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ABSTRACT

In this paper, we describe the TRECVid 2012 video
concept detection system first developed at the NTT
Media Intelligence Laboratories in collaboration
with Dalian University of Technology. For this
year’s task, we adopted a subspace partition based
scheme for classifier learning, with emphasis on the
reduction of classifier complexity, aiming at
improving the training efficiency and boosting the
classifier performance. As the video corpus used for
TRECVid evaluation is ever increasing, two practical
issues are becoming more and more challenging for
building concept detection systems. The first one is
the time-consuming training and testing procedures,
which have taken up most of the evaluation activities,
preventing the design and testing of novel algorithms.
The second and the more important issue is that
when using whole data for classifier training, the
derived separating hyperplanes would be rather
complex and thus degrade the classification
performance. To address these issues, we propose to
adopt the “divide-and-conquer” strategy for concept
detector construction as follows. We first partition
the whole training feature space into multiple
sub-space with a scalable clustering method, and
then build sub-classifiers on these sub-spaces
separately for each concept. The decision of a testing
sample is the fusion of the results a few fired
sub-classifiers. Experimental results demonstrate the
efficiency and effectiveness of our proposed
approach.

* TRECVID’12, November 26 – 28, 2012, Gaithersburg,
Maryland USA.
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1. Introduction
From the launching of the TRECVid Semantic
Indexing (SIN, formerly called feature extraction and
later high-level feature extraction) task at 2002, the
benchmark dataset for evaluating the effectiveness of
detection methods for semantic concepts has been
increasing continuously. Tab. 1 shows the growth of
SIN evaluation dataset for the recent five years.
Tab.1. The scale of datasets used for TRECVid semantic
indexing or high-level feature extraction task

Year

Dataset length
(hours)

Master shots

TV2008

~200

72028

TV2009

~380

133412

TV2010

~400

266473

TV2011

~600

403800

TV2012

~800

631646

It is noted that TRECVid also encourages the
participants to include more training samples from
other sources. With the rapid development of social
multimedia on the Internet, researchers are getting
interested in harvesting training samples from web
data[1]. Thus for today’s concept detectors
construction, we have large number of data available.
For large-scale video database, the training and
testing are really time-consuming, which have taken
up most of the TRECVid evaluation activities,
preventing the design and testing of novel algorithms.

Moreover, due to the well-know semantic gap existed
between low-level features and high-level concepts [2],
the distribution of the entire training low-level
features of unique concept is diversified and complex,
thus it is difficult to learn a single classifier on the
space. Motivated by the above issues, we propose to
adopt the “divide-and-conquer” strategy, namely, we
adopt an ensemble learning framework to improve the
training efficiency and effectiveness of concept
detectors.
In the rest of the paper, we first review the related
work on concept detection in Section 2. Then, we
introduce and describe the framework of our system in
Section 3. In Section 4 we give the details of our
subspace partition approach. The experimental
analysis will be given in Section 5. Finally, we
conclude our work in Section 6.

2. Related work
Concept detection, or referred as high-level feature
extraction by TRECVid before 2010, plays
fundamental role in multimedia information indexing,
retrieval and managements [3][4], and in various
related multimedia applications, such as video
question answering [6], video summarization [7], etc.,
thus has attracted intensive research efforts recently.
The goal of concept detection is to build mapping
from low-level features to high-level concepts with
machine learning techniques [4]. The main modules of
state-of-the-art concept detection systems include
feature extraction and fusion, and classifier training.
Various low-level visual features including global
and local features have been proposed and tested for
concept detection and other visual classification tasks.
Color histogram, color moments, color correlogram,
edge histogram, co-occurrence texture and wavelet
texture are the most widely used global features in
TRECVid evaluations [11][5]. Meanwhile, SIFT
descriptors [11] extracted from keypoints have been
the standard local features, showing impressive
performances in concept detection [16]. While those
above features are demonstrated complementary in
representing video frames [5], lots of approaches have
been proposed to fuse them to boost performance,
which can be categorized into early-fusion and
late-fusion
methods.
Early-fusion
scheme
concatenates multiple feature vectors into a larger
single vector and feeds to classifiers while late-fusion
method trains multiple classifiers using separate
features and then fuses the results of classifiers. It has

