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Abstract
In recent years, the multimedia storage grows and the cost for storing multimedia data is cheaper. So there is huge number of
videos available in the video repositories. It is difficult to retrieve the relevant videos from large video repository as per user interest. It is urgently required to make the unstructured multimedia data accessible and searchable with great ease and flexibility.
This paper offers an overview of the different existing techniques in multimodal content based video retrieval and different approaches to search with in long videos.
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I.

INTRODUCTION

Due to the increase of available network bandwidth,
many users access the videos from large video repositories like youtube. For example, in YouTube, over 48 h of
new videos are uploaded to the site every minute, and
more than 14 billion videos were viewed in May 2010
[1]. It is difficult to manually index and retrieve from
large video repositories. It is also difficult to search with
in long video clips in order to find portions of segments
that the user might interested. Semantic gap between
low-level information extracted from the video and the
user’s need to meaningfully interact with it on a higher
level. However, the majority of ideas follow a paradigm
of finding a direct mapping from low-level features to
high level semantic concepts. Not only does this approach requires extremely complex and unstable computation and processing, but it appears to be unfeasible unless it targets a specific and contextually narrow domain.
Substantial increase in videos with very similar contents (near duplicate videos) .The near-duplicate videos
may be uploaded many times from many different users.
So the problem of efficient identification of near duplicate videos on the web is an important issue for video
management [63]. Watching a large number of videos to
grasp important information quickly is a big challenge.
The evolution of the entire event is not directly observable by simply watching these videos. Even worse, some
videos are indeed weakly or not relevant to the query.
Content based video retrieval (CBVR) has wide range
of applications such as consumer domain applications,
quick browsing of video folders, remote instruction, digital museums, news event analysis, video surveillance,
and educational applications [13].

These applications motivate the research in content
based video retrieval. Videos have the following information [14], [15]. 1) Video metadata, which are embedded with the video like title, author and description about
the video; 2) Sound track from audio channel; 3) Texts
obtained by using optical character recognition (OCR)
technology; 4) Visual information contained in the
images.
Multimodality is the capacity of the system to communicate with a user along different types of communication channels and to extract and convey meaning automatically [17]. Multimodality of video media is the
capacity of an author to express a predefined semantic
idea, by combining a layout with a specific content, using
at least two information channels, where the channels can
be visual, auditory or textual. The number of low-level
features extracted from various modalities is limited.
Some of the research papers in CBVR are listed in Table
1. For example [47] give a good overview of the video
annotation. [8] Describes different recent researches in
reranking method.
The framework consists of following steps as shown in
Fig1. 1) Video Segmentation which includes shot
boundary detection, 2) Feature Extraction includes extracting feature from segmented video clips, 3) Video
mining to the output of extracted feature, 4) Video annotation to build a semantic index, 5) User query and 6)
Feedback and Reranking returns the video to user and
feature retrieval are optimized using feedback.
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Table 1.
Papers related to video indexing and retrieval

II.

TASK

PAPER

YEAR

Lecture video segmentation

[58]
[57]

2011
2008

Video summarization

[4]
[5]

2010
2012

Video indexing

[1],[2],[3]

2012

Multimodal CBVR

[10]

2012

Video Representation

[63]

2011

Semantic CBVR

[11],[12]

Video annotation

[47],[12]

2012

Motion based video retrieval

[64]

2012

Video retrieval

[6]
[7]

2011
2012

Multimedia information retrieval

[10]

2012

Reranking

[8]
[9]

2011
2012

Video classification

[39]
[40]
[41]

