variations, thus the hypothesis spaces for
training their classifiers are also very large and result in
higher computational complexity. The perceptual prop-
erties for such high-level video concepts may have huge
diversities, and thus large amounts of training samples
are needed to achieve reliable classifier training. Because
the cost for SVM video classifier training largely depends
on the size of the training samples [33]–[36], it is very
expensive to directly train the classifiers for the high-level
video concepts.

b) Inter-Level Error Transmission Avoidance: By incor-
porating the concept ontology for hierarchical video
classifier training, the classifiers for the high-level video
concepts can be learned hierarchically by combining the
classifiers of their children video concepts which have
smaller within-concept variations [1], [2]. Learning the
classifiers for the high-level video concepts hierarchically
can reduce the training cost significantly by partitioning
the hypothesis space into multiple smaller ones for their
children video concepts. However, such hierarchical
approach may seriously suffer from the inter-level error
transmission problem [1].

c) Knowledge Transferability and Task Relatedness Ex-
ploitation: The video concepts are dependent and such
dependencies can be characterized effectively by the
concept ontology. Thus, what is already learned for one
specific video concept can be transferred to improve
the classifier training for its parent video concept on the
concept ontology and its sibling video concepts under
the same parent node. Therefore, isolating the video con-
cepts and learning their classifiers independently are not
appropriate. Multitask learning is one promising solution
to this problem [60]–[65], but the success of multitask
learning largely depends on the relatedness of multiple
learning tasks. One of the most important open problems
for multitask learning is to better characterize what the
related tasks are [59].

Based on these observations, we have developed a novel hi-
erarchical boosting algorithm that is able to combine the classi-
fiers trained under different tasks to boost an ensemble classifier
for a new task. First, the concept ontology is used to identify the
related tasks, e.g., training the classifiers for the sibling video
concepts under the same parent node. Second, such task relat-
edness is further used to determine the transferable knowledge
and common features among the classifiers for the sibling video
concepts to generalize their classifiers significantly from fewer
training samples. Because the classifiers for the sibling video
concepts under the same parent node are used to characterize
both their individual perceptual properties and the common per-
ceptual properties for their parent node, they can compensate
each other and their outputs are strongly correlated according

to the new task (i.e., learning a biased classifier for their parent
node).

For a given second-level video concept , its children video
concepts (i.e., the sibling atomic video concepts under )
are strongly correlated and share some common perceptual
properties for their parent node, thus multitask learning can
be used to train their classifiers simultaneously. Because the
related tasks are characterized accurately by the underlying
concept ontology, our hierarchical classifier training algorithm
can provide a good environment to enable more effective
multitask learning.

To integrate multitask learning for SVM video classifier
training, a common regularization term is used to represent
and quantify the transferable knowledge and common features
among the SVM video classifiers for the sibling video concepts
under the same parent node. The SVM classifier for the atomic
video concept can be defined as [37], [38]

(7)

where , is the common regularization term
shared between the sibling atomic video concepts under the
same parent node , and is the specific regularization term
for the atomic video concept . Therefore, the regularization
terms of these SVM video classifiers are
able to simultaneously characterize both the commonness and
the individuality among multiple learning tasks (i.e., training the
classifiers for sibling atomic video concepts).

Given the labeled training samples for these sib-
ling atomic video concepts under the same parent node

, the margin
maximization procedure is to search a hypothesis space that is
appropriate for all these atomic video concepts [65]

(8)

subject to:

where represents the training error rate, is the
total number of atomic video concepts under the same parent
node , and are positive regularization parameters. The
dual optimization problem for (8) is to determine the optimal

by maximizing

(9)

subject to:
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where is the underlying kernel function. If is a
solution of (9), the optimal SVM classifier for the th atomic
video concept is given by

(10)

Because the common regularization term is used to repre-
sent the transferable knowledge and common features between
the sibling atomic video concepts, it can further be treated as a
prior regularization term to bias the training of the SVM clas-
sifier for their parent node . Setting such prior regularization
term is able to generalize the classifier from fewer training sam-
ples and reduce the training cost significantly. Based on such
prior regularization term, a biased classifier for their parent node

is trained effectively from a restricted class of hypotheses by
using few new training samples. Thus, the biased classifier for
their parent node is determined by minimizing

(11)
where is the common regularization term shared be-
tween the sibling atomic video concepts under , ,

are the new training samples for learning the
biased classifier for . The dual problem for (11) is solved by
minimizing

(12)
subject to:

The optimal solution of (12) satisfies

(13)

By using the prior regularization term , the hypothesis
space of the biased classifier is chosen automatically to be
large enough to contain an optimal solution of the new task
and yet be small enough to ensure reliable generalization from
reasonably-sized training sample set. Knowing the right bias
term also makes the problem for training the biased classi-
fier much easier. The bias classifier for the given second-level
video concept is defined as

(14)

To learn the ensemble classifier for the given second-level
video concept , its biased classifier should be combined with
the classifiers for its children video concepts. Unfortunately, all
the existing boosting techniques can only combine the weak
classifiers that are learned in different ways (i.e., different input
spaces) but for the same task [39], and they did not include the

Fig. 11. Flowchart for our hierarchical boosting algorithm.

regularization between different tasks which is very essential for
hierarchical video classifier training.

