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Abstract In this paper, we present a novel framework on personalized retrieval of
sports video, which includes two research tasks: semantic annotation and user prefer-
ence acquisition. For semantic annotation, web-casting texts which are corresponding
to sports videos are firstly captured from the webpages using data region segmen-
tation and labeling. Incorporating the text, we detect events in the sports video
and generate video event clips. These video clips are annotated by the semantics
extracted from web-casting texts and indexed in a sports video database. Based on
the annotation, these video clips can be retrieved from different semantic attributes
according to the user preference. For user preference acquisition, we utilize click-
through data as a feedback from the user. Relevance feedback is applied on text
annotation and visual features to infer the intention and interested points of the
user. A user preference model is learned to re-rank the initial results. Experiments
are conducted on broadcast soccer and basketball videos and show an encouraging
performance of the proposed method.
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1 Introduction

Due to the explosive growing of multimedia content on broadcast and internet,
it is urgently required to make the unstructured multimedia data accessible and
searchable with great ease and flexibility. The various video services via new media
such as media-sharing websites, online TV and mobile devices have motivated new
consumer demands on personalized video retrieval. Sports video has wide view-ship
and tremendous commercial potentials. The traditional one-to-many broadcast mode
cannot meet various appetites of the audience. People may not be satisfied to view
the whole video or general highlights edited by studio professionals. Their interested
points may focus on some specific players or certain type of events such as goal or
free-kick in soccer and slam duck or shot in basketball. The ability of effectively
retrieving the most desirable content by personal preference from the lengthy and
voluminous sports video programmes is required by the audience.

To realize personalized retrieval, on one hand, the source video has to be anno-
tated in a more particular scale and higher semantic level. The annotation should
not only be broad to cover the general events in the video, but also be sufficiently
deep to cover the semantics of the events, e.g. names of the players, the teams which
the players belong to, etc. On the other hand, the retrieval system has to be able to
automatically acquire user preference according to the explicit or implicit feedbacks
from the users. It should also provide multiple choices on the retrieval modes to
users to satisfy their preference. To the best of our knowledge, most of the video
sharing and searching websites are based on text retrieval. Users submit queries
composed of keywords to the search engine. The system returns the relevant videos
whose descriptions match with the keywords. The descriptions of the videos in the
websites are manually annotated, which is labor-intensive and may cause annotation
ambiguities. In real world, users are more likely to use short queries which may be far
from explicitly expressing their preferences. In addition, some queries are difficult to
be described by text keywords. For example, a user cannot remember the name of
a team, but he/she knows the color and the pattern of the team’s jersey. If he/she
wants to search the videos of this team, he/she has to rely on the visual features
of the videos rather than text keywords. Hence, the retrieval mechanism needs to
concern about the user preference on both high-level semantics and low-level visual
features.

In this paper, we present a novel framework (see Fig. 1) for personalized retrieval
of broadcast sports video. It consists of two major components: semantic video
annotation and user preference acquisition. For semantic video annotation, the video
and its corresponding web-casting text are integrated to detect and annotate the
events in the original videos. First, the web-casting texts are automatically captured
from the webpages. We use Conditional Random Fields (CRFs) model [17] to label
the data regions on the webpage and detect the play-by-play region in which the
web-casting text lies. In the text, the events are detected by the keywords which are
generated based on a Latent Semantic Analysis (LSA) method [7]. Then we map
the text events into the video. Hidden Markov Model (HMM) [23] are employed
to achieve text/video alignment and detect the exact event boundaries. The video
event clips are thus segmented from the original video. They are annotated with the
keywords and semantics extracted from the web-casting text and indexed in a sports
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Fig. 1 Framework of personalized sports video retrieval

video database. In the database, these video clips can be retrieved from different
semantic aspects according to the user’s interests (e.g. the event type, the player and
the team, etc.). For user preference acquisition, we employ a relevance feedback
mechanism. The feedback data are obtained from the click-through data [15, 37] of
the users. When users browse the retrieval results, they always select the clips which
are more satisfying to them. This can be considered as an implicit feedback from the
users. Hence, we can acquire user preference timely during they viewing the clips.
Based on the click-through data, we analyze high-level semantic annotation and low-
level visual features to learn a preference model for re-ranking the initial retrieval
results.

In our previous work [40], preliminary results of personalized retrieval on soccer
videos were reported. Compared with [40], a number of improvements have been
made in this paper. First, in [40], the web-casting texts were all manually captured
from the webpages, which is labor-intensive and less efficient. In this paper, we
develop a CRF based method to detect the play-by-play region in the web-casting
webpages and extract the texts. Second, for personalized retrieval, we provide mul-
tiple choices on user preference modeling. Users can choose semantic based model
or visual feature based model, or fusing them together. In addition, users can choose
to use the feedback data in the current round or integrate the historical feedback
data. Third, we broaden our application from soccer videos to basketball videos.
Since there exists clock stopping during the basketball game, it brings challenges
on text-video alignment. We improve the techniques on event moment detection
and event boundary detection to make our system compatible to basketball videos.
Finally, on the user interface, we represent the video clips by three key frames
respectively from three shot classes: far view shot, medium view shot and close-
up shot. Especially for the close-up shot, we use face detection technique to select
the key frame which contains the face of the dominant player in the event. For
user preference acquisition, click-through data are used instead of manually labeling
positive and negative samples in order to free users’ burden.

The rest of the paper is organized as follows. Section 2 introduces the related
work. Section 3 presents the details on semantic annotation of sports video using
multi-modal analysis. In Section 4, we describe the method about user preference
acquisition based on semantic and visual features. In Section 5, experimental results
are reported and discussed. Finally, we conclude the paper in Section 6.



308 Multimed Tools Appl (2009) 44:305–330

2 Related work

2.1 Sports video annotation

Extensive research efforts have been devoted to sports video analysis and applica-
tions due to their wide viewership and high commercial potentials [10, 12, 33]. The
existing sports video annotation approaches can be classified into two categories:
using video content only and using external sources. Most of the previous annotation
work using video content only is based on audio, visual and textual features directly
extracted from video itself [16]. Rui et al. [24] detected the commentator speech
and ball-hit sounds from noisy and complex audio signals for highlight detection in
baseball videos. Xiong et al. [34] developed a unified framework to extract highlights
from three sports: baseball, golf and soccer by detecting some of the common audio
events that are directly indicative of highlights. Visual features such as color, motion,
or play field information etc. were utilized in [1, 3, 10] for soccer video summarization
and highlight annotation. Textual features such as caption text overlaid on the
video were utilized to annotate baseball videos [39]. However, single modal based
approaches are not able to fully characterize the content in sports video. Hence,
the integration of multi-modal analysis is developed to improve the robustness
and accuracy. Audio/visual features were utilized for event detection in tennis [6]
and soccer [18]; and audio/visual/textual features were utilized in baseball [13] and
basketball [22].