2012
2010
2011

2012

Fig 1. General framework for content based video retrieval

V IDEO SEGMENTATION

Video segmentation segments the video into small
units that includes shot boundary detection, key frame
extraction, scene segmentation and audio extraction.
2.1 Shot Boundary Detection
Dividing the whole video into a number of temporal
segments is called shots. A shot may be defined as a continuous sequence of frames generated by a single nonstop camera operation. However, from the semantic point
of view, its lowest level is a frame followed by shot followed by scene and, finally, the whole video. Shot
boundaries are classified as cut in which the transition
between successive shots is abrupt and gradual transitions which include dissolve, fade in, fade out, wipe, etc.,
stretching over a number of frames.
Methods for shot boundary detection usually first extract visual features from each frame, then measure similarities between frames using the extracted features, and,
finally, detect shot boundaries between frames that are
dissimilar. Frame transition parameters and frame estimation errors based on global and local features are used for
boundary detection and classification [17]. Frames are
classified as no change (within shot frame), abrupt
change, or gradual change frames using a multilayer perceptron network.
Shot boundary detection applications classified into
two types. 1) Threshold based approach detects shot
boundaries by comparing the measured pair-wise similarities between frames with a predefined threshold
2) statistical learning-based approach detects shot
boundary as a classification task in which frames are
classified as shot change or no shot change depending on
the features that they contain.
2.2 Key Frame Extraction
There are great redundancies among the frames in the
same shot; therefore, certain frames that best reflect the
shot contents are selected as key frames [18] to succinctly represent the shot. The features used for key frame
extraction include colors (particularly the color histogram), edges, shapes, optical flow.Current approaches to
extract key frames are classified into six categories: sequential comparison-based, global comparison-based,
reference frame-based, clustering based, curve simplification-based, and object/event-based [19].
Sequential comparison-based approach previously
extracted key frame are sequentially compared with the
key frame until a frame which is very different from the
key frame is obtained. Color histogram is used t find difference between the current frame & the previous key
frame [20].
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Global comparison-based approaches based on
global differences between frames in a shot distribute key
frames by minimizing a predefined objective function.
Reference frame- based Algorithms generate a reference frame and then extract key frames by comparing the
frames in the shot with the reference frame. Construct an
alpha-trimmed average histogram describing the color
distribution of the frames in a shot [21].
2.3 Scene Segmentation
Scene segmentation is also known as story unit segmentation. A scene is a group of contiguous shots that are
coherent with a certain subject or theme. Scenes have
higher level semantics than shots. Scene segmentation
approaches can be classified into three categories: key
frame based, visual information integration-based, and
background-based. Key Frame-Based Approach: represents each video shot by a set of key frames from which
features are extracted [22]. Temporally close shots with
similar features are grouped into a scene. Compute similarities between shots using block matching of the key
frames [24]. Limitation of the key frame-based approach
is Key frames cannot effectively represent the dynamic
contents of shots, as shots within a scene are generally
correlated by dynamic contents within the scene rather
than by key frame-based similarities between shots.
Audio and Vision Integration-Based Approach:
Selects a shot boundary where the visual and audio contents change simultaneously as a scene boundary. A timeconstrained nearest neighbor algorithm is used to determine the correspondences between these two sets of
scenes [25]. Limitation in this approach is it is Difficult
to determine the relation between audio segments and
visual shots. Background-Based Approach: This approach segments scenes under the assumption that shots
belonging to the same scene often have similar backgrounds. A mosaic technique is used to reconstruct the
background of each video frame. Color and texture distributions of all the background images in a shot are estimated to determine the shot similarity and the rules of
filmmaking are used to guide the shot grouping process
[27].
2.4 Audio Segmentation
Audio track is often a rich source of content information for all kinds of video genres. A large linguistic
literature has shown that topic boundaries are indicated
prosodically. In other words, major shifts in topic typically show long pauses a higher maximum accent peak, and
greater range intensity. Research has utilized these
prosodic features (e.g. pausing, pitch change or rhyme
duration) for topic segmentation.

A probabilistic model is used to integrate prosodic and
lexical cues for the automatic segmentation of speech
into topics. At first a large collection of prosodic features
were extracted capturing two major types of speech prosody: duration features and pitch features. A decision tree
learning algorithm was used to select salient prosodic
features. Then lexical information was captured by statistical language models embedded in a Hidden Markov
Model (HMM).
Audio is a promising source in lecture videos. Usually
lecture videos contain duration of 60 – 90 minutes.
Searching within the entire video to find portion of interest is a time consuming process. [57] Uses the speechrecognition engine (SRE) to extract the text from audio
layer and indexing techniques to index the transcript. [58]
Uses Sphinx-4 SRE and achieves a recall of 0.72 and an
average precision of 0.84 as video retrieval results.
III.