We have developed a novel hierarchical boosting algorithm
for multitask classifier combination, which is able to integrate
the classifiers trained for multiple tasks and leverage their dis-
tinct strengths and exploit the strong correlations of their outputs
according to the new task. Our hierarchical boosting algorithm
can search an optimal combination of these multitask classifiers
by sharing their transferable knowledge and common features
according to the new task (i.e., learning the ensemble classifier
for their parent node ), and thus it is able to generalize the en-
semble classifier significantly while reducing the computational
complexity dramatically. For the given second-level video con-
cept , the final prediction of its ensemble classifier can be
obtained by a logistic regression of the predictions of its bi-
ased classifier and the classifiers for its children video concepts
(shown in Fig. 11) [58]. Thus, the ensemble classifier for the
second-level video concept is defined as

(15)

where is the posterior distribution of the th classifier
to be combined, and is automatically deter-

mined by

(16)

After the classifiers for the sibling second-level video con-
cepts are available, they can further be integrated to boost the
classifier for their parent node at the third level of the concept
ontology. Through such hierarchical approach, the classifiers
for the video concepts at the higher levels of the concept on-
tology can be obtained automatically.

V. HIERARCHICAL CLASSIFICATION FOR AUTOMATIC

MULTILEVEL VIDEO ANNOTATION

After our hierarchical video classifiers are available, a top-
down approach is used to classify the video shots into the most
relevant video concepts at different semantic levels. Our hierar-
chical video classification scheme takes the following steps for
automatic video concept detection and annotation. a) The video
shots are automatically detected from the test video clips. b) For
each video shot, the underlying salient objects are automatically
detected and tracked along the time for extracting their cumula-
tive volumetric features. c) The video shots are classified into the
most relevant video concepts hierarchically according to their
perceptual properties which are characterized by the cumulative
volumetric features extracted from the relevant salient objects.
d) The keywords for interpreting the relevant video concepts are
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Fig. 12. Hierarchical organization of semantic video classification results.

Fig. 13. Second-level video concept “otolaryngology surgery” may consist of
multiple atomic video concepts such as “ankle/foot injury surgery,” “colonic
surgery,” and “face trauma surgery.”

automatically assigned to the test video shots to achieve mul-
tilevel video annotation. Some video classification results are
given in Figs. 12 and 13.

In our hierarchical video classification algorithm, the initial
classification of a test video clip at the higher levels of the con-
cept ontology is critical, because the classifiers at the subse-
quent levels cannot recover from the misclassification of the test
video clip that may occur at a higher concept level. In addition,
this misclassification can be propagated to the terminal node
(i.e., inter-level error transmission). To address such inter-level
error transmission problem, we have integrated two innovative
solutions: 1) enhancing the classifiers for the video concepts
at the higher levels of the concept ontology, so that they can
have higher discrimination power and 2) integrating a novel

search algorithm that is able to detect such misclassifica-
tion path early and take appropriate actions for automatic error
recovery [70].

Three significant respects of our hierarchical video classifi-
cation algorithm are able to address the inter-level error trans-
mission problem effectively. a) The transferable knowledge and
common features can be shared among the classifiers for the
video concepts at the same semantic level of the concept on-
tology to maximize their margins and enhance their discrimi-
nation power significantly. Therefore, the test video shots can
be classified more accurately at the beginning, i.e., video con-
cepts at the higher levels of the concept ontology. By exploiting
the strong correlations between the outputs of the classifiers
for the children video concepts, our hierarchical boosting algo-
rithm is able to learn more accurate ensemble classifiers for the
high-level video concepts. b) The classification decision for the

test video shot is determined by a voting from multiple multi-
task classifiers at the same semantic level to make their errors
to be transparent. c) An overall probability is calculated to de-
termine the best path for hierarchical video classification. For a
given test video shot, an optimal classification path should pro-
vide maximum value of the overall probability among all the
possible classification paths. The overall probability for
one certain classification path (from higher level concept node
to the relevant lower level concept nodes) is defined as

(17)

where is the posterior probability for the given test video
shot to be classified into the current video concept at the
higher level of the concept ontology, is the posterior prob-
ability for the given test video shot to be classified into the chil-
dren video concept of , is the maximum posterior
probability for the given test video shot to be classified into
the most relevant children concept node . Thus, a good path
should achieve higher classification accuracy for both the cur-
rent high-level concept node and the relevant children concept
node. By using the overall probability, it is able for us to detect
the incorrect classification path early and take appropriate ac-
tions for automatic error recovery.

