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Abstract
With the proliferation of video capture devices and the advent of Web2.0 tech-
nologies, video data on the Internet has experienced explosive growth. How to
retrieve videos that meet user needs from large-scale video data is precisely the
challenge that video retrieval technology seeks to address. This paper presents
a comprehensive survey of video retrieval technology, focusing on content-based
video copy detection technology, concept-based semantic video retrieval technol-
ogy, and context information-based web video analysis technology. Additionally,
this paper briefly reviews the research progress of our research group in video
copy detection, semantic video detection, and web video analysis.
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Abstract

With the proliferation of video capture devices and the emergence of Web 2.0
technologies, video data on the Internet has grown rapidly. How to retrieve
videos that users need from large-scale video data is precisely the problem that
video retrieval technology aims to solve. This paper provides a comprehensive
review of video retrieval technology, focusing on three main areas: content-
based video copy detection technology, concept-based semantic video retrieval
technology, and context-based web video analysis technology. Additionally, this
paper briefly introduces the research progress of our research group in video
copy detection, semantic video detection, and web video analysis.
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1 Introduction
With the development of multimedia and network technologies, video has be-
come one of the primary carriers for publishing and acquiring information in
daily life. In September 2009, the popular video-sharing website YouTube saw
approximately 20 hours of new video uploaded every minute. According to a
report from the China Internet Network Information Center, the number of
online video users in China reached 284 million in 2010, accounting for 62.1%
of all internet users. Faced with this explosive growth in online video content
and users, efficient video retrieval technology is urgently needed to help people
quickly and accurately find desired video content within massive-scale web video
data.

Video retrieval technology manifests differently at various levels. As shown
in [Figure 1: see original paper], from a technical perspective, video retrieval
encompasses core modules such as video structuring, feature extraction, high-
dimensional indexing, similarity computation, and result ranking. For service
providers, video retrieval can be categorized based on application modes into
general video retrieval, specific video retrieval, and proactive video recommen-
dation. For end users, video retrieval can be divided based on query input
types into text keyword-based, mid-level semantic concept-based, and video
example-based retrieval, as well as query-free proactive video recommendation
technologies.

Current commercial video search engines such as Baidu, Google Video, and
Blinkx primarily rely on text retrieval techniques. They extract information
from video metadata—including titles, descriptions, tags, subtitle text, and
speech recognition transcripts—to perform text-based video retrieval, with text
keywords serving as the user query interface. However, the retrieval perfor-
mance of these methods degrades significantly when video text is missing (e.g.,
in home videos) or when the text fails to accurately describe the video content
(e.g., incorrect text tags).

Consequently, Content-Based Video Retrieval (CBVR) technology emerged in
the 1990s [?][?][?]. These methods directly extract low-level visual features
from videos for indexing and similarity computation, supporting example-based
retrieval and sketch-based retrieval. Currently, content-based video retrieval
methods cannot yet be applied to general-purpose video retrieval and are only
used in small-scale experimental systems, such as IBM’s QBIC retrieval system
[?], the JACOB system developed by the University of Palermo [?], Columbia
University’s VideoQ video query system [?], and the web video search engine
WebSEEk [?]. Notably, in certain specific domains, content-based video re-
trieval has demonstrated significant practical value, such as in detecting illegal
copy videos for copyright protection, detecting duplicate videos in large-scale
web video collections, and detecting specific semantic events in surveillance
videos. Taking video copy detection as an example, due to its important ap-
plication demands and value, the international video retrieval evaluation cam-
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paign TRECVID [?] organized by the U.S. National Institute of Standards and
Technology established a“video copy detection evaluation”task starting in 2008.
Through annual evaluations, this field has achieved breakthrough progress [?][?].