Nevertheless, both single-modal and multi-modal approaches heavily rely on
audio/visual features directly extracted from the video itself. Due to the semantic
gap between low-level features and high-level semantics as well as the dynamic
structures of different sports games, it is difficult to use these approaches to address
following two challenges: (1) ideal event detection accuracy; (2) extraction of high
level semantics. Therefore, we need to seek available external sources for help.
There are two external sources that can be used for sports video annotation: close
caption and web text, which are both text sources. Closed caption, which is a
manually tagged transcript from speech to text and encoded into video signals, was
employed to identify semantic event segments in sports videos [2]. Since closed
caption is generated from speech to text directly, it has some redundant or irrelevant
information to the games. The rich information and high level semantics of web texts
have made it to be a trend to leverage these information sources for supporting event
detection and content annotation. An approach was proposed by Xu and Chua [35]
to utilize match report and game log obtained from web to assist event detection in
soccer videos. In [36], web-casting texts from common sports websites were used to
detect and identify semantic events in broadcast sports video.

2.2 Video retrieval

In the everyday use of the popular multimedia search engines, such as Google,
Yahoo, YouTube, etc., the user submits the query using text, and then the search
engine returns the relevant images or videos. The problem with the text-based
retrieval is that when the user is not satisfied with the returned results, he/she has
to modify the current query; and if he/she cannot find a query which can better
describe his/her preference, no improvement will be done to the results. Hence,
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extensive research efforts have been devoted on content based video retrieval [29]
relying on the low-level video features which are difficult to be described by the text
query. It has become a hot research area in recent years and is an important task
in TRECVID benchmark.1 In video retrieval, as the starting point of the retrieval
process is typically the high level query from a human, the paramount challenge
remains bridging the semantic gap [27]. The retrieval methodology fused with visual
features and text has been proposed. Fleischman and Roy [11] presented a method
that used data mining to discover temporal patterns in video, and paired these
patterns with associated closed caption text for retrieval. Due to the noisy and
redundant information in the closed caption text, the words associated with the
videos do not have explicit semantic meanings. Yan et al. [38] proposed an approach
to classify the search topics into several classes and used query-class dependent
weights to fuse results in a hierarchical mixture of expert framework. Hsu et al. [14]
proposed a video shot re-ranking search via information bottleneck principle, which
finds the optimal clustering that preserves the maximal mutual information between
the search relevance and visual features in the initial text search results. In [8], many
fusion methods used in video shot retrieval were also reported.

User preference acquisition is an helpful step in large scale information retrieval.
In the field of content based image retrieval [28], relevance feedback [25] is a
powerful approach to get the user preference. The main idea is using human-
computer interaction to “tell” the system the user preference and improve the
performance of the retrieval system. Due to the larger amount of data and semantics
in videos than in images, the application of relevance feedback on video retrieval
is challenging. A compact representation of a video is required both on the low-
level visual features and the high-level semantic annotation, in order to reduce
the computation complexity during the feedback. Also, the relevance feedback
should concern not only the similarity on visual features but also the coherence
on semantic annotation to model the user preference. Hence, in our personalized
retrieval framework, there are two major research tasks: semantic video annotation
and user preference acquisition.

3 Semantic video annotation

In order to achieve semantic annotation on sports video, we integrate the video
content and its corresponding web-casting text. The web-casting texts are firstly
captured from the webpages automatically. Then we detect the events in the text
(called text event) and extract the semantics. We align the text events with the video
to detect the event clips (called video event) and annotate them with the semantics
from the text. Finally, the video event clips are segmented from the original video and
indexed in a sports video database. Each of them is given a compact representation
on both visual features and semantic annotation.

1http://www-nlpir.nist.gov/projects/trecvid

http://www-nlpir.nist.gov/projects/trecvid
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Fig. 2 Examples of web-casting webpage

3.1 Web-casting text capturing

Web-casting text is a text source which is co-produced together with broadcast sports
video and contains live commentary about the game. It contains detailed information
of events in sports games such as time of the event moment, the development
of the event, players and team involved in the event, etc. It is available in many
sports websites (e.g. ESPN2 and Yahoo3), which are illustrated in Fig. 2. We can
see that the web-casting webpage consists of different regions, such as page head,
page tail, navigation region, score region, play-by-play region, fixture table, etc. Our
interested regions are the score region which contains the two team names and the
final score and the play-by-play region in which the web-casting text lies. The task
is to detect the two regions from the given web-casting webpages which may have
various presentation styles and capture the texts from these two regions.

To divide the whole webpage into data regions, we use the vision-based page
segmentation (VIPS) method [4], which makes use of the HTML tag structure and
page layout features such as font, color and size to construct a vision-tree for a
webpage. Each node on the tree represents a data region in the webpage, which
is called a block. All the leaf blocks form a segmentation of the webpage. In order
not to oversegment the play-by-play region into a list of data regions, if a leaf node
has more than 10 siblings which all have similar visual features with it, they will be
merged together and represented by their parent node. Once the blocks have been
divided, the interested region detection can be considered as the task of assigning
labels to each blocks corresponding to play-by-play region, score region and others.
We consider these blocks as a sequence of leaf nodes along the bottom of the vision-
tree. Thus we choose linear-chain CRF model to deal with the sequence labeling
problem.