FEATURE E XTRACTION

Extracting features from the output of video segmentation. Feature extraction is the time consuming task in
CBVR. This can be overcome by using the multi core
architecture [28]. These mainly include features of key
frames, objects, motions and audio/text features.
3.1 Features of Key Frames
Classified as color based, texture based and shape
based features. Color-based features include color histograms, color moments, color correlograms, a mixture of
Gaussian models, etc. split the image into 5×5 blocks to
capture local color information [29]. Texture-based
features are object surface-owned intrinsic visual
features that are independent of color or intensity and
reflect
homogenous phenomena in images. Gabor
wavelet filters is used to capture texture information for a
video search engine [30]. Shape-based features that
describe object shapes in the image can be extracted from
object
contours or regions. Edge histogram descriptor (EHD) is used to capture the spatial distribution
of edges for the video search task in TRECVid-2005
[31].
3.2 Object Features
Object features include the dominant color, texture,
size, etc., of the image regions corresponding to the
objects. Construct a person retrieval system that is able to
retrieve a ranked list of shots containing a particular
person, given a query face in a shot [32]. Text-based
video indexing and retrieval by, expanding the semantics
of a query and using the Glimpse matching method to
perform approximate matching instead of exact matching
[62].
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3.3 Motion Features
Motion features are closer to semantic concepts than
static key frame features and object features. Motionbased features for video retrieval can be divided into two
categories: camera-based and object-based. For camerabased features, different camera motions, such as “zooming in or out,” “panning left or right,” and “tilting up or
down,” are estimated and used for video indexing. Object-based motion features have attracted much more
interest in recent work.
3.4 Audio features
One advantage of audio approaches is that they
typically require fewer computational resources than
visual methods another advantage of audio approaches is
that the audio clips can be very short; many of the
audio-based features are chosen to approximate the
human perception of sound. Audio features can lead to
three layers of audio understanding [27]: Low-level
acoustics, such as the average frequency for a frame,
mid-level sound objects, such as the audio signature of
the sound a ball makes while bouncing, and high-level
scene classes, such as background music playing in
certain types of video scenes. Speech typically has a
lower bandwidth than music.
IV.

V IDEO REPRESENTATION

The foundational work that has formulated the
problem of computational video representation was
presented in [59]. In [60] multilayered, iconic annotations
of video content called Media Streams is developed as a
visual language and a stream based representation of video data, with special attention to the issue of creating a
global, reusable video archive. Top-down retrieval
systems utilize high-level knowledge of the particular
domain to generate appropriate representations.
Data driven representation is the standard way of
extracting low-level features and deriving the corresponding representations without any prior knowledge of
the related domain. A rough categorization of data-driven
approaches in the literature yields two main classes [42].
The first class focuses mainly on signal-domain features,
such as color histograms, shapes, textures, which characterize the low-level audiovisual content. The second class
concerns annotation-based approaches which use freetext, attribute or keyword annotations to represent the
content. [63] propose a strategy to generate stratificationbased key frame cliques (SKCs) for video description,
which are more compact and informative than frames or
key frames.

V.