The fundamental challenge facing content-based video retrieval is the “seman-
tic gap.”Smeulders et al. [?] defined this problem as “the lack of a one-to-one
correspondence between low-level features extracted by machines from videos
and high-level semantics understood by users.”To bridge this semantic gap,
a promising research direction has emerged in the multimedia field in recent
years—concept-based video retrieval [?][?][?]. These methods introduce an in-
termediate semantic concept layer between low-level feature descriptions and
user semantic queries. The concepts in this layer possess certain semantics
while being trainable as concept detectors based on low-level features through
automatic machine recognition, such as object class concepts (person, airplane,
mountain, road, boat, building, etc.), scene class concepts (indoor/outdoor, wa-
terscape, snowscape, desert, etc.), and event class concepts (takeoff, sports,
walking, etc.). By establishing two layers of mapping—from low-level features
to semantic concepts (i.e., semantic concept detection) and from user queries to
semantic concepts (i.e., query analysis)—concept-based semantic video retrieval
is ultimately realized. Results from the past three years of TRECVID evalua-
tions reveal that this method’s performance far exceeds that of purely text-based
or purely visual-based video retrieval methods.

In recent years, with the development of Web 2.0 technologies, most video data is
primarily stored and disseminated through network platforms such as YouTube,
Tudou, and Youku. These platforms provide a network environment for user
interaction around video data (social network). Beyond the relevance of the
video content itself, rich contextual information also establishes connections be-
tween videos. For instance, videos uploaded by the same author share certain
similarities, and videos commented on by the same user also exhibit certain
associations. R. Jain [?] and X. Jin [?] strongly advocated for using contextual
information for multimedia content analysis in their“brave new idea”presenta-
tions at ACM Multimedia 2010. First, content without context is meaningless
[?]. For example, different users may have different understandings and annota-
tions of the same video, and even the same user may have different understand-
ings of the same video at different times. Second, rich contextual information
holds important practical significance for overcoming problems such as sparse
features and high noise in network multimedia data. Consequently, over the
past two years, contextual information has gradually attracted the attention of
multimedia researchers, with exploratory work emerging in areas such as image
recommendation and prediction [?][?], video classification [?], and video topic
discovery [?][?].

In summary, the evolution of video retrieval technology has progressed from text,
to visual content, to semantic concepts, and finally to contextual information.
Since text-based video retrieval primarily employs existing text information re-
trieval techniques, this paper will not elaborate on it further. In subsequent
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sections, we will introduce the current state of video retrieval research using
content-based video copy detection technology, concept-based video retrieval
technology, and context-based web video topic mining and recommendation
technology as examples. Finally, this paper will also provide a brief introduc-
tion to the progress achieved by our research group in related areas.

2 Content-Based Video Copy Detection Technology
The U.S. National Institute of Standards and Technology defines a video copy
as: a video or its segment that, after certain editing processes, yields a homol-
ogous video version with identical content but not completely consistent visual
appearance (e.g., brightness) [?]. Video copy detection refers to the process of
matching content features of a query video with videos in a database to deter-
mine whether the query video is a copy of any source video in the database.
Unlike general video retrieval, copied videos undergo various geometric and im-
age transformations based on the source video, causing varying degrees of visual
changes known as copy attacks [?]. Common copy attacks include encoding for-
mat conversion, frame size changes, aspect ratio changes, and border addition.

Based on the features used, existing content-based copy detection methods
can be categorized into three major types [?]: digital signature-based methods,
keyframe-based methods, and trajectory-based methods.

Digital signature-based methods typically represent entire video content as a
global feature value for rapid video-level matching. For example, they average
color histograms [?] or ordinal features [?] from all frames in a video. Literature
[?] has demonstrated that such methods are only effective against minor copy
attacks. Moreover, because they ignore temporal information in videos, they can
only detect copies of entire videos and cannot identify partial segment copies.

Keyframe-based methods sample representative frames from videos for match-
ing. The core algorithm involves how to match two unequal-length keyframe
sequences. For instance, C.Y. Chiu et al. [?] used dynamic programming al-
gorithms to select the longest matching sequence; X. Wu et al. [?] employed
sliding window methods for keyframe sequence matching; and Hung-Khoon Tan
et al. [?] represented frame temporal relationships as a directed-edge temporal
network, performing visual-temporal consistency verification based on frame-
level matching results to accurately detect and locate video copy segments.
These methods utilize temporal relationships that offer some robustness to vi-
sual changes but are highly sensitive to temporal variations such as segment
swapping, frame rate changes, and frame loss.