Conditional Random Fields (CRFs) [17] are Markov random fields that are
globally conditioned on observations. Let G = (V, E) be an undirected model over
a set of random variables Y and X. X are variables over the observations to be

2http://soccernet.espn.go.com/
3http://uk.eurosport.yahoo.com/fo/matchcast.html

http://soccernet.espn.go.com/
http://uk.eurosport.yahoo.com/fo/matchcast.html
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labeled and Y are variables over the corresponding labels. In our case, the label
space of Y is Y ={Play-by-play, Score, Page head, Page tail, Navigation, Fixture,
Other}. CRFs construct a conditional model p(Y|X) with a given set of features from
paired observations and labels. Linear-chain CRFs were first introduced by Lafferty
et al. [17]. The conditional distribution of the labels y given the observations x has
the form,

p(y|x) = 1

Z (x)
exp

⎛
⎝ ∑

e∈E,k

λk fk(e, y|e, x) +
∑
v∈V,l

μlgl(v, y|v, x)

⎞
⎠ (1)

where y|e and y|v are the components of y associated with edge e and vertex v

respectively; fk and gl are feature functions; λk and μl are parameters to be estimated
from the training data and Z (x) is the normalization factor, which has the form,

Z (x) =
∑

y

exp

⎛
⎝ ∑

e∈E,k

λk fk(e, y|e, x) +
∑
v∈V,l

μlgl(v, y|v, x)

⎞
⎠ (2)

Given above CRFs, we need to provide training data to train CRFs to estimate
the parameters of the model. The training process can be formulated as follows:
given the training data D = {(yi, xi)}N

i=1, find the best set of parameters � = {λk, μl}
so that the log likelihood logp(Y|X,�) is maximized. We choose L_BFGS method
[21] to optimize the log likelihood and thus get the model parameters. The features
for training models are all obtained from the vision tree since VIPS assigns visual
and content information for each node through rendering a page. For each block,
the extracted features are listed in Table 1.

On the whole webpage, each block are considered as a vertex in the linear-
chain CRFs. Hence these features are used as the vertex feature. For edge feature
which concerns the relationship between adjacent vertices, we define Boolean-valued
feature functions. For example, an f function is defined as:

fk(yi, yi+1, x) =

⎧⎪⎪⎨
⎪⎪⎩

true, if yi=score region, yi+1=play-by-play region
and Positioni >

Y
Positioni+1

f alse, otherwise

(3)

Table 1 Features of
each block

Feature name Description

Postion The coordinates of the left-top
point of the block

Size The size of the block
Font size The font size of the block
Font weight The font weight of the block
Img contain The number of images

the block containing
Sign contain The number of sign : − or ′ the

block containing
Text length The length of the text in the block
Tag The tag name of the block
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where Positioni >
Y

Positioni+1 means that the Y coordinate of blocki is larger than

the Y coordinate of blocki+1. This feature means the score region is more likely to
be higher than the play-by-play region.

We collected 200 web-casting pages from 10 websites, in which 50 of them were
fully labeled as the training samples while the rest were used for testing. The
results showed that this block labeling method is robust. For play-by-play region,
the label precision is 100% and recall is 100%. For score region, the label precision
is 100% and recall is 97.3%. After block labeling, in the detected play-by-play region
and score region of each page, we capture the text contents straightforwardly by
extracting texts within each pair of the opening and closing HTML tags. These texts
are used for detecting text events in the next section.

3.2 Text event detection

The web-casting text is shown in the play-by-play region of the page on sports
websites. It contains the final result and records all the events in the game. Figure 3
gives several records of the event “shot” in the soccer game. Based on our obser-
vation, the records of the same event type in the web-casting text have the similar
sentence structure and word usage. Hence, we cluster all the records corresponding
to different event types and extract event keywords in each cluster [40]. The
event keywords are used to detect events in the text and finally be tagged to the
videos for annotation. In addition, in text-video alignment, as we employ a Hidden
Markov Model (HMM) based method to detect video event boundary and train a
HMM model for each event type, The event keywords are also used to choose the
corresponding event models for video event boundary detection.

For records clustering, the Latent Semantic Analysis (LSA) is utilized. LSA is a
technique in the field of text indexing and retrieval. It assumes that there are latent
structures in word usage corresponding to semantic meanings of documents. LSA
builds a term-document matrix to describe the occurrences of terms in documents.
It is a sparse matrix whose rows correspond to terms and columns correspond to
documents. The entries of the matrix are proportional to the occurrence counts of the
terms in each document. The term-document matrix is then decomposed by Singular
Value Decomposition (SVD) [31] to derive the particular latent semantic structure
model. Finally, the documents are represented as vectors and their similarities can
be measured by the cosine distance between vectors.

9:13    Shot by Salomon Kalou (Chelsea) right-footed from left channel, hit bar.

11:02  Shot by David Villa (Valencia) left-footed from left side of penalty area, missed left.

21:38  Shot by Del Horno (Valencia) left-footed from left channel, save (caught) by Petr Cech (Chelsea).

45:00  Shot by Didier Drogba (Chelsea) right-footed from right side of penalty area, over the bar.

Fig. 3 The records of event “shot” in soccer in the web-casting text
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Before applying LSA, we filter out the names of players and teams in the text by a
name entity recognition (NER) software4 due to the consideration of their affection
to clustering result. We build the term-document matrix by regarding each record
as one document. The SVD is computed by decomposing the matrix At×d into the
product of three matrices:

At×d = Tt×n × Sn×n × D′
d×n (4)

where t is the number of terms, d is the number of documents, n is the rank of A,
T and D are the matrices of left and right singular vectors, S is the diagonal matrix
of singular values. SVD is unique up to certain row, column and sign permutations
and by convention the diagonal elements of S are constructed to be all positive and
ordered in decreasing magnitude. The first k(k < n) largest singular values and the
corresponding rows and columns from the T and D matrices are preserved to get
the estimate matrix Ãt×d. Each column in Ãt×d is a k-dimensional feature vector
�vi standing for a document. To measure the distance between two documents, the
distance function is defined as follows:

d(�vi, �v j) = 1

k

k∑
n=1

‖�vn
i − �vn

j ‖2 (5)

where �vn
i and �vn

j are the nth component of �vi and �v j respectively. Then the K-
Means clustering is conducted among these feature vectors. Since we do not know
the number of the clusters beforehand, the optimal cluster number K needs to be
determined first. An evaluation function F is defined as follows:

F =
∑K

i=1

∑
�v∈Ci

d(�v, �mi)

2
K(K−1)

∑K−1
i=1

∑K
j=i+1 d( �mi, �m j)

(6)

where Ci is the ith cluster, �mi is the center of Ci, K is the number of clusters to
be determined. Based on the prior knowledge that the event clusters in the whole
corpus normally cannot exceed 15, the candidate values of K are thus set from 2 to 15.
Within this range, the optimal number of K can be determined while the value of F
reaches the minimum. After clustering, a rule-based part of speech tagger is utilized
to tag the nouns and verbs in the corpus. In each cluster, these nouns and verbs are
ranked by their “term frequency—inverse document frequency” (t f − idf ) weights
[26]. The top ranked words are selected as the keywords for each cluster. Based on
the keywords, we can directly detect the text events by searching the records which
contain the keywords.