It is important to note that once a test video clip is classi-
fied, the keywords for interpreting the underlying salient object
classes and the relevant video concepts at different levels of the
concept ontology become the keywords for interpreting its mul-
tilevel semantics. Our scheme for automatic multilevel video
annotation is very attractive to enable more effective video re-
trieval with more sufficient and precise keywords. Thus, the
naive users can have more flexibility to specify their queries via
sufficient keywords at different semantic levels.

VI. ONTOLOGY VISUALIZATION FOR VIDEO NAVIGATION

AND INTUITIVE QUERY SPECIFICATION

For naive users to harvest the research achievements of
CBVR community, it is very important to develop more com-
prehensive framework for intuitive query specification and
evaluation, but it is also a problem without a good solution
so far. The problem, in essence, is also about how to present
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a good global view of large-scale video collections to users
[73]–[76], so that users can easily specify their queries for video
retrieval. Therefore, there is a great need to generate the overall
information of large-scale video collections conceptually and
incorporate the concept ontology to organize and visualize
such concept-oriented overall information more effectively and
intuitively.

To achieve multimodal representation of concept ontology,
each concept node on the concept ontology is jointly charac-
terized by: keyword to interpret its semantics, most represen-
tative video shots to display its concept-oriented summary, de-
cision principles (i.e., support vectors and importance factors
for classifier combination) to characterize its feature-based prin-
cipal properties, and contextual relationships between the rele-
vant video concepts.

We have developed a novel scheme to generate the con-
cept-oriented summarization of large-scale video collection.
For one given video concept on the concept ontology, three
types of video shots are automatically selected to generate
its concept-oriented summary (i.e., most representative video
shots). a) Video shots which locate on the decision boundaries
of the SVM video classifier; b) Video shots which have higher
confidence scores in the classification procedure; and c) video
shots which locate at the centers of densive areas and can be
used to represent large amounts of semantically similar video
shots for the given video concept. To obtain such representative
video shots, multidimensional scaling is used to cluster the
semantically similar video shots for the given video concept
into multiple significant groups [74], [75].

Our multimodal approach for concept ontology representa-
tion can provide not only a basic vocabulary of keywords for
users to specify their queries precisely and objectively, but also
the concept-oriented video summaries to enable hierarchical
video navigation and the feature-based decision principles
to support query-by-example effectively. Therefore, query
interfaces that contain a graphical representation of the concept
ontology can leverage the benefits of the concept ontology and
make the task of query specification much easier and more
intuitive. By navigating the concept ontology interactively,
users can specify their queries easily with a better global view
of large-scale video collections.

Visualizing large-scale concept ontology in two-dimensional
system interface is not a trivial task [77], [78]. We have de-
veloped multiple innovative solutions to tackle this issue effec-
tively. a) A tree-based approach is incorporated to visualize our
concept ontology in a nested graph view, where each video con-
cept node is displayed along with its parent node, its children
nodes, and its multimodal representation parameters (i.e., key-
word, concept-oriented summary, feature-based decision prin-
ciples). b) The geometric closeness of the concept nodes on the
visualization tree is related to the semantic relatedness of the
video concepts, so that our graphical presentation can reveal a
great deal about how these video concepts are organized and
how they are intended to be used. c) Both geometric zooming
and semantic zooming are integrated to adjust the level of vis-
ible detail automatically according to the discerning constraint
on the number of concept nodes that can be displayed per visu-
alization view.

Our approach for concept ontology visualization exploits hy-
perbolic geometry [77], [78]. The hyperbolic geometry is partic-
ularly well suited to graph-based layout of large-scale concept
ontology, and it has “more space” than Euclidean geometry. The
essence of our approach is to project the concept ontology onto
a hyperbolic plane according to the contextual relationships be-
tween the video concepts, and layout the concept ontology by
mapping the relevant concept nodes onto a circular display re-
gion. Thus, our concept ontology visualization framework takes
the following steps. a) The video concept nodes on the concept
ontology are projected to a hyperbolic plane according to their
contextual relationships, and such projection can usually pre-
serve the original contextual relationships between the video
concept nodes. b) After we obtain such context-preserving pro-
jection of the video concept nodes, we can then use Poincaré
disk model [77], [78] to map the concept nodes on the hyper-
bolic plane to a 2-D display coordinate. Poincaré disk model
maps the entire hyperbolic space onto an open unit circle, and
produces a nonuniform mapping of the video concept nodes to
the 2-D display coordinate. The Poincaré disk model preserves
the angles, but distorts the lines. The Poincaré disk model also
compresses the display space slightly less at the edges, which in
some cases can have the advantage of allowing a better view of
the context around the center of projection.

