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Abstract—With explosive amounts of video data emerging
from the Internet, automatic video concept detection is becoming
very important and has been received great attention. However,
reported approaches mainly suffer from low identification accu-
racy and poor robustness over different concepts. One of the
main reason is that the existing approaches typically isolate
the video signature generation from the process of classifier
training. Also, very few approaches consider effects of multiple
video features. The paper describes a novel approach fusing
different information from diverse knowledge sources to facilitate
effective video concept detection. The system is designed based
on CM*F scheme [7], [5] and its basic architecture contains
two core components including 1) CM*F based video signature
generation scheme and 2) CM*F based video concept detector.
To evaluate the approach proposed, an extensive experimental
study on two large video databases has been carried out. The
results demonstrate the superiority of the method in terms of
effectiveness and robustness.

Index Terms—Video concept, Information retrieval, Detection

I. INTRODUCTION

With dramatic increasing volume of video data from various
application domains, accurate semantic concept detection is
becoming a very important but challenging research topic. Us-
ing the technology, video data can be automatically clustered
based on ”similarity of concept” for effective organization and
faster searching. Due to its critical role in video information
retrieval and management, many different approaches have
been proposed in recent years [4], [1], [2], [3]. In general, their
basic idea is to model the problem as a statistical classification
process, which includes two steps. They include,

• Feature extraction - The main functionality is to model
video (visual and audio) information and the one of the
most popular format is to use feature vectors as content
representations (video signatures).

• Concept detection - A categorization scheme to quantify
the distance between video clips and concept label on the
basis of feature extracted.

Generating high quality video signature has a considerable
impact on determining final performance of detection process.
However, very limited research study has been carried out in
this domain. Existing approaches [11], [8], [9], [10] generally
suffer from two main shortcomings including,

• For most of the existing approaches [11], [8], [9], [10],
the process of video signature generation is typically

isolated from the process of classifier training. This could
easily lead to a suboptimal feature space, which might not
provide good quality training for classifiers used to detect
video concept.

• Another shortcoming with almost all of the existing
approaches is that very few approach consider how to
combine diverse knowledge source for detection accuracy
improvement. Video data could contains a large amount of
heterogenous information such as text, audio and image.
It may not be appropriate to assume that each of those
information provides equal contribution on concept iden-
tification. However, design a proper scheme to effectively
combine them is still a open research question.

• Low level feature (audio and visual) used to represent
content of video information is typically high dimen-
sional. This can easily lead to inefficient identification
process based on existing statistical machine learning
scheme. Reducing the dimensionality of data becomes a
very natural solution for the problem.

Based on above observation, we propose a new video
concept detection framework. It is designed using ”wrapper
model” feature selection principle, which requires predeter-
mined classification algorithm. The basic architecture contains
two core components including 1) CM*F based video signature
generation scheme and 2) CM*F based video concept detector.
Both components are developed based on CM*F scheme [7],
[5] and the main goal for CM*F based video signature
generation scheme is to produce high quality feature sets.
CM*F is a nonlinear dimensionality reduction method based
on neural network and PCA. It can fuse various kinds of video
feature to form final content representation of video. Using
the signature, accurate event detection process can be carried
out using CM*F based classifier. In addition, another main
contribution is a set of comprehensive empirical study and
relative result analysis using two large video test collections
containing TRECVID05 and TRECVID07. It demonstrates
various kinds of advantages for the proposed approach includ-
ing effectiveness and robustness.

The rest of the paper is structured as follows: Section 2
provides detail introduction of the proposed video concept
detection framework. Section 3 describes the experimental
configuration for empirical study including test collection and
evaluation metric. In Section 4, we present experimental results
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Fig. 1. Illustration of video concept detection system architecture. It contains
three basic components including low level video feature extraction, CM*F
based video signature generation scheme and CM*F based video concept
detector.

and the related analysis. Finally, Section 5 gives conclusions of
this research study and summarizes a few potential directions
for future study.

II. A UNIFIED FRAMEWORK FOR VIDEO CONCEPT
DETECTION

In the section, we provide the description about each
functionality module of our framework. As illustrated in Fig-
ure 1, its core architecture includes three components - low
level video feature extraction, CM*F based video signature
generation scheme and CM*F based video concept detector.

A. Video Feature Extraction

The main functionality of low level feature extraction
component is to calculate various kinds of low level physical
features to represent content of raw video stream. The whole
process can be partitioned into two main steps. In the first
step, our system segments each video stream into a set of
small shots. After that, different kinds of features are extracted
from the individual video segment. They include audio features
and visual features. For audio features, we consider timbre,
rhythm and pitch information [20]. In addition, information
about color, texture, shape and color layout is computed from
each video segment [19]. The details can be found in Table I
and more information about extraction procedure, please refer
to [7].