Trajectory-based methods track interest point changes across video sequences
to form spatio-temporal trajectory features. For example, J. Law-To et al. [?]
used trajectory features to annotate different motion behaviors, while X. Wu et
al. [?] adopted a bag-of-trajectories approach to address discontinuous tempo-
ral pattern problems. Trajectory features simultaneously consider spatial and
temporal changes of interest points, demonstrating robustness against complex
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copy attacks. However, because extracting interest points and trajectories is
extremely time-consuming, these methods have relatively high computational
complexity.

3 Concept-Based Semantic Video Retrieval Technology
The concept-based video retrieval framework is illustrated in [Figure 2: see
original paper] and comprises three key steps: first, establishing a semantic
concept set—determining how many concepts to include and which concepts to
select for constructing the semantic space; second, establishing the mapping
relationship from low-level features to semantic concepts, i.e., semantic concept
detection; and third, establishing the mapping from user queries to semantic
concepts, i.e., query analysis. Below we introduce the current research status in
each of these three aspects.

3.1 Semantic Concept Set Construction

The first step in concept-based video retrieval is defining an appropriate seman-
tic concept set. Currently, the most widely recognized concept sets include
LSCOM (Large-Scale Concept Ontology for Multimedia) [?] and Mediamill-
101 [?]. LSCOM was jointly developed by IBM’s Watson Research Center,
Carnegie Mellon University (CMU), and Columbia University, containing defi-
nitions for 2,000 semantic concepts and providing manual annotations for 449
concepts on the TRECVID 2005 video dataset, offering an important dataset
for multimedia retrieval method research. Building upon LSCOM, researchers
further selected 44 concepts to form the LSCOM-lite lexicon, dividing the seman-
tic space into seven mutually orthogonal subspaces: objects, activities, events,
scenes/locations, people, graphics, and program, selecting appropriate concepts
for each subspace based on concept word usage in queries.

Mediamill-101 was developed by the University of Amsterdam and manually
annotated on the TRECVID 2005 video dataset. Based on these semantic con-
cept lexicons, A. Hauptmann et al. from Carnegie Mellon University conducted
a series of foundational studies on semantic concept set construction [?], reach-
ing an important conclusion: when the concept set scale is around 5,000 and
each concept’s detection accuracy is no lower than 10%, concept-based video
retrieval can achieve performance comparable to text retrieval (MAP1=65%).
This conclusion laid the foundation for subsequent concept-based video retrieval
technology development.

In 2008, Y. J. Lu et al. from the University of Texas further proposed that
different concepts have different semantic gap sizes [?]. For example, the concept
“Sunset”can be easily described using visual features and has a small semantic
gap, while “Europe”is difficult to describe with simple visual features and has
a large semantic gap. Concepts with smaller semantic gaps are relatively easier
to implement through automatic machine detection based on low-level features

1Mean Average Precision, system average accuracy
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and are suitable for constructing semantic concept dictionaries. Based on this
theory, they first proposed quantifying the semantic gap to automatically select
concepts with the smallest semantic gaps for building semantic concept sets.
This method requires no manual intervention and possesses strong operability.

The establishment of these large-scale, standardized, annotated semantic con-
cept datasets and the continuous improvement of construction theories are sig-
nificant for enhancing video retrieval accuracy and standardizing video retrieval
evaluations.

3.2 Semantic Concept Detection

For each defined concept, a concept detector must be established through ma-
chine learning methods from annotated positive and negative samples. Over
the past decade, semantic concept detection for videos/images has been exten-
sively studied [?]. Its core modules include: low-level video feature extraction,
learning models, and multi-modal feature fusion.