Our implementation relies on the representation of the hyper-
bolic plane, rigid transformations of the hyperbolic plane and
mappings of the concept nodes from the hyperbolic plane to the
unit disk. Internally, each concept node on the graph is assigned
a location within the unit disk, which represents the
Poincaré coordinates of the corresponding video concept node.
By treating the location of the video concept node as a complex
number, we can define such a mapping as the linear fractional
transformation [77], [78]

(18)

where and are the complex numbers, and
, and is the complex conjugate of . This transformation

indicates a rotation by around the origin following by moving
the origin to (and to the origin).

After the hyperbolic visualization of the concept ontology is
available, it can be used to enable interactive exploration and
navigation of large-scale video collections at the concept level
via change of focus. The change of focus is implemented by
changing the mapping of the video concept nodes from the hy-
perbolic plane to the unit disk for display, and the positions of
the video concept nodes in the hyerbolic plane need not to be al-
tered during focus manipulation. Users can change their focus of
video concepts by clicking on any visible video concept node to
bring it into focus at the center, or by dragging any visible video
concept node interactively to any other location without loosing
the contextual relationships between the video concept nodes,
where the rest of the layout of the concept ontology transforms
appropriately. Thus, our hyperbolic framework for concept on-
tology visualization has demonstrated the remarkable capabili-
ties for interactively exploring large-scale video collections. By
supporting change of focus, our hyperbolic visualization frame-
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Fig. 14. (a) One view of our hyperbolic visualization of concept ontology and
(b) one different view of our hyperbolic visualization of the same concept on-
tology by changing the focus.

work can theoretically display unlimited number of video con-
cepts in a 2-D unit disk.

Moving the focus point over the display disk unit is equivalent
to translating the concept ontology on the hyperbolic plane, such
change of focus can provide a mechanism for controlling which
portion of the concept ontology receives the most space and
changing the relative amount of the video concept nodes for
current focus. Through such change of focus on the display disk
unit for concept ontology visualization and manipulation, it is
able for users to interactively explore and navigate large-scale
video archives. Therefore, users can always see the details of the
regions of interest by changing the focus. Different views of the
layout results of our concept ontology are given in Figs. 14 and
15. By changing the focus points, our hyperbolic framework for
concept ontology visualization can provide an effective solution
for interactive exploration of large-scale video collections at the
concept level.

Our hyperbolic visualization of the concept ontology can ac-
quaint the users with a good global view of the overall infor-
mation of large-scale video collections at the first glance, so
that users specify their queries visually because the relevant
keywords for video semantics interpretation and the most rep-
resentative video shots for concept-oriented summary are vis-
ible. In addition to such specific queries, our framework can
allow users to start at any level of the concept ontology and
navigate towards more specific or more general video concepts
by clicking the concept nodes of interest to change the focus.
Therefore, our graphical visualization framework can signifi-
cantly extend users’ ability on video access and allow users to

Fig. 15. Different views of our hyperbolic visualization of concept ontology
under different focuses.

explore large-scale video collections interactively at different
levels of details.

For one specific query, our multimodal CBVR system may
return many semantically similar video shots which may come
from different lengthy video clips. On the other hand, the com-
plete descriptions of specific clinical skills are interpreted by the
corresponding lengthy video clips with sufficient temporal con-
textual information, and it is very time-consuming for the stu-
dents to browse all these relevant lengthy video clips sequen-
tially. Thus, it is very important to develop new algorithm for
automatically generating and graphically visualizing the most
significant abstractions of the lengthy video clips at the con-
cept level, so that the students can easily select the most relevant
lengthy video clips at the first glance.