B. Architecture of Video Concept Detection

The second part of our proposed framework contains mul-
tiple CM*F based feature mappers organized with a parallel

TABLE I
DETAIL INFORMATION ABOUT LOW LEVEL VIDEO FEATURES

CONSIDERED.

Feature type Details Dimensionality
Audio Timbre (33D), Rhythm (18D) 69D

features Pitch (18D)
Visual Color (37D), Texture (30D) 127D

features Shape (30D), Color Layout (30D)

NEURAL

INPUT

PCA PCA PCA

NETWORK

OUTPUT

Lower

Dimensional

Feature

PCA

Feature 1 Feature 2 Feature N

..................

Fig. 2. Illustration of CM*F architecture containing linear PCA and neural
network. PCA is used as preprocessing scheme to speed up training and
information processing speed. This figure is also shown in [7].

structure. Each of them is trained for one video concept.
Once the low level feature extraction process is finished, task-
specific descriptors for video concept can be produced with
CM*F based feature mapper. As the basic layout shown in
Figure 2, CM*F based feature mappers has a hybrid structure,
integrating two traditional dimensionality reduction methods -
PCA [12] and multilayer preceptron neural network [15], into
single structure. PCA serves as ”pre-processing” step for neural
network to reduce the size of raw input video features. It can
significantly improve convergence speed of training process
for neural network. The multilayer preceptron neural network
provides complex maps approximately to produce effective low
dimensional feature space.

Comparing to traditional approaches, CM*F based feature
mapper enjoys a few unique characteristics. The first one is to
enable comprehensive fusion of features from different diverse
knowledge sources and produce small but comprehensive video
descriptor. At the same time, it also can effectively combine
human classification information via training process and
learning examples. The corresponding transformation process
can be treated as a nonlinear mapping Φ, which projects the
raw input feature space Υ onto the concept sensitive feature
space Ω, as shown by

Φ : Υ → Ω (1)

where each feature vector in the input space Υ is a com-
posite vector containing various kinds of information about
audio and visual information for video clip. Since mappers
are trained separately, the output feature space Ω can be
represent by a set of statistical independent numerical vectors
[cv1, .., cvc.., cvC ]. They can be directly applied as inputs for
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CM*F based video concept detector, whose main functionality
is to make final decision on the concept label for given
video input. To train both CM*F feature mapper and CM*F
based video concept detector, we apply the quick-prop learning
algorithm as learning algorithm due to its simplicity and
effectiveness. In this study, the related learning examples are
randomly selected from test collection and its size is about
10% of whole testset. Based on the system just introduced
above, we can summarize video concept detection process as
below,

• Video boundary detection and partition video stream into
a set of video segments.

• For each video segment, extract low level video features
and feature types include audio features and visual fea-
tures.

• Advanced video signature generated by CM*F based
feature mapper.

• Video concept detection using CM*F based classifier.

III. EXPERIMENTAL CONFIGURATION

This section provides information about two test collections
and evaluation metric used for the empirical study. Our empir-
ical study was carried out based on two video collections used
in the recent TREC Video Retrieval Evaluation (TRECVID).
They include data from TRECVID 2005 (TRECVID05) and
TRECVID 2007 (TRECVID07). For TRECVID05, it contains
totally 86 hours of news video and those data is from 6
different TV channels including CNN, NBC, MSNBC, CCTV,
NTDTV and LBC. Except that news from CCTV and NT-
DTV are Chinese, the others are in English. This 86-hour
video footage includes 61,901 video shots. Figure 3 shows
a few examples for video concepts from TRECVID 2005. For
TRECVID 2007, main content is very mixed and the topics
covered include news magazine, science news, news reports,
documentaries, and educational programming. In this 50 hour
footage, there are 21,532 shots.

For semantic concepts used for this empirical study, we con-
sider total 39 semantic concepts provided by the Light Scale
Concept Ontology for Multimedia (LSCOM- Lite) project [22].
The range of those concepts is quite wide. They include objects
(e.g., Car), scenes (e.g., Outdoor), and semantic topics (e.g.,
Military). To assess the effectiveness of our approach, we use
recall R and precision P as evaluation metrics [6].