First, effective feature representation is key to successful concept detection.
Color (e.g., color histograms, color moments) and texture features (e.g., wavelet
textures) are two types of visual features commonly used in computer vision.
Compared with these global features that describe overall video/image distribu-
tion characteristics, local features demonstrate robustness to geometric and illu-
mination changes in images and have shown outstanding performance in many
visual classification tasks in recent years. Local feature extraction includes two
parts: local feature point detection and description. Currently, widely adopted
feature point detection methods include the Harris corner detection algorithm
[?] and the Difference of Gaussian (DoG) local feature detection method [?],
among others. Description methods include the Scale-Invariant Feature Trans-
form (SIFT) local feature descriptor proposed by Lowe [?]. Detailed reviews of
local feature point detection and description can be found in literature [?] and
[?]. Due to the large number of local feature points extracted from each image,
they cannot be directly used to describe visual content. A typical local fea-
ture usage method is visual vocabulary (visual vocabulary). First, local feature
points are clustered into visual words to generate a visual dictionary. Second,
each image’s local feature points are mapped to the visual dictionary to obtain
a bag-of-visual-words (BoW) representation [?] for each image.

Based on these features, a classifier can be learned for each concept. Currently,
the most widely used learning model in concept detection tasks is Support Vec-
tor Machine (SVM) [?]. Other models include Gaussian Mixture Models [?]
and Hidden Markov Models [?]. The aforementioned methods all build mod-
els for individual semantic concepts. However, semantic concepts in videos
do not exist independently; different semantic concepts often have contextual
constraints or co-occurrence relationships. For example, detecting “sky”and
“green field”increases the probability of detecting“landscape”while decreasing
the probability of detecting “indoor.”Therefore, research is needed to utilize
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relationships between different concepts to enhance or exclude certain concepts.
In response to this phenomenon, scholars have proposed multi-concept-based
video semantic representation methods. Representative approaches include: the
method proposed by Hauptmann et al. [?] that uses logistic regression to obtain
inter-concept relationships for multi-concept fusion; and the method based on
Bayesian Dirichlet Metric and neural networks proposed by Tsinghua University
in TRECVID 2007 [?].

Multi-modal fusion methods include early fusion and late fusion. Early fusion
refers to combining various features into a long feature vector and training a
single concept detector based on this vector. Late fusion refers to training a
separate concept detector for each feature and fusing the output results of each
detector as the final detection result. Each approach has its pros and cons.
The former implicitly considers complementary relationships between different
features but faces the challenge of high-dimensional feature processing. The
latter is relatively easier to implement and has been adopted by many concept
detection systems, but how to weight multiple detectors is key. Snoek et al. [?]
conducted a comparative study of these two fusion strategies.

3.3 Concept Mapping

After constructing classifiers for each semantic concept using the aforementioned
methods, concept-based video retrieval can be realized by mapping user queries
to relevant concept detectors. Based on the features used, this retrieval can
be categorized into: text feature-based mapping, visual content-based mapping,
and feedback result-based mapping.

Since text is the most direct description of video semantic content, most cur-
rent systems use text features to map queries to semantic concepts [?][?][?][?].
One approach is ontology-based concept mapping, such as using WordNet [?].
These knowledge bases typically contain relational structures between words,
such as hypernymy, hyponymy, and synonymy relationships, as well as seman-
tic similarity measurement algorithms between words, such as RES [?], Lesk [?],
WUP [?], JCN [?], and the recently proposed OSS [?] method. Based on these
measurement methods, mapping from query keywords to semantic concepts can
be achieved. Another approach is data-driven concept mapping. These meth-
ods use statistical models, such as Latent Semantic Indexing [?], to analyze
co-occurrence patterns among various terms in the database, thereby automat-
ically mining correlations between terms.

In addition to query text, queries are sometimes provided in visual forms such
as image examples or video clips. Therefore, mapping from queries to concepts
can also be accomplished based on these visual contents. The general process is:
using the concept detectors introduced in the previous section to perform corre-
sponding concept detection on query examples, then directly selecting concepts
with high posterior probabilities as the concept mapping results for the query [?].
Since this method is highly sensitive to the detection accuracy of concept detec-
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tors—once a detector misclassifies a query example, it directly leads to concept
mapping errors—researchers have proposed using these noisy concept detection
results as features for further statistical analysis [?] or machine learning [?] to
obtain more stable concept mapping results.