Our goal for query result evaluation is to provide an intuitive
tool to graphically visualize a terrain map of video concepts for
the relevant lengthy video clips, so that students can quickly se-
lect the most relevant lengthy video clips without spending te-
dious efforts of going through many details. We have developed
a novel algorithm for query result evaluation by graphically vi-
sualizing temporal context networks (i.e., terrain maps of video
concepts and their temporal contexts) for the lengthy video clips
that are relevant to the given query. As shown in Fig. 16, visual-
izing the temporal context networks graphically can provide the
most significant abstractions of the lengthy video clips to en-
able fast video browsing at the concept level. The temporal con-
text network for each lengthy video clip in the database can be
obtained automatically by our video concept detection scheme
(i.e., our hierarchical video classification scheme).
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Fig. 16. Temporal context network for one surgery education video clip.

VII. ALGORITHM AND SYSTEM EVALUATION

We carry out our experimental studies of our proposed algo-
rithms by using our large-scale collections of surgery education
videos. We currently have collected more than 300 h MPEG
surgery education videos, where 175 h MPEG videos are cur-
rently used for algorithm and system evaluation. 125 h MPEG
videos are used for classifier training for 176 video concepts
[66] and 50 h MPEG videos are used as the test samples for al-
gorithm evaluation.

Our works on algorithm evaluation focus on comparing our
proposed algorithms with other existing techniques for the same
video classification task. a) By using the same sets of object-
based cumulative volumetric features and training samples for
video classifier training, we have compared the performance
differences between our proposed multimodal boosting algo-
rithm, Adaboost [39], linear SVM classifier combination [37],
[38]. b) By using salient objects for feature extraction, we have
compared the performance differences between two approaches
for video classifier training by using the same sets of cumula-
tive volumetric features and training samples: our hierarchical
boosting algorithm versus the flat approach (i.e., the classifier
for each video concept is learned independently). c) By using
the same sets of cumulative volumetric features and training
samples for video classifier training, we have also compared the
performance differences between three approaches: our hierar-
chical boosting algorithm, multiclass boosting [57], [58], mul-
titask boosting techniques [59].

The benchmark metric for classifier evaluation includes pre-
cision and recall . They are defined as

(19)

where is the set of true positive samples that are related to
the corresponding video concept and are classified correctly,
is the set of true negative samples that are irrelevant to the cor-
responding video concept and are classified incorrectly, and
is the set of false positive samples that are related to the corre-
sponding video concept but are misclassified.

To assess the statistical difference between multiple algo-
rithms for video classifier training, we have also performed -
test and -value is used to compare their mean precision and re-
call. The t-value is defined as

(20)

where is the total number of video concepts used in the test,
and indicate the t-values for the precision and recall,

and are the mean and variance of the precision for the target
algorithm, and are the mean and variance of the pre-
cision for the comparison algorithm, , , , are the
mean and variance of the recall for the target and comparison

algorithms. The larger t-value indicates that the target algorithm
significantly outperforms the comparison algorithm.

A. Hierarchical Boosting versus Flat Approach

By extracting the cumulative volumetric features for video
classifier training, we have compared the performance differ-
ences between two approaches by using same sets of training
samples and cumulative volumetric features: flat approach (i.e.,
the classifier for each video concept is learned independently)
versus our hierarchical boosting scheme. Table I gives the pre-
cision and recall of the classifiers for some atomic video con-
cepts and high-level video concepts, and the statistical differ-
ence between our hierarchical boosting algorithm and the flat
approach is characterized effectively by the t-values:
and .

From these experimental results, one can observe that our hi-
erarchical video classifier training scheme can improve the de-
tection accuracy for the high-level video concepts significantly.
Such significant improvement on the detection accuracy bene-
fits from three components. a) The classifiers for the high-level
video concepts with larger within-concept variations are trained
hierarchically by combining the classifiers for the relevant low-
level video concepts with smaller within-concept variations, and
thus the hypothesis space for classifier training is reduced sig-
nificantly which can generalize the classifiers effectively from
fewer training samples. b) For a given high-level video con-
cept, the strong correlations between its children video concepts
are exploited effectively by sharing their transferable knowledge
and common features. Thus, our hierarchical boosting algorithm
can learn not only the reliable video classifiers but also the bias,
i.e., learn how to generalize. c) The final prediction results for
the classifiers of the high-level video concepts are obtained by
a voting procedure according to the classifiers at the same se-
mantic level to make their prediction errors to be transparent,
and thus the inter-level error transmission problem can be ad-
dressed effectively.