M INING, C LASSIFICATION , AND ANNOTATION

5.1 Video Mining
A process of finding correlations and patterns previously unknown from large video databases. The task of
video data mining is, using the extracted features, to find
structural patterns of video contents, behavior patterns of
moving objects, content characteristics of a scene, event
patterns and their associations, and other video semantic
knowledge, in order to achieve video intelligent applications, such as video retrieval.
Object mining is the grouping of different instances
of the same object that appears in different parts in a video. A spatial neighborhood technique to cluster the features in the spatial domain of the frames [33]. Extract
stable tracks which are combined into meaningful object
clusters, used to mine similar objects [34].Special Pattern Detection applies to actions or events for which
there are a priori models, such as human actions, sporting
events, traffic events, or crime patterns [35].Pattern
discovery is the automatic discovery of unknown
patterns in videos using unsupervised or semi-supervised
learning. The discovery of unknown patterns is useful to
explore new data in a video set or to initialize models for
further applications. Unknown patterns are typically
found by clustering various feature vectors in the videos.
Using n-grams and suffix trees to mine motion patterns
by analyzing event subsequences over multiple temporal
scales. The mined motion patterns are used to detect unusual. Preference Mining For news videos, movies, etc.,
the user’s preferences can be mined [37]. A personalized
multimedia news portal to provide, personalized news
service by, mining the user’s preferences [38].
5.2 Video Classification
The task of video classification is to find rules or
knowledge from videos using extracted features or mined
results and then assign the videos into predefined categories. Video classification is an important way of increasing the efficiency of video retrieval. The semantic gap
between extracted formative information, such as shape,
color, and texture, and an observer’s interpretation of this
information, makes content-based video classification
very difficult. Semantic content classification can be
performed on three levels [42]: video genres, video
events, and objects in the video. Video genre classification is the classification of videos into different genres
such as “movie,” “news,” “sports,” and “cartoon” .genre
classification divides the video into genre relevant subset
and genre irrelevant subset [43].
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By using title-based information only, Song [44] proposes an incremental support vector machine (SVM),
with the help of online Wikipedia propagation, to categorize large-scale web videos.
Statistic-based approach classifies videos by statistically modeling various video genres. First, video syntactic properties such as color statistics, cuts, camera
motion, and object motion are analyzed. Second, these
properties are used to derive more abstract film style
attributes such as camera panning and zooming, speech,
and music. Finally, these detected style attributes are
mapped into film genres. An event can be defined as any
human-visible occurrence that has significance to
represent video contents. Each video can consist of a
number of events, and each event can consist of a number
of sub events. Semantics in different granularities are
mapped to a hierarchical model in which a complex analysis problem is decomposed into sub problem [45].
Video object classification which is connected with
object detection in video data mining is conceptually the
lowest grade of video classification. An object-based
algorithm to classify video shots. The objects in shots are
represented using features of color, texture, and trajectory. A neural network is used to cluster correlative shots,
and each cluster is mapped to one of 12 categories [46].
5.3 Video Annotation
Video annotation is the allocation of video shots or
video segments to different redefined semantic concepts,
such as person, car, sky, and people walking. Video
annotation is similar to video classification, except for
two differences. Video classification has a different
category/concept ontology compared with video annotation, although some of the concepts could be applied to
both. Video classification applies to complete videos,
while video annotation applies to video shots or video
segments [48].
Learning-based video annotation is essential for video
analysis and understanding, and many various
approaches have been proposed to avoid the intensive
labor costs of purely manual annotation. A Fast Graphbased Semi-Supervised Multiple Instance Learning
(FGSSMIL)
algorithm, which aims to simultaneously
tackle these difficulties in a generic framework for various video domains (e.g., sports, news, and movies), is
proposed to jointly explore small-scale expert labeled
videos and large-scale unlabeled videos to train the models [47]. Skills-based learning environments are used to
promote the acquisition of practical skills as well as decision making, communication, and problem solving [49].

VI.