Compared with statistical analysis based on the entire dataset, researchers be-
lieve that statistics on correlations between queries and concepts within a spe-
cific subset relevant to the query are more valuable. Typically, this query-
relevant specific subset needs to be generated through user annotation, known
as Relevance Feedback. This method extracts features from user-annotated sets
and maps queries to semantic concepts using the aforementioned text feature-
based or visual feature-based methods. To reduce user involvement, some sys-
tems simplify the annotation process by assuming the top N results in initial
retrieval results as positive samples and the bottom M results as negative sam-
ples, known as Pseudo-Relevance Feedback. Since pseudo-relevance feedback
methods rely on initial retrieval results, they can degrade retrieval performance
when initial results are poor [?].

4 Context-Based Web Video Analysis Technology
Context refers to the conditions and environment on which an object’s existence
or occurrence depends [?]. Only by considering contextual information can we
correctly understand the semantic content contained in videos and effectively
narrow the semantic gap. Simultaneously, contextual information can effectively
reduce the search space and improve retrieval performance. For example, a
video shot in Australia is unlikely to contain snow scenes. Specifically for web
videos, we can categorize context into video-centered context, including video
attributes such as length and category; camera parameters such as model and
resolution; shooting environment such as location and time; and user-centered
context, such as social networks generated by user behaviors like annotation,
commenting, and favoriting.

R. Jain et al. [?] used camera EXIF parameters for image classification, achiev-
ing better results than content-based methods. X. Wu et al. [?] improved near-
duplicate video detection accuracy by considering video duration information.
With the popularization of GPS devices, the value of video geographic informa-
tion has been continuously discovered. Literature [?] and [?] respectively pro-
posed a GeoFolk framework and a Latent Geographical Topic Analysis (LGTA)
method to discover region-specific video topics based on video geographic infor-
mation for comparing topic development across different regions and analyzing
hot topics in different areas.

On the other hand, contextual information generated by network user behaviors
contains rich statistical knowledge [?]. F. Benevenuto et al. [?] conducted in-
depth analysis of YouTube users’video response behaviors, obtaining multiple
valuable statistical models for subsequent web video analysis. V. Z. Roelof et
al. [?] predicted each user’s favorite photos based on subscription behaviors,
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with experiments on a Flickr dataset showing that context-based prediction
accuracy (92%) was higher than both text-based (87%) and visual-based (88%)
methods. X. Wu et al. performed automatic video categorization by voting
based on category information of related videos provided by YouTube. L. Gou
et al. [?] proposed a Social Network Document Rank (SNDocRank) algorithm
that calculates correlations between the query user’s network and the video
author’s network to rank video retrieval results, achieving video retrieval more
aligned with user interests.

5 Our Work
Over the past three years, our research group has made significant progress in
video content analysis research and developed multiple systems. This section
focuses on introducing our research advances and related systems in three areas:
large-scale web video copy detection, concept-based web video retrieval, and
context-based web video topic discovery and retrieval.

5.1 Large-Scale Web Video Copy Detection System

In video copy detection, we have proposed various single-frame-based and
video-based copy detection features with the goals of improving detection
accuracy and efficiency, and attempted to enhance retrieval efficiency through
high-dimensional indexing techniques and GPU acceleration. Our developed
video copy detection system achieved third place overall in the 2008 TRECVID
video copy detection task and first place in 2009 [?].

5.1.1 Robust Visual Feature Mining for Complex Attacks Various
complex video copy attacks impose stringent requirements on visual features.
We proposed a theory and method for extracting highly robust visual features
through sample automatic expansion and stable feature mining [?]. This method
introduces the concept of full affine space by automatically simulating image
affine deformations under different viewpoints, expanding original features into
a collection of local features detected under various affine conditions. Second,
to identify the most stable representative features from this large amount of
expanded information, we employ a global stability-based stable feature mining
method to obtain a collection of highly robust local features for each image, using
only 5% of the expanded information as the visual information representation
under various complex attack modes.