For the atomic video concepts at the first level of the concept
ontology, our proposed hierarchical classifier training scheme
can also obtain higher detection accuracy, because the strong
correlations between the sibling atomic video concepts under
the same parent node are exploited by sharing their transfer-
able knowledge and common features via multitask learning. In
addition, our hierarchical video classifier training scheme has
provided a good environment to enable more effective multi-
task learning, i.e., training the classifiers simultaneously for the
strongly correlated and sibling video concepts under the same
parent node. Through multitask learning, the risk of overfit-
ting the shared part is significantly reduced and the problem
of inter-concept similarity can be addressed more effectively,
which can result in higher classification accuracy.
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TABLE I
PERFORMANCE DIFFERENCES BY USING OUR HIERARCHICAL BOOSTING ALGORITHM AND THE FLAT APPROACH TO TRAIN THE CLASSIFIERS

FOR THE SAME VIDEO CONCEPTS BY USING SAME SETS OF TRAINING SAMPLES AND CUMULATIVE VOLUMETRIC FEATURES

B. Comparing Multiple Boosting Approaches

By using the same sets of training samples and cumulative
volumetric features for video classifier training, we have also
compared the performance differences between our hierarchical
boosting algorithm, multiclass boosting [57], [58] and multitask
boosting [59]. The multiclass boosting techniques learn multiple
classifiers by optimizing a joint objective function [57], [58].
The multitask boosting algorithm has recently been proposed to
enable multiclass object detection by sharing the common fea-
tures among the classifiers [59]. Rather than incorporating the
transferable knowledge and common features to learn a biased
classifier, the ensemble classifier for each object class is simply
composed by the classifiers that are trained for all the pair-wise
object class combinations [59]. For video classification appli-
cations, pair-wise concept combinations are used to exploit the
transferable knowledge and common features between the sib-
ling atomic video concepts.

As shown in Fig. 17, there are inter-con-
cept combinations for atomic video concepts under the same
parent node (i.e., for all possible pair-wise
combinations of the atomic video concepts and 1 for combining
all these atomic video concepts). The relevant training sam-
ples are integrated to learn combined classi-
fiers, and these combined classifiers are used to characterize the
common principal properties for these sibling atomic video
concepts under the same parent node . Thus, all these

classifiers are
integrated to generate the ensemble classifier for the
second-level video concept . The optimal ensemble classi-
fier for the given second-level video concept is determined
by

(21)

Fig. 17. Flowchart for multitask boosting via pair-wise concept combination.

where is the th classifier in the basic vocabulary for
classifier combinations, is the total number of potential

classifiers in the basic vocabulary, and is the relative im-
portance factor for the th classifier. For the given second-level
video concept , the final prediction of its ensemble classifier
is obtained by voting the predictions of all these pair-wise
classifiers.

As shown in Table II, our hierarchical boosting algorithm
can significantly outperform both the multiclass boosting and
the multitask boosting techniques [57]–[59]. The statistical dif-
ference between our hierarchical boosting algorithm and mul-
ticlass boosting algorithm is characterized effectively by the
t-values: and . The t-values for comparing
our hierarchical boosting algorithm with multitask boosting are:

and .
The multiclass boosting techniques do not explicitly exploit

the transferable knowledge and common features among the
classifiers to enhance their classification performance [57], [58].
The multitask boosting algorithm via pair-wise concept combi-
nations may seriously suffer from the following problems. a)
The decision boundaries of these pair-wise classifiers may not
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TABLE II
PERFORMANCE DIFFERENCES BY USING OUR HIERARCHICAL BOOSTING ALGORITHM, MULTICLASS BOOSTING AND MULTITASK BOOSTING TO TRAIN THE

CLASSIFIERS FOR THE SAME VIDEO CONCEPTS BY USING SAME SETS OF TRAINING SAMPLES AND CUMULATIVE VOLUMETRIC FEATURES

exactly be in the same place of the high-dimensional heteroge-
neous feature space [60]–[65], thus such simple combinations
may not be able to achieve a reliable ensemble classifier for the
new task. b) The tasks for detecting multiple video concepts are
parallel at the same semantic level, thus the strong output cor-
relations between the classifiers cannot be exploited effectively.
c) Training the pair-wise classifiers which have larger hypoth-
esis variances may increase the computational complexity dra-
matically, and large amounts of training samples are needed to
achieve reliable classifier training. On the other hand, our hierar-
chical boosting algorithm can integrate the transferable knowl-
edge and common features to enhance all these single-task clas-
sifiers at the same semantic level simultaneously, exploit their
strong inter-concept correlations to learn a biased classifier, and
generate an ensemble classifier for their parent node with higher
discrimination power.