been shown by TRECVid participants [5] that early
fusion achieves better performance than late-fusion.
However, training on concatenated larger vector will
greatly increase the computational cost than on
multiple shorter vectors, making it impractical for
most participants to design and testing algorithms with
tight submission schedule of TRECVid.
As for classifier used for concept detection, a
variety of classification techniques such as support
vector machine (SVM) [11][5], Gaussian mixture
model [8], etc, have been studied. The success of these
classifiers largely depends on the separability of the
underlying data structure. The scale of TRECVid
training samples for single concept ranges from
thousands to dozens of thousands, showing highly
complex separating hyperplanes in feature space,
presents grand challenges to the design of
classification algorithms on such large scale dataset.
Thus, it is highly desirable to partition the whole
dataset into smaller collections to make the data
structure more separable to improve classification
performance.
To address the above issues, in this work, we
propose to adopt a scalable clustering method, called
Clara, to partition the training samples. Clara
(Clustering for Large Applications) [10] is a
partitioning algorithm which can deal with large data
sets with a sampling scheme. After partition, we train
set of classifiers on the subspaces. In testing, a few of
classifiers are fired and fused to give the classification
result of given testing keyframe.

3. System framework
The framework of the proposed concept detection
system is illustrated in Fig.1. As is shown in the figure,
the whole system consists of two stages: training stage
and testing stage. We describe the main steps for each
stage as follows.

3.1 Main steps for training stage
(1) Feature Extraction. Similar to our work of last
year [11], we use two types of visual features
extracted from keyframes as the signature of video
shots: global and local features. The global features
include color moments and edge histogram [12]. The
widely used bag of visual words (BoW) representation
is adopted as local feature, which is based on a visual
vocabulary of visual words clustered by a set of SIFT
features [13]. To enhance the discriminative power of
the global features, we adopt the grid or patch based

manners. For color moment, we partition a keyframe
into 5×5 grid and extract the first three moments of
the three channels of LAB color space. Thus the final
color moment is a 225 dimensional vector. To extract
edge histogram, we separate the keyframe into 5
patches with 4 corner patches and a center overlapping
patch [14], and each patch is represented as a 64
dimensional vector with 8 edge direction bins and 8
edge magnitude bins based on the Sobel filter,
forming a final 320 dimensional vector for a keyframe.
The local features are extracted and represented as
follows. Difference of Gaussian (DoG) is used to
detect salient keypoints and Scale Invariant Feature

Transform (SIFT) descriptors [15] are generated as
features of these keypoints. Then we sampled 1M
keypoints from the whole data set and cluster them
into 500 clusters, constructing a vocabulary of 500
visual words. Given a keyframe, the soft-weighting
scheme [16] is used to quantize the SIFT descriptors,
generating the 500 dimensional BoW representation.
After extraction of the four global features and the
local feature, we normalized them and adopted the
early-fusion strategy to form the final representation
of a keyframe by concatenating these features as early
fusion has been shown better performance than late
fusion approaches [5].

Fig.1 The framework of our video concept detection system

(2) Subsapce Learning. In this step we partition
the whole training data into subspaces and learn the
subspace model. Here, we adopt the Clara clustering
method to cluster the training feature space into K
subspaces. The generated K medoids’ feature vectors
from Clara form the subspace model. In our work, we
experimentally set K to 100 and the details of
subspace learning using Clara will be addressed in
Section 4.

medoids based on the cosine distance. Such similarity
reflects the degree of membership of the sample to the
corresponding subspace. The higher is the similarity to
a certain medoid, the more likely the sample can be
grouped into the subspace corresponding to that
modoid. Thus, we can weight a sample’s membership
to a certain subspace using the calculated similarity.
Then the resulted N×K weight matrix (N is the size of
training sample) forms the outputs of subspace coding.

(3) Subspace Coding. For each training sample, we
can calculate the similarities between it and the K

(4) Exemplar Grouping. With the weight matrix
obtained by subspace coding, we assign a sample

(with id i) into multiple most adjacent subspaces by
selecting the top L (L<<K) coefficients in the row i of
the weight matrix. The motivations of this kind of
soft-partition, i.e., assigning a sample into L subspaces
instead of a single subspace, are two-fold. The first
one is to re-use the labeled samples of concept, since
there are insufficient annotation samples for many
concepts in the TRECVid evaluation. The second one
is to improve classification performance by
collaborating with classifier fusion module in the
testing stage, working in the similar way of
soft-weighting scheme used in SIFT quantization
which has been shown better performance than
hard-weighting. After assign all the training samples,
we have the partitioned K subspaces ready for
classifiers learning.
(5) Classifier Training. The positive and negative
training samples of a concept can be grouped into
multiple different subspaces. Thus for a subspace and
a concept, there may exist labeled positives and
negatives. We build classifiers for a concept on every
subspace which has a certain amount of training
samples (i.e., the number of training samples for the
concept on the subspace should exceed some
threshold). So we have at most K sub-classifiers for
one concept, and totally K×M sub-classifiers (M is the
number of concepts) for all the concepts, which
construct the classifier pool of our system. We use
Support Vector Machine (SVM), specifically LibSVM
[9] to build up the concept sub-classifiers. In our
experiments, we used the RBF kernel, and 3-fold cross
validation to select the two optimal key parameters:
cost parameter C and Gaussian kernel width g.