3.3 Text-video alignment

After text event detection, we can obtain the time tag in the event records, which
indicates the event occurring time during the game. The intuitive way to find the
counterpart in the video is to find the same time in the video and use this time as

4http://www.alias-i.com/lingpipe

http://www.alias-i.com/lingpipe
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an event time. However, in broadcast sports video, the game time and video time
are not synchronized due to nongame scenes such as player introduction, ceremony,
half-time break and clock stopping, etc. Hence, we need to detect the exact event
moment and event boundary in the video to achieve text-video alignment.

3.3.1 Event moment detection

In most sports game videos such as soccer and basketball, a video clock is used
to indicate the game lapsed time. We proposed an approach [20] to first detect a
clock overlaid on the video and then recognize the digits from the clock to detect
the game time. This approach worked well for soccer video due to the non-stopping
clock time in soccer video. Once the game time is recognized at certain video frame,
the time corresponding to other frames can be inferred based on recognized game
time and frame rate. However, the clock in some broadcast sports videos such as
basketball may stop and disappear at any time of the game, which makes the game
time recognition more challenging. Due to unpredictable clock stopping, game time
recognition on each frame is necessary in the video. As the clock region in the video
may disappear during the clock stopping time, we employ a detection-verification-
redetection mechanism, which is an improvement to our previous approach [20], to
recognize game time in broadcast sports video.

We first segment the static overlaid region using a static region detection ap-
proach. Then the temporal neighboring pattern similarity measure [20] is utilized
to locate the clock digit position because the pixel values in the clock digit region
are changing periodically. After digit position location, the digit templates are
automatically captured from 0 to 9 in the clock digit region as binary images. The
technique details of digit position location and digit template capturing can be
referred to [20]. Once we get the template and clock digit position, we recognize
the digits of the TEN-MINUTE, MINUTE, TEN-SECOND and SECOND of the
clock using following formula:

Digit(i) = arg min
i

{
∑

(x,y)∈R

Vd(x, y) ⊗ Vi
t(x, y)}, i = 0, 1, ..., 9, 10 (7)

where Vi
t(x, y) is the image pixel value in position (x, y) for the template of digit

number i, Vd(x, y) is the image pixel value in position (x, y) for the digit number
to be recognized, R is the region of digit number, ⊗ is XOR operator, i = 0, 1, ..., 9
correspond to ten digits, i = 10 corresponds to the region without any digit. As the
clock may disappear during the clock stopping time in basketball game videos, a
verification of the matching result is needed. We calculate Digit(i) in the SECOND
digit position on each frame. If the time of Digit(i) getting the value 10 is longer
than two seconds, a failure of verification will occur. This leads to a redetection of
clock digit position. After the success of verification, the game time will be recorded
as a time sequence and linked to the frame number, which is called time-frame
index. If the verification failure occurs, the related frames are denoted as the label of
“- - : - -” in the time-frame index until the clock is redetected to show that there is a
clock stopping. After game time recognition, the event moment can be detected in
the video by linking the time tag in the text event to the game time in the video.
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3.3.2 Event boundary detection

Event boundary detection can be formulated into a problem of sequence data
classification. Since HMM is a powerful statistical model on modeling sequence
data, we employ it to model the temporal transition patterns of a video event.
Certain temporal patterns recur during the event portion of the sports video due
to the existence of common broadcast video production rules [5]. By modeling the
transition patterns, the event portion in the whole video can be recognized. In our
approach, we employ the shot length, shot class and replay as the feature to model
the event structure of the broadcast sports video. M2-edit Pro (Mediaware solutions
pte., ltd., 2002) is used to detect shot boundary. Then we classify the shots into
three classes: far view shot, which displays the global view of the field; medium view
shot, which is a zoomed-in view of a specific part of the field, where a whole human
body is usually visible; and close-up shot, which shows the above-waist view of one
person. Shot classification is based on color, edge and motion features [32]. Replay
detection is based on the special digital video effects (SDVE) which are inserted in
the broadcast sports videos [9]. These features are denoted as the data sequences
to train the HMMs. For each type of event, we get an HMM. The candidate
video clips are segmented from the whole video and sent to the HMMs for model
fitting.

For getting the candidate video clips, given a text event, we set the shot which
contains the event moment as the reference shot. Before and after the reference
shot, we set a search range. In soccer videos, as there is no clock stopping, the search
range is empirically set to start from the first far-view shot before the reference
shot and end at the first far-view shot after the reference shot. In basketball videos,
for clock-on events, the search range is set same as in soccer; for clock-stopping
events, the search range is set to all the successive clock-stopping shots after the
time-tag point, due to the reason that the time-tag in the text denotes the time
just at the moment when the clock stops, while an event such as free throw will
occur on any time during the clock-stopping time. Figure 4 shows the rule of setting
the search range. Within the search range, we set all the possible partitions of
shot sequences as the candidate event clips. These clips are sent to the HMM of
the corresponding event type for model fitting. The one which fits the model best

event noisenoise

clock-on shot

time-tag point

search range

1st far 
view

1st far 
view

time-tag point

eventnoise

clock-stopping shotclock-on shot clock-on shot

search range

noise

(a)

(b)

Fig. 4 Search range for a clock-on event b clock-stopping event
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(i.e. gets the highest fitting score) is selected as the detected video event clip. The
event boundaries can be obtained from the boundaries of the first and last shot in
the event.

3.4 Video clip annotation and representation

After text-video alignment, the event clips are segmented from the original video.
Each clip can be annotated by its counterpart in the text. In the corresponding record
of text event, it contains the keyword of the event type, the names of the player and
the names of the team. The keyword is known beforehand as it is used to detect
this text event. The names of the player and the team are obtained by name entity
recognition from the record. The video clip is annotated by these semantics using the
following structure:

〈Player〉〈Player′s team〉〈Opponent team〉〈Event〉
Based on these annotation, we index all the video clips and build a video database.
This video database contains event clips of the given soccer and basketball games. It
is used for personalized retrieval.

For the convenience of browsing and retrieval, each video clip needs a compact
representation besides its text annotation on the user interface of the system. Key
frame representation is an appropriate way to preserve the content of the video in a
small amount of data. In each video clip, we select three key frames respectively from
three shot classes: far view shot, medium view shot and close-up shot. For the far view
and medium view key frame, we select the first frame of these two shot classes as the
key frames. For the close-up key frame, as one video event clip may contain close-up
shots from more than one players, we need to determine the dominant player of the
event and select the key frame which contains the face of the dominant player.

In the close-up shots of a video event clip, an adaboost face detector [30] is run on
every frame to detect the faces of the players. Then a Finite State Machine (FSM),
which is widely used in rule based approaches [1, 19], is employed to filter false
positives and connect the consecutive faces of one player into a face track. The input
data of FSM is a sequence of the positions and scales of the detected faces. It will pass
a four states transition diagram which is shown in Fig. 5. The transition conditions
between two states are labeled on each edge, and the corresponding actions are
described in parentheses. In Fig. 5, R means the faces on consecutive frames satisfy
a rule defined as follows:

⎧⎪⎪⎨
⎪⎪⎩

√
d2x + d2 y < kr0

∣∣∣dr
r0

∣∣∣ < k
(8)

where dx and dy are the differences of the center point’s coordinates between current
and previous face, and dr is the difference of the two radiuses. Here the detected
face is supposed to be a circle region. r0 is the radius of the previous face. k is the
parameter to control the detection confidence. In Fig. 5, R means the rule is not
satisfied, count1 and count2 are the frame counts to measure the length of a face
track and a noise track respectively, Lt and Ln indicate the minimum length of the
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Face track 
hypothesis

Noise

Face track 
Noise 

hypothesis

R  &  (count1++) < Lt

R

R  &  (count1++) >= Lt
(Set face track startpoint)

R & (count2++) < Ln
(count2 = 0)

R

R

&  (count2++) >= Ln
(Set face track endpoint)
R

& (count1++) < Lt
(count1 =0)

R

R

R & (count2++) < Ln

Fig. 5 Finite state machine for face track detection

face track and the noise track. The faces which are continuous in position and scale
are connected into a face track.

After face track detection, a dominant score is employed to determine which
face track belongs to the dominant player. Based on observation, we find that the
dominant player usually has the longest close-up duration and the largest face scale.
Thus, the dominant score of a face track is defined as follows:

D = 1

1 + e−l
+ 1

1 + e−r̄
(9)

where l is the length of the face track, r̄ is the average radius of the faces in the track.
In a video clip, the face track which has the largest value of D is determined as the
dominant player’s track. The first frame of this track is selected as the key frame.

Since we have annotated and represented all the video event clips, we can
build a sports video retrieval system. In this system, a text-based retrieval can be
straightforwardly conducted by using the keywords on the event or the name of the
player and the team. Given a text query, the relevant video clips are returned and
displayed on the user interface. Each clip is represented by three key frames together
with its semantic annotation.

4 User preference acquisition

The text-based retrieval calculates the relevancy of video clips by matching keywords
with the annotations of the clips. If the queries from the user are clear and specific,
the system can return good results. However, users are often more likely to use short
queries which are sometimes incomplete to describe their intentions. Moreover,
sometimes the preference of users is difficult to be explicitly described by text queries
only. Hence, not all the retrieval results are desirable to the users. They will select
to view the ones which are more satisfying to them. Therefore, user click-through
data can be utilized to provide valuable indication of the user preference. The
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click-through data are obtained from a click-log which consists of a user query to the
system and the video clips that the user actually clicks to view among the list provided
by the system. Based on these data, we introduce a relevant feedback mechanism.
Given a query, the system first returns the result to the user. Among these clips, the
ones which are clicked by the user are considered to be more relevant than others.
Using these data, we can obtain the evaluation of the retrieval result from the user
and acquire the user preference. Hence, a user preference model can be learned to
re-rank the retrieval result and achieve an optimal ordering of the video clips. During
the preference modeling, two aspects should be taken into consideration: the high-
level semantics and the low-level visual features. The first one is represented by the
text annotation and the second one consists of visual features extracted from the
video clips.

4.1 Semantic based preference modeling

The annotation of each video clip is comprised of four fields: the player, the player’s
team, the opponent team and the event. We introduce the notation unit to define a
video clip set in which all their four annotation fields are identical. Different units
which share one or more identical fields form a cluster. Here we take soccer for
instance. The relationship between video clip, unit and cluster is illustrated in Table 2.

If the query is “complete”, which means the query covers all the fields of the an-
notation, the results will focus on a unit. It is not necessary to acquire user preference
on semantics, because he/she has described his/her preference completely. However,
in most of the time, users are more likely to use “incomplete” queries. Thus the
results will correspond to a cluster. For example, the query “Beckham” corresponds
to the cluster: (Beckham, *, *, *). Commonly in a huge video database, the cluster
returned as results contains a large number of video clips. Usually, not all the results
are satisfied to the user. Therefore, it is important to build a preference model on
semantics and re-rank the video clips accordingly, so that the video clips which the
user is most interested in can be arranged on the top of the cluster.

After the user submits an “incomplete” query, video clips of the corresponding
cluster are randomly ranked and returned to the user. Typically, the user will select
some clips to view according to his/her personal preference, which can be considered
as feedback from the user to the system. Based on the click-through data, we re-rank

Table 2 Examples of video
clips, units and clusters

Clip v1, v2, v3, ..., v20

Unit u1 : (Beckham, England, Greece, goal)={v1, v2, v3}
u2 : (Beckham, England, Argentina, foul)={v4, v5, v6}
u3 : (Beckham, M.United, Arsenal, freekick)

={v7, v8, v9}
u4 : (Beckham, M.United, Arsenal, goal)={v10, v11}
u5 : (Beckham, RealMadrid, Valencia, goal)={v12, v13}
u6 : (Beckham, RealMadrid, Betis, goal)={v14, v15, v16}
u7 : (Beckham, ACMilan, Lazio, corner)={v17, v18}
u8 : (Toni, Italy, Ukraine, goal)={v19, v20}

Cluster c1 : (Beckham, ∗, ∗, goal)={u1, u4, u5, u6}
c2 : (Beckham, ∗, ∗, ∗)={u1, u2, u3, u4, u5, u6, u7}
c3 : (∗, ∗, ∗, goal)={u1, u4, u5, u6, u8}
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all the video clips in the cluster. The process of relevance feedback can be repeated
until the user is satisfied with the results.

We use V = {v1, v2, ..., vn} to denote the whole data set of video clips. A =
( f ield1, f ield2, ..., f ieldm) is the annotation of a video clip which contains m fields. In
our case, A = (player, team, opponent team, event type). Q = ( f ield1 = q1, f ield2 =
q2, ..., f ieldl = ql) is one query from the user (obviously, l ≤ m). When the
query is “incomplete”(l < m), Q corresponds to a cluster C(q1, q2, ..., ql, ∗, ..., ∗) =
{u1, u2, ..., uN}, where ui is the unit in C. If relevance feedback is performed, we
use Sp (positive) to denote the set of clips which are clicked by the user, while Sn

(negative) denotes the set of clips which are ignored by the user.
It is common that when a user gives an incomplete query, he/she may place

different implicit emphasis on the rest unmentioned fields. For example, a user
querying “Beckham” may prefer the video clips of Beckham’s goal or free kick,
while regardless which specific game the video clips belong to. In this case, the
field “event” seems to be more important than other unmentioned fields. Thus,
different importance of each unmentioned field can well reveal the user’s personal
preference. Firstly, we quantify the importance of each unmentioned field according
to its coherence in the training data. Based on the video clips which are clicked,
we calculate the diversity of unmentioned fields separately. Here the diversity is
defined as the number of different values in certain field. Take Table 2 as an
example, suppose the query is “Beckham”, thus the corresponding cluster C is
{v1, v2, v3, ..., v17, v18}, while {v19, v20} is excluded. The results are returned to the
user in a random order. The user clicks four clips {v1, v2, v11, v16} to view. Thus the
diversity of the fields “player’s team”, “opponent team” and “event type” are 3, 3
and 1. The less diverse a field is, the more coherent it is, and thus the more important
it is. Therefore, we calculate the weight of each field as follows:

wi = 1

Zw · divi
(l + 1 ≤ i ≤ m),

m∑
i=l+1

wi = 1 (10)

where divi is the diversity of f ieldi, Zw = ∑m
i=l+1 1/divi is used for normalization.

Secondly, we quantify the importance of different values in each unmentioned
fields of the clicked video clips. Still using the above example, the clicked clips are
{v1, v2, v11, v16}. In the field “player’s team”, there are 3 different values, “England”,
“M.United” and “Real Madrid”. They get the clicked count as 2, 1 and 1. These
clicked counts are normalized and set as the weights of the field values. Thus,
“England”, “M.United” and “Real Madrid” get the weights as 0.50, 0.25 and 0.25
respectively. Therefore, we can derive a weight matrix Yp×(m−l) for the clicked clip
set Sp, where p is the number of clips in Sp, (m − l) is the number of unmentioned
fields. In this matrix, each entry yki is the weight of the value in f ieldi in annotation
of clip vk.

Finally, for each clip (v j ∈ C) corresponding to the query q, we compare its
unmentioned fields in annotation with the video clips that have been clicked by the
user (vk ∈ Sp), and get a score. Because the score is calculated based on semantic
annotation, we call it “semantic score”. It is defined as follows:

S (v j) = max
vk∈Sp

m∑
i=l+1

wi ykiδ(v j( f ieldi), vk( f ieldi)) (11)
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where
{

δ(x, y) = 1, x = y

δ(x, y) = 0, x �= y
(12)

v j( f ieldi) is the value of f ieldi in the annotation of clip v j, vk( f ieldi) is the value
of f ieldi in the annotation of clip vk which is clicked by the user, wi is the weight
of f ieldi, yki is the weight of vk( f ieldi). From the equations above, we can see that
S (v j) represents the similarity between clip v j and the clips clicked by the user. It
focuses on the high-level semantics of the user preference. The higher the score of a
clip, the more desirable it is.

4.2 Visual feature based preference modeling

Besides semantic based preference modeling, the visual features extracted from the
video clips can also reflect the user preference. For example, a user has retrieved the
video clips of Kaka. Among these clips, he/she only selects the ones in which Kaka is
wearing AC Milan’s host red-black striped jersey. This kind of preference needs to
be acquired by analyzing the visual features of the clips.

From the machine learning point of view, the process of visual feature based
preference modeling can be considered as a classification problem. The preference
model is a classifier which can classify the video clips into satisfied and unsatisfied.
Besides this, the classifier is also able to give the score of the clip on how satisfied
or how unsatisfied it is. The training data of the classifier is obtained from the user’s
click-through data. The set Sp of clips which are clicked by the user are considered
as the positive samples. For the negative samples, we assume that the user scans the
retrieval result from top to bottom, if he/she selects to click the rank 3 clip, he/she
must have observed the rank 1 and 2 clips and made a decision to not click on them.
Thus, within the scan range of the user, the clips not clicked are considered as the
negative samples. We denote this clip set as Sn. The scan range is from the top to the
lowest rank clip which is clicked by the user.

When each video clip is added and indexed in our database, their visual features
are extracted beforehand. We extract the color and texture features from the close-
up and far view key frames. On the close-up key frame, the features are extracted
from the region of the player’s jersey which is located according to the face. On
the far view key frame, the features are extracted from the whole frame. The
color features include: Color Histogram in the HSV space, Color Moments which
is extracted from a 3 × 3 grid and represented by the first 3 moments for each grid
region. The texture features include: Wavelet Texture which is extracted from a 3 × 3
grid and represented by a vector of the normalized variances in 12 Haar wavelet sub-
bands for each grid region, Edge Histogram with 8 edge direction bins and 8 edge
magnitude bins, based on a Sobel filter. Among these features, we cannot determine
which one is more discriminative during the classification. Hence, we train classifiers
on each feature separately using the training data set Sp and Sn, and then combine
them according to their importance.

Suppose that we have extracted n types of features (in our case, n = 4), thus we
have n corresponding classifiers: f1, f2, ..., fn. In our work, the SVM with a RBF
kernel is employed as the classifier. The classification score of each sample are not
the discrete value −1 and 1, but the continuous value of the distance between the



Multimed Tools Appl (2009) 44:305–330 321

sample and the classification plane. The distance is assigned a positive or negative
sign to indicate the class label of the sample. To make the classification score
comparable between different classifiers, all the scores are normalized into [0, 1].
Thus, for each video clip v j , its score given by the ith classifier (1 ≤ i ≤ n) is defined
as follows:

Fi(v j) = 1

1 + e− fi(v j)
(13)

Similarly, we can get the importance of each classifier by analyzing the feature
coherence of the positive samples, which can be revealed by variance. A smaller
variance of a feature means that this feature can, to some extent, better reflect the
user preference. Hence we put more emphasis on this feature. For the ith feature,
we calculate the variance of the positive samples, denoted by vari, and then set the
weight of classifier fi as:

wi = 1

Zw · vari
,

n∑
i=1

wi = 1 (14)

where Zw = ∑n
i=1 1/vari is used for normalization. Then we calculate the final score

of each v j ∈ C, which is the linear combination of the scores using each single feature
with its corresponding weight:

F (v j) =
n∑

i=1

wiFi(v j) (15)

Since this score is calculated based on the visual feature of the video clip, we call it
“feature score”. The higher it is, the more desirable the clip is.

4.3 Multiple choices for users

4.3.1 Model choice

Since we have obtained two models for preference acquisition: semantic based model
and visual feature based model, users can choose any of them according to their
willing. Semantic based model depends on analysis of the keywords in the annotation.
As shown in Table 2, the annotations of the clips in the same unit are identical. Thus,
semantic based model focuses on the inter-unit ranking. Visual feature based model
is composed of SVM classifiers which depend on the color and texture features of
video clips. Because the classifiers give continuous score values, it can distinguish
the ranking for each video clip. These two models reflect two aspects of the user
preference respectively. The choice on them depends on the user.

For integrating the semantic and the visual features, the user can also fuse the two
models together. The overall score of the combined preference model is defined as
follows:

O(v j) = αS (v j) + βF (v j) (16)

where S (v j) and F (v j) are the semantic score and the feature score. α and β are
the parameters which can adjusted by the user on the user interface to put different
emphasis on the two aspects. The default setting is α = β = 0.5. When α or β is set
to 0, it corresponds to the semantic model or visual model.
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4.3.2 Historical data choice

During the process of relevance feedback, in each round, the system acquires and
models the user preference by click-through data. Based on the preference model,
each video clip will be given a score which is used for re-ranking in the next round. In
most times, the system concentrates on the user’s clicks in the current round. Thus,
the score is calculated by the data of the current round’s feedback. Sometimes, the
user hopes to gradually update his/her preference and focus to his/her interested
points step by step. For example, a user firstly clicked some video clips of Beckham,
then clicked some free kick video clips in the next round. If now he/she wants to
see the free kick clips of Beckham, it is necessary to concern both the current and
the historical click-through data. As the historical scores of the video clips depend
on the user’s historical click-through data, we use a recursive style to calculate the
accumulative score:

ˆScore(t) = Score(t) + ˆScore(t − 1) (17)

where ˆScore(t) and ˆScore(t − 1) are the accumulative score in the current round
and the last round respectively, Score(t) is the current score calculated by the click-
through data in the current round. It can be the semantic score S (v j) in Eq. 11 or the
feature score F (v j) in Eq. 15 or the overall score O(v j) in Eq. 16. This accumulative
score integrates the historical scores and thus can reflect the user preference step
by step.

5 Experiments

The experiments are conducted on 30 h of broadcast soccer videos including 16
World Cup 2006 soccer games, 3 European Championship 2004 soccer games and
3 European Champion League (2006–2007) soccer games, and 30 h of broadcast
basketball videos including 8 NBA (2005–2006) games, 15 NBA (2007-2008) games
and 3 Olympic Games. The videos are recorded from TV using Hauppauge PCI-150
TV capture card.

5.1 Semantic annotation

In video semantic annotation module, keyword generation experiment is conducted
by using web-casting texts which are automatically captured from ESPN website.

Table 3 Keywords generated
from web-casting texts (soccer)

Cluster Rank1 Rank2 Rank3 Event

1 Goal Shot Target Goal
2 Shot Block Save Shot
3 Foul Kick Pass Foul
4 Card Foul Behavior Card
5 Corner Clearance Kick Corner
6 Offside Pass Foul Offside
7 Cross Block Shot Cross
8 Kick Foul Pass Free kick
9 Throw Defend Block Throw in
10 Substitution Tactic Block Substitution
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Table 4 Keywords generated
from web-casting texts
(basketball)

Cluster Rank1 Rank2 Rank3 Event

1 Shot Point Foot Shot
2 Jumper Foot Make Jumper
3 Layup Assist Make Layup
4 Dunk Slam Assist Dunk
5 Block Jumper Shot Block
6 Rebound Assist Ball Rebound
7 Foul Draw Ball Foul
8 Throw Make Miss Free throw
9 Enter Game Foul Substitution

After LSA and unsupervised clustering, the corpus is divided into 10 clusters for
soccer and 9 clusters for basketball. Here 10 and 9 are the optimal cluster numbers
which is determined by the evaluation function (see Eq. 6). Then the nouns and verbs
in each cluster are ranked by their tf-idf weights. The top 3 rank words of each cluster
from soccer and basketball web-casting texts are listed in Tables 3 and 4.

From the result we can see that these clusters are the most important semantic
events in a soccer and basketball game and cover the main content of the videos.
We ignore some unsport behaviors like injury or player conflicting. The assist event
does not have a keyword because it is not an independent event but always occurs
with other events (e.g. goal in soccer; shot, jumper and dunk in basketball). Some
events can be further classified into more specific sub-events, for example, in soccer,
goal can be classified into shot-on-goal, head and penalty; in basketball, jumper and
shot can be classified into three-points and two-points. All of these sub-events can
be retrieved by the keywords of the events they belonging to. In Tables 3 and 4, it
can be seen that the rank 1 word can be used as keywords to represent the semantic
events and annotate video clips.

We conduct experiment for text/video alignment to detect event boundary in
broadcast soccer and basketball videos. Boundary detection accuracy (BDA) is used
to evaluate the detected event boundaries in the testing video set. BDA is defined as
follows:

BDA = 1 − α|tms − tds| + (1 − α)|tme − tde|
max{(tde − tds), (tme − tms)} (18)

where tds and tde are automatically detected start and end event boundaries respec-
tively, tms and tme are manually labeled start and end event boundaries respectively,
α is a weight and set to 0.5 in our experiment. The event boundary detection

Fig. 6 Video event boundary
detection (soccer)
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Fig. 7 Video event boundary
detection (basketball)
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results for soccer and basketball are shown in Figs. 6 and 7 respectively. The BDA
scores of “free kick” in soccer, “foul” in basketball and “substitution” in both are
relatively lower than others. It is because these types of events in the video do not
have distinguishable temporal patterns for event boundary modeling. The camera
transition during free kick in soccer is frequent and dynamic. The duration of foul
in basketball is quite short and sometimes without a replay but quickly followed by
free throw or timeout. Substitution has too loose structure to capture its features. For
example, the player sometimes will be given a close-up but sometimes not.

To evaluate the event keywords generated by our system for text retrieval, we
use the rank 1 word of each cluster to retrieve the corresponding events in the
web-casting texts. The results for soccer and basketball are shown in Figs. 8 and 9
respectively. It can be seen that most events are well retrieved by their corresponding
keywords. In Fig. 8, the precisions of “shot” and “foul” events are low. This is because
some “goal” events whose records have the word “shot”, thus these “goal” events are
also retrieved by the keyword “shot”. However, in common sense, users often do not
revolt against the appearance of “goal” events in the results of the “shot” query. The
same situation also occurs between “foul” and “card”. Their records share the same
word “foul”. In Fig. 9, “shot” and “jumper” events have relatively low precision.
This is because some “block” events, whose records also have the word “shot” and
“jumper”, are misclassified into these two events.

5.2 Personalized retrieval

Based on all the video clips segmented from the original videos, we build a sports
video retrieval system. To evaluate the performance of the personalized video
retrieval, we invited 20 subjects to participate the evaluation. These subjects are all
first-time users of the system and have certain knowledge on soccer and basketball
games. Each subject is asked to submit 20 queries for retrieval, and use relevance

Fig. 8 Text event retrieval
(soccer)
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Fig. 9 Text event retrieval
(basketball)
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Table 5 Examples of the users’ queries

Query 1: (Kaka, AC Milan, M.United, goal) Query 5: (Yao, Rocket, *, dunk)
Query 2: (Messi, *, *, *) Query 6: (*, *, *, Jumper)
Query 3: (*, Germany, *, free kick) Query 7: (James, *, Piston, *)
Query 4: (*, Chelsea, Liverpool,*) Query 8: (*, China, Spain, rebound)

Fig. 10 Precision of
personalized retrieval (P@10)

0.8
0.9

1
Multi-choice Default1 Default2

0.4
0.5
0.6
0.7

0 1 2 3 4 5 6A
ve

ra
g

e 
P

re
ci

si
o

n

Number of Rounds 

Fig. 11 Precision of
personalized retrieval (P@20)
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Table 6 The evaluation of 20
subjects

Evaluation score 1 2 3 4 5 Average

Acceptance 0 0 2 11 7 4.25
Flexibility 0 0 0 8 12 4.60
Convenience 0 0 4 11 5 4.05
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feedback to refine the results. Among the 400 queries, excluding the overlapping
ones, there are 356 different queries. Table 5 lists some examples of the queries.
For each query, the subjects are required to take 6 rounds of relevance feedback to
retrieve the video clips. Since we provide multiple choices to users while preference
modeling and relevance feedback, which is described in Section 4.3, in each round,
the subjects are allowed to choose semantic based or visual feature based preference
model or combining them together; also, they can choose to use the current round
data or the historical data. Average precision of top m retrieval results over the 400
queries, denoted as P@m, is employed to evaluate the performance. The experimen-
tal results are shown as the blue curve denoted as “multi-choice” in Figs. 10 and 11
corresponding to m = 10 and 20 respectively. In the two figures, the points at Round
0 means the average retrieval precision without feedback. We can see that the
retrieval result are significantly improved by the relevance feedback. It is proved that
our system is effective in acquiring and modeling user preference. For comparison,
we use two default settings of the retrieval system as the baselines. Default setting
1 is described in Section 4.3.1. In Eq. 16, α and β are all set to 0.5, which means the
preference model is the linear combination of semantic and visual feature models.
Default setting 2 is that we limit the subjects only use the current round data rather
than the historical data for relevance feedback. These default settings are used as
the retrieval mechanism in our previous work [40]. The results of these two baselines
are also shown as the red and green curves in Figs. 10 and 11. It can be seen that,
the multiple choices providing to users while relevance feedback can achieve better
retrieval results than the two baselines. It is more effective and flexible to acquire the
user preference.

Finally, the subjects are required to evaluate the personalized sports video re-
trieval system by giving a numerical score on three criterions: acceptance, flexibility
and convenience. Acceptance is to measure how much the retrieval mechanism
is accepted. Flexibility is to measure whether the system can properly adjust the
output according to user’s implicit feedback. Convenience is to measure whether
it is convenient in the interaction with the system. The score is based on following
scale (5-very good, 4-good, 3-common, 2-bad, 1-very bad). Table 6 shows the result
of subjective evaluation. The average scores on the three criterions are 4.25, 4.60 and
4.05, respectively. This demonstrates that most users are satisfied with the system.
Some users indicated that the system should give clear instructions or examples for
user submitting query and giving feedback, which can make the system more friendly.

6 Conclusion

Personalized retrieval is a challenging task in the field of video analysis, indexing
and retrieval. In this paper, we have presented a novel framework for sports video
semantic annotation and personalized retrieval. In this framework, sports videos
are automatically annotated by the web-casting texts captured from sports websites.
Based on the annotation, highlight video clips are generated from the whole game
videos and indexed in a video database. For video retrieval, a relevance feedback
mechanism is utilized to acquire user preference and refine the retrieval results.
The user are provided with more choices and have a more interactive retrieval
experience. Our future work will focus on extending the proposed approach to
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other sports domains, further improving the performance of semantic annotation
and integrating more effective features and knowledge such as audio information
to enhance the current modeling mechanism.
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