C. Comparing Multiple Approaches for SVM Video Classifier
Training

By using the same sets of cumulative volumetric features
and training samples for video classifier training, we have also
compared the performance differences between our multimodal
boosting, AdaBoost and linear SVM combination. AdaBoost

Fig. 18. Comparison results between our multimodal boosting algorithm,
linear SVM, and AdaBoost.

and its variants have recently been used for feature selection by
training a cascade of linear classifiers [35][36]. However, one
weak classifier is learned for each feature dimension indepen-
dently, and thus the feature correlations are ignored. Therefore,
the gain on performance improvement may be limited because
the feature correlations and the strong correlations between the
outputs of the weak classifiers are not exploited effectively. On
the other hand, our multimodal boosting algorithm uses multi-
modal perceptual features and it also exploits the intra-set, the
intra-modality, the inter-set and the inter-modality feature corre-
lations, and the output correlations between the weak classifiers,
thus it can achieve more reliable classifier training and result in
higher classification accuracy. The comparison results for some
video concepts are given in Figs. 18 and 19.
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Fig. 19. Comparison results between our multimodal boosting algorithm,
linear SVM, and AdaBoost.

Fig. 20. Comparison results on the size of training samples between our multi-
modal boosting algorithm and traditional SVM classifier training algorithm (full
space SVM) to learn SVM video classifier with the same accuracy rate.

It is well accepted that the number of training samples for
achieving reliable classifier training largely depends on the fea-
ture dimensions [33]–[36]. To evaluate the scalability of dif-
ferent classifier training algorithms with the feature dimensions,
we have compared two approaches on their sizes of training
samples that are required for achieving the same classification
accuracy rate. a) For each atomic video concept, its SVM clas-
sifier is trained by using all the cumulative volumetric features
(i.e., full space). b) For each atomic video concept, our multi-
modal boosting algorithm is used by partitioning all the cumu-
lative volumetric features into 11 homogeneous feature subsets.
Because the feature dimensions for each homogeneous feature
subset are relatively low, our multimodal boosting algorithm can
significantly reduce the number of training samples to learn the
classifier for the same video concept with the same classifica-
tion accuracy rate, i.e., the number of training samples for the
full-space approach is at least four times more than that for our
multimodal boosting algorithm as shown in Fig. 20. In addi-
tion, each homogeneous feature subset is used to characterize
one certain perceptual property of video concept, thus the un-
derlying geometric property of video data is uniform and can
accurately be approximated by using one specific type of proba-
bilistic kernel functions. Learning the classifiers for the strongly
correlated and sibling video concepts simultaneously (multitask
learning) can also require fewer training samples per task with
better generalization than that if those classifiers are learnt in-
dependently.

D. Comparing Two Approaches for Hierarchical Video
Classification

There are two approaches to achieve hierarchical video clas-
sification: a) top-down approach and b) bottom-up approach. In
a bottom-up approach, only the classifiers for the atomic video
concepts at the first level of the concept ontology are learned,
and the appearances of the relevant high-level video concepts
can be predicted automatically according to the concept on-
tology. Compared with our top-down approach, the bottom-up
approach has the following shortcomings. 1) The bottom-up
approach has higher computational cost for hierarchical video
classification because it has to go through bi-
nary SVM video classifiers for all these atomic video con-

cepts at the first level of the concept ontology. On the other
hand, our top-down approach for hierarchical video classifica-
tion can ignore large amounts of irrelevant video concepts early
and only perform the classifiers for the video concepts on the
selected hierarchical classification path, and thus the computa-
tional cost for video classification is significantly lower. 2) The
contextual relationships between the video concept nodes could
be hypernymy or hyponymy, one atomic video concept may
be related to multiple video concepts at the second level of
the concept ontology. Therefore, simple inference via the con-
cept ontology could not accurately achieve hierarchical video
classification and automatic multilevel video annotation, and
this misclassification error will be propagated along the concept
levels. On the other hand, our top-down approach can tackle this
inter-level error transmission problem more effectively with au-
tomatic error recovery.

VIII. ALGORITHM SCALABILITY AND GENERALIZABILITY

One problem for automatic video concept detection is the
large range of possible within-concept variations because of var-
ious viewing and illumination conditions. It is very important
to develop new techniques that are able to effectively tackle the
changes of viewing and illumination conditions. By treating var-
ious viewing conditions or illumination conditions as the ad-
ditional selection units in our multimodal boosting algorithm,
we can further learn the SVM video classifiers for the same
video concept under different viewing or illumination condi-
tions. Our multimodal boosting algorithm has provided a nat-
ural way to effectively combine the SVM video classifiers for
different homogeneous feature subsets, viewing conditions and
illumination conditions, and thus it is able to easily generalize
across different viewing and illumination conditions and pro-
vide a scalable solution for such problems. In addition, our mul-
timodal boosting algorithm is scalable to the dynamic extraction
of new homogeneous feature subsets by simply adding the cor-
responding weak SVM classifiers into the ensemble classifier.