3.2 Main steps for testing stage
Given a testing keyframe and a concept, we conduct
the following steps to calculate the detection score of
the concept on the keyframe.
(1) Feature Extraction. The same features to the
training stage are extracted to represent the keyframe.
(2) Subspace Coding. The membership weights
that measure the degrees of the keyframe belonging to
the L subspaces are calculated as described in the
training stage.
(3) Classifier Fusion. The membership weights of
the keyframe are ranked and the top L weights are

selected. Then the most neighboring subspaces are
determined, and the trained classifiers on such
subspaces for the given concept are triggered. Suppose
L’ (L’<L) classifiers are triggered and their
classification scores are denoted as score i (i=1~L’).
The corresponding weights of these classifiers are
normalized and denotes as wi (i=1~L’), then the final
classification score for the keyframe over the given
concepts is the weighted fusion of the L’ results.
We conduct classifier fusion for all the testing
keyframes on a given concept and then rank the fusion
scores. The top 2000 results are used for the
performance evaluation.

4.

Subspace learning with Clara

The highlight of our concept detection system is to
partition the entire training data into multiple
subspaces and then train sub-classifiers on these
subspaces to improve training efficiency and
effectiveness. The subspace partition is actually a
process of clustering thus we can adopt clustering
algorithms to do this. However, the widely used
clustering methods like K-Means or K-Medoids are
not suitable to perform the task, because they conduct
clustering or select representative medoids on the
whole dataset, which is quite time-consuming and
prevents them to be scaled up to large data set like
TRECVid evaluation benchmark. Here we adopt Clara
[10], a sampling-based clustering approach to deal
with large data sets. Clara tries to find the best K
medoids from fixed size sampled data subsets rather
than the whole dataset, making the overall
computation time and storage requirements linear to
the total number of data rather than quadratic, thus is
more suitable for TRECVid large corpus.
The process of Clara is listed as the following steps.
(1) For I = 1 to V (the number of sampling), iterate steps
(2) to (4).
(2) Draws a subset (40+2K samples) of the dataset and
applies PAM (Partitioning Around Medoids) on the subset
to find the best K medoids.
(3) Calculate the distances for each sample in the whole
dataset to the K medoids, and decide the most similar
medoid for each sample.
(4) Calculate the total clustering cost in the last step based
on the average distance between samples and their most
similar medoids, and compare it with the current minimal
cost. If it is smaller than the later, then the selected best K

medoids will be kept as the current best K medoids.

From the above steps we can seen that the
complexity of each iteration is O(K(40+2K)2 +
K(N-K)) where N is the size of the dataset.

5. Experiments
We have submitted 4 runs totally. The description
and MAP of each run are shown in the following Tab.
2, where L is the number of partitions that one sample
can be assigned to. From the table we can see that the
classification performance is influenced by the value
of L, and the larger is L, the higher InfMAP is
achieved. This validates the effectiveness of
soft-partition scheme in Exemplar Grouping and
Classifier Fusion. It should be also noted that the
subspace learning with Clara is fast on the huge
training dataset, taking about 9 hours on our PC
(V=10). After partitioning the training space into
subspaces, since the size of subspace is much smaller
than that of the whole space and the subspace is of
high separability, the training of sub-classifiers is very
efficient and it took about 85 minutes on average to
train all the sub-classifiers for one concept (for L=2).
Tab. 2. Description and InfMAP of our 4 SIN runs

Submitted run

InfMAP

L (the number

L_A_NTT_DUT_1_1

0.228

8

L_A_NTT_DUT_2_2

0.219

6

L_A_NTT_DUT_3_3

0.209

4

L_A_NTT_DUT_4_4

0.203

2

for
soft-partition)

6. Conclusions and Future Works
To summarize, the proposed subspace partition based
classifier learning scheme is efficient and effective,
providing a practical solution for large scale concept
training and detection. In the future, we will
investigate more advances subspace partition
approach, and meanwhile, more powerful feature
representation like dense SIFT will be studied in the
proposed framework.
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