QUERY AND RETRIEVAL

Once video indices are obtained, content-based video
retrieval can be performed. On receiving a query, a similarity measure method is used, based on the indices, to
search for the candidate videos in accordance with the
query. The retrieval results are optimized by relevance
feedback.
6.1 Types of Query
Classified into two types namely, semantic based and
non semantic based query types. Non semantic-based
video query types include query by example, query by
sketch, and query by objects. Semantic-based video query types include query by keywords and query by natural
language.
Query by Example: This query extracts low-level features
from given example videos or images and similar videos
are found by measuring feature similarity.
Query by Sketch: This query allows users to draw sketches to represent the videos they are looking for. Features
extracted from the sketches are matched to the features of
the stored videos. Query by Objects: This query allows
users to provide an image of object. Then, the system
finds and returns all occurrences of the object in the
video database [51].
Query by Keywords: This query represents the user’s
query by a set of keywords. It is the simplest and most
direct query type, and it captures the semantics of videos
to some extent. Query by Natural Language: This is the
most natural and convenient way of making a query. Use
semantic word similarity to retrieve the most relevant
videos and rank them, given a search query specified in
the natural language [52].
6.2 Measuring Similarities of Videos
Video similarity measures play an important role in
content based video retrieval. To measure video similarities can be classified into feature matching, text
matching, ontology based matching, and combinationbased matching. The choice of method depends on the
query type.
Feature Matching approach measures the similarity
between two videos is the average distance between the
features of the corresponding frames [53]. Text
Matching matches the name of each concept with query
terms is the simplest way of finding the videos that satisfy the query. Normalize both the descriptions of concepts
and the query text and then compute the similarity between the query text and the text descriptions of concepts
by using a vector space model.
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Normalize both the descriptions of concepts and the
query text and then compute the similarity between the
query text and the text descriptions of concepts by using
a vector space model [54].
Ontology-Based Matching approach achieves similarity matching using the ontology between semantic
concepts or semantic relations between keywords.
Semantic word similarity measures to measure the similarity between texts annotated videos and users’ queries
[55].Combination-Based Matching approach leverages
semantic concepts by learning the combination strategies
from a training collection.
6.3 Relevance Feedback and Reranking
The videos obtained in reply to a search query are
ranked either by the user or automatically. This ranking
is used to refine further searches. Relevance feedback
bridges the gap between semantic notions of search relevance and the low level representation of video content.
Explicit feedback asks the user to actively select relevant
videos from the previously retrieved videos. Adjust the
weights embedded in the similarity measure to reflect the
user’s feedback [56]. Implicit feedback refines retrieval
results by utilizing click-through data obtained by the
search engine as the user clicks on the videos in the presented ranking. Psuedo feedback selects positive and
negative samples from the previous retrieval results
without the participation of the user. Model the textual
and visual information from the probabilistic perspective
and formulate visual reranking as an optimization problem in the Bayesian framework, termed Bayesian visual
reranking [8].
VII.

FUTURE D IRECTIONS AND C ONCLUSION

Many issues are still open and deserve further
research, especially in the following areas
 Most current video indexing approaches depend
heavily on prior domain knowledge. This limits
their extensibility to new domains. The elimination
of the dependence on domain knowledge is a future
research problem.
 Fast video search using hierarchical indices are all
interesting research questions.
 Video indexing and retrieval in the cloud computing
environment, where the individual videos to be
searched and the dataset of videos are both changing dynamically, will form a new and flourishing
research direction in video retrieval in the very near
future.
 Video affective semantics describe human psychological feelings such as romance, pleasure, violence,
sadness, and anger.

Affective computing-based video retrieval is the retrieval of videos that produce these feelings in the
viewer. Affective semantics in videos are very interesting research issues. It is interesting to simulate
human perception to exploit new video retrieval approaches.
 The layout of multimodel information in the human
computer interface, the effectiveness of the interface to quickly capture the results in which users are
interested, the suitability of the interface for users’
evaluation and feedback, and interface’s efficiency
in adapting to the users’ query habits and expressions of their personality are all topics for further
investigation.
 Fusions of multiple model information in multiple
levels are all difficult issues in the fusion analysis of
integrated models.
 Current approaches for semantic-based video indexing and retrieval usually utilize a set of texts to describe the visual contents of videos. There are many
unanswered questions.
 The effective use of motion information is essential
for content-based video retrieval to distinguish between background motion and foreground motion,
detect moving objects and events, combine static
features and motion features, and construct motionbased indices are all important research areas.
 Hierarchically organizing and visualizing retrieval
results are all interesting research issues.
 Dynamic, online, and adaptive updating of the hierarchical index model, handling of temporal sequence features of videos during index construction
and updating, dynamic measure of video similarity
based on statistic feature selection, and fast video
search using hierarchical indices are all interesting
research questions.
This paper covers the following tasks: Video segmentation including shot boundary detection, key frame extraction, scene segmentation and audio segmentation ,
extraction of features of static key frames, objects ,audio
features and motions, video data mining, video classification and annotation, video search including interface,
similarity measure, video retrieval and relevance feedback.
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