Unlike ordinary image/video retrieval, copied images/videos have undergone
copy attack processing. How to measure similarity between such transformed
images is the core problem of copy detection. In recent work, we proposed a
geometric consistency measurement method based on matching pairs [?]. Un-
like traditional methods that directly calculate similarity between two matched
keypoints, this method measures similarity between geometric transformations
of pairwise matching pairs to assess geometric consistency between two images.
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The more matching pairs with similar transformations, the more likely the two
images are copies. This method’s advantages include its ability to handle both
global copy attacks (such as scaling, rotation, and translation) and local trans-
formations, as well as certain degrees of perspective distortion. Additionally, it
can simultaneously handle multiple visual pattern transformations existing in a
single image.

5.1.2 High-Dimensional Feature Indexing for High-Speed Matching
Due to the quantity and dimensionality of local features far exceeding the ca-
pacity of traditional matching methods, establishing effective high-dimensional
indexing for features is a necessary component for large-scale web video copy
detection. We proposed a data distribution-oriented Locality Sensitive Hash-
ing (LSH) high-dimensional indexing method [?] that utilizes data distribution
information to select projection vectors—obtaining projection vectors through
unsupervised learning methods. Simultaneously, to intuitively analyze hash
function performance, we introduced the concept of data distribution entropy.
By evaluating data distribution entropy, superior hash functions are selected.

The resulting hash functions, while preserving the original data’s neighbor
relationships as much as possible, make data indexed in each hash table entry
more uniform. Validation on a famous open database demonstrates that under
the same precision, our indexing algorithm reduces memory consumption by
30% compared to the original LSH algorithm. Meanwhile, when using the same
number of hash tables, both query precision and efficiency are improved.

5.2 Concept-Based Semantic Video Retrieval System

Our research group has been engaged in concept-based general video retrieval
research since 2007 and has achieved important results. Our developed latent
semantic concept-based video retrieval system achieved second place in the au-
tomatic search task at TRECVID 2007 [?], first place in 2008 [?], and second
place in the interactive search task in 2009 [?]. Below we introduce two concept
selection algorithms and two latent and explicit semantic fusion algorithms.

5.2.1 Multi-Modal Concept Selection Methods Beyond considering se-
mantic similarity between queries and concepts, different concepts play different
roles in retrieval. For example, for the query“Find shots of one or more people
at a table or desk, with a computer visible,”although concepts“Face”and“Per-
son”are highly relevant to the query, they lack discriminative power between
positive and negative samples due to similar distributions. On the other hand,
concepts“Computer”and“Hand”are relevant to the query and possess strong
discriminative power, but their automatic detection accuracy is low, contribut-
ing little to retrieval. Based on this analysis, we proposed a Distribution-Based
Concept Selection (DBCS) method [?] that selects the most valuable concepts
for queries by fusing concept detector confidence with the discriminability of
concept distributions in relevant and irrelevant sets.
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To address incomplete query text descriptions, we further proposed a multi-
modal concept association graph-based concept selection model [?] that repre-
sents relationships between queries and concepts as a network association graph,
including similarity relationships between queries and concepts and between con-
cepts themselves, while supporting multi-modal mapping from query examples
and query text to semantic concepts. Through manifold ranking algorithms,
multi-modal similarity between queries and concepts is propagated throughout
the association graph until the network reaches a stable state, thereby select-
ing the top N concepts with highest similarity for video retrieval. Compared
with various star-structure-based concept video retrieval methods, this method
demonstrates stronger robustness for queries with sparse text descriptions, im-
proving average precision by nearly 20%.

