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ABSTRACT

This paper focuses on the use of Hidden Markov Models
(HMMs) for structure analysis of sport videos. The video
structure parsing relies on the analysis of the temporal inter-
leaving of video shots, with respect to a priori information
about video content and editing rules. The basic temporal
unit is the video shot and both audio and visual features are
used to characterize its type of view. Our approach is vali-
dated in the particular domain of tennis videos. As a result,
typical tennis scenes are identified. In addition, each shot
is assigned to a level in the hierarchy described in terms of
point, game and set.

1. INTRODUCTION

Video content analysis is an active research domain that
aims at automatically extracting high-level semantic events
from video. This semantic information can be used to pro-
duce indexes or tables-of-contents that enable efficient search
and browsing of video content. Low-level visual features,
largely used for indexing generic video contents, are not
sufficient to provide a meaningful information to an end-
user. To achieve such a goal, algorithms have to be dedi-
cated to one particular type of videos.

One domain-specific application is the detection and re-
cognition of highlights in sport videos. Sport video analysis
is motivated by the growing