In this paper, we focus on one specific domain of surgery
education videos because of the significant application values.
Our proposed hierarchical video classifier training scheme does
not depend on the video domain, because the domain-dependent
concept ontology is only used for determining the task related-
ness to enable multitask learning and it is not used for predicting
the appearances of high-level video concepts. Therefore, it is
worth noting that our hierarchical video classification scheme
can easily be extended to more broader video domains such as
news, films and sports. In Fig. 21, we have demonstrated some
of our preliminary results on the news video domain, where the
concept ontology for hierarchical video concept organization is
obtained automatically by using the textual terms extracted from
news closed captions [67]. The concept ontology is then used to
determine the related tasks (i.e., learning the classifiers for the
sibling video concepts on the concept ontology), and our pro-
posed hierarchical video classifier training scheme can directly
be extended to train the classifiers for detecting large amounts of
video concepts automatically. For more broader video domains
such as news, the within-concept variations may be larger and
thus more training samples are needed to achieve reliable video
classifier training. On the other hand, the rich production meta-
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Fig. 21. Concept network for news concept organization and hierarchical video
classifier training.

data and editing structures for the video domains of news, sports
and films can be exploited to enhance video classifier training.

The standard SVM classifiers are designed for two-class
problem [37], [38]. Thus, our multiclass video classification
problem can be solved by decompositing the multiclass problem
into several two-class problems for which the standard SVM
classifiers can be used. In our proposed hierarchical video clas-
sifier training scheme, only the classifiers for the sibling video
concepts under the same parent node are needed to be training
simultaneously, and thus the number of such binary pair-wise
classifiers can be reduced significantly. Another solution is to
directly use multiclass SVM classifiers which are available in
the literature [68]. The existing boosting technique is designed
for two-class problems [39], but multiclass video classification
problem can effectively be solved by using error-correcting
codes [69]. In addition, our multimodal boosting algorithm can
easily be extended to handle multiclass video classification
problems by using multiclass boosting schemes directly [57],
[58].

IX. CONCLUSIONS AND FUTURE WORKS

In this paper, we have proposed a novel scheme to achieve
more effective video classification and automatic annotation
of large-scale video archives by incorporating the concept
ontology to boost hierarchical video classifier training and
multimodal feature selection. Integrating the concept ontology
for hierarchical video concept organization and detection can
provide the following significant benefits. a) The contextual and
logical relationships among the video concepts are well-defined
by the concept ontology, thus the classifiers for the high-level
video concepts can be learned hierarchically by integrating
the classifiers for the relevant video concepts at subsequent
levels via multitask learning. b) The concept ontology can
provide an adequate definition of task relatedness to enable
more effective multitask learning, generalize the classifiers
effectively from fewer training samples, and scale up our
statistical learning techniques to large amounts of video con-
cepts through exploiting their strong inter-concept correlations.
c) For the high-level video concepts, the problem of large

intra-concept variations is addressed by learning their classi-
fiers hierarchically. For the atomic video concepts, the problem
of large intra-concept variations is addressed by partitioning
the high-dimensional cumulative volumetric features into 11
homogeneous feature subsets and learning their weak classifiers
with more appropriate kernel functions. Multitask learning is
incorporated to address the inter-concept similarity problem
effectively. d) Our multimodal boosting algorithm is able
to reduce both the computational complexity and the size of
training samples dramatically and scale up SVM video classifier
training significantly. e) Our hierarchical boosting algorithm
is able to address the inter-level error transmission problem
effectively while reducing the training cost significantly. f) Our
hierarchical video concept organization scheme can narrow the
search space for video classification and facilitate automatic
error recovery. In addition, our hyperbolic visualization scheme
can enable more intuitive solutions for query specification and
evaluation. Experimental results have also demonstrated the
efficiency of our new scheme and strategies for hierarchical
video classification and automatic video concept detection.

Building the concept ontology that is able to meet the
common needs of the users in a specific surgery education
domain plays an important role in our proposed work. The
basic assumption of our proposed work is that the medical
students have common interests on obtaining the trainings of
certain clinic skills, which are well-defined by specific medical
education program. Thus, integrating such domain-specific and
user-centric concept ontology for video concept organization
and indexing will significantly enhance the medical students’
ability on video access. However, one single concept ontology
may not meet all the needs of the users under every conceivable
scenario (i.e., diversity of the users’ needs and the changing of
users’ needs over time), thus we will also study how to integrate
multiple concept ontologies for video concept organization,
hierarchical video classifier training, retrieval, and database
navigation. We believe that our proposed work for single
concept ontology case will be extensible to tackle such similar
issue effectively.
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