5.2.2 Explicit Semantic Concept and Implicit Semantic Concept Fu-
sion for Video Retrieval Current concept-based video retrieval requires
manually defining a limited concept set (called explicit semantics in this pa-
per). Since this concept set cannot cover the entire query semantic space, zero-
probability mapping and non-scalability problems occur during actual retrieval.
Second, learning concept detectors requires manually annotating large amounts
of training data, which is time-consuming and labor-intensive. Therefore, re-
searchers began exploring new solutions, attempting to extract implicit topics
(called implicit semantics in this paper) unsupervised from low-level video fea-
tures through probabilistic topic models. We proposed a semantic video retrieval
framework combining implicit and explicit semantics [?] that extracts stable,
specific implicit semantics from low-level feature descriptions through Latent
Dirichlet Allocation (LDA) models, while mapping user queries to manually
defined explicit semantic concept sets based on the aforementioned concept se-
lection algorithm, fusing both types of concepts to achieve video retrieval. The
data-driven nature of implicit semantics compensates for zero-probability map-
ping problems in explicit semantic retrieval, improving retrieval recall, while
accurate mapping to a fixed explicit semantic concept set ensures retrieval pre-
cision. Building upon this, we further proposed a bipartite graph-based fusion
algorithm [?] that adaptively weights the two types of concepts according to
different queries.

5.3 Context-Based Large-Scale Web Video Analysis

We have achieved important progress in automatic topic discovery and recom-
mendation for large-scale web videos based on context, as well as exploratory
results in video retrieval using multiple contextual information sources. Below
we introduce these two aspects.

5.3.1 Trajectory-Based Web Video Topic Discovery and Recommen-
dation According to YouTube Report 2009 [?], 45% of users log into YouTube
without explicit search goals, instead browsing “hot videos”and “hot topics”
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proactively recommended by the website, indicating that this query-free auto-
matic video topic discovery and recommendation model is increasingly welcomed
by web users. To improve the reliability of web video features, we proposed a
global trajectory feature-based web video topic detection method [?]. First, each
tag is represented as a feature trajectory on a timeline, extracting only salient
points (vertices in trajectories) from trajectories for clustering to generate events
occurring at that time point. This context-considering trajectory feature effec-
tively filters noise. Second, an event development link graph is constructed by
calculating text similarity and visual copy detection similarity between events.
By finding optimal paths on this graph, the top N hottest topic trajectories
are extracted. This method determines whether these events constitute a topic
by considering global link conditions, thus demonstrating strong robustness to
local incorrect links. Additionally, this trajectory-based topic discovery method
can identify not only content-hot topics but also evolution-hot topics—typically
controversial content on the internet that is repeatedly discussed over a period—
and potential-hot topics, which are currently only of interest to minority groups
but show continuous development trends and may erupt at subsequent points.
The latter two topic types cannot be discovered by traditional content-based
methods but hold significant importance in network supervision. Integrating
these methods, we implemented a trajectory-based web video topic automatic
discovery and visualization system [?] with excellent user experience.

5.3.2 Social Information-Based Web Video Retrieval Different contex-
tual information sources have certain correlations. For example, different videos
uploaded by the same author are more likely to be commented on by the same
users. However, existing methods mostly focus on studying a single information
source. We proposed a community structure-based video retrieval re-ranking
method [?] that formalizes various link relationships between users, between
videos, and between users and videos as a heterogeneous contextual network. By
extracting implicit community structures from this network, stable association
patterns among multiple contextual information sources are mined to achieve
video retrieval result re-ranking based on community structure. Experimental
comparisons on a heterogeneous network containing 82,352 YouTube videos and
39,555 users demonstrate that this method’s retrieval results outperform both
pure text-based and pure visual-based methods.

6 Conclusion
Content-based video retrieval technology has experienced nearly a decade of
development. Although important progress has been made in certain specific
domains such as video copy detection, current technical levels still cannot meet
users’needs for content-based retrieval of general videos. The primary technical
bottleneck is the semantic gap problem. Consequently, current commercial gen-
eral video retrieval still mainly relies on text information retrieval technology.
However, with the popularization of video websites, web video data with rich
contextual information has become the primary object of video retrieval. This
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contextual information provides a possibility to bypass complex video content
itself and narrow the semantic gap from the perspective of the video’s contextual
environment, making context-based web video analysis and retrieval a research
hotspot in today’s network multimedia era. Simultaneously, we believe that
the combination of video retrieval technology and web video data will give rise
to richer network multimedia applications.
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