IV. EXPERIMENTAL RESULTS

The main focus of the first set of experiment is to study
effectiveness of the proposed video detection method. To
demonstrate its advantage, we compared its performance based
on four different low level video feature configurations. They
include (audio feature, visual feature), (visual feature), (audio
feature) and (linear combination of visual and audio features).
All tests use the same data sets and same queries introduced
in the previous section. Table II and III summarize the per-
formance results of our approaches based on TRECVID05
and TRECVID07 test collection. Based on results shown in
the last row, linear combination leads to the lowest detection

Systems Recall(R) Precision(P )
AF+VF 0.372 0.426

VF 0.255 0.304
AF 0.197 0.215

AF+VF(L) 0.117 0.187

TABLE II
COMPARISON OF DETECTION EFFECTIVENESS ON TRECVID05. AF+VF,

VF AND AF DENOTE OUR METHOD BASED ON AUDIO AND VISUAL
FEATURE, VISUAL FEATURE, AND AUDIO FEATURE. AF+VF(L) DENOTES

LINEAR COMBINATION OF AUDIO AND VISUAL FEATURES.

Systems Recall(R) Precision(P )
AF+VF 0.315 0.417

VF 0.235 0.284
AF 0.188 0.212

AF+VF(L) 0.125 0.194

TABLE III
COMPARISON OF DETECTION EFFECTIVENESS ON TRECVID07. AF+VF,

VF AND AF DENOTE OUR METHOD BASED ON AUDIO AND VISUAL
FEATURE, VISUAL FEATURE, AND AUDIO FEATURE. AF+VF(L) DENOTES

LINEAR COMBINATION OF AUDIO AND VISUAL FEATURES.

accuracy among those four configurations. Moreover, when the
system only considers audio feature, it also suffers from poor
detection accuracy. Although using visual feature can provide
improvement at some level for both test collections, the gain
is very limited. In fact, combining different kinds of video
feature via CM*F based feature mapper brings signification
lift to detection effectiveness. For example, in comparison to
the systems based on visual feature or audio feature, additional
15% in precision measurement and 17% in recall can be found
for TRECVID05 dataset when both visual and audio features
are considered. On the other hand, we can find that detection
accuracies obtained using two different test collections are
close. For example, there is only 5.7% difference between
precision ratio obtained using TREVID05 and TREVID07. The
results show the method we propose enjoys superior robustness
over different test collections.

The training examples play a deterministic role in the
quality of learning process for our system. However, the
process to acquire training examples generally requires large
amount of human labor and high level domain knowledge.
One of desirable property for learning based video concept
detection systems is to sustain good detection accuracy with
smaller size of learning set. To study system behavior in this
aspect, we firstly created nine different-sized training sets by
randomly selecting 1%, 2%, 5%, 7%, 10%, 12%, 15%, 17%
and 20% of TRECVID05 test collection. Then effectiveness
based on different settings is investigated. Table IV shows
the experimental results and we observe that the accuracy
for system degrades significantly as size of training examples
is too small (e.g., 1% and 2% of whole collection). This is
because very limited information is available for learning. On
the other hand, the performance of our approach is relatively
robust against the volume of learning data. There is no dra-
matic decrease in accuracy with relatively small size of training
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Fig. 3. Examples of video concepts from TRECVID 2005

Systems Recall(R) Precision(P )
20% 0.379 0.431
17% 0.377 0.429
15% 0.372 0.427
12% 0.372 0.426
10% 0.372 0.426
7% 0.372 0.426
5% 0.372 0.426
2% 0.248 0.357
1% 0.215 0.315

TABLE IV
COMPARISON OF DETECTION EFFECTIVENESS ON TRECVID05 WITH

DIFFERENT SIZE OF TRAINING EXAMPLE. VIDEO FEATURE CONSIDERED
INCLUDE VISUAL AND AUDIO FEATURES.

set, e.g. around 0.426 precision for larger training data (5% of
whole collection). The main reason is that the system proposed
is constructed using multiple video features and designed based
on ”wrapper model” principle, which can result in optimal
feature space for classification. From results given above, we
can conclude that the proposed video concept detection enjoys
both effectiveness and robustness.

V. CONCLUSION AND FUTURE STUDY

Video concept detection is becoming an increasing im-
portant due to its rich applications. While it has received
great attention for a long time, the existing approaches still
suffer from low detection accuracy and poor robustness across
different concepts. In this research, we study problem how
to produce a compact and comprehensive video signature
for the purpose of concept detection. A novel approach has
been developed to fuse different information from diverse
knowledge sources based on CM*F scheme [7]. In addition, we
also present a detection framework containing two core com-
ponents including 1) CM*F based video signature generation
scheme and 2) CM*F based video concept detector. To validate
the approach, we have carried out an extensive experimental
study based on two large video databases. It demonstrates the
effectiveness and robustness of our approaches.

A few interesting research questions have been initiated
by this research study. For example, in this paper we ran-
domly select training examples without optimization process.
Identification performance can be improved further if we can
design an optimization scheme to enhance quality of training
examples. Another promising direction is to study applications
of the framework in other application domains including image
classification and speech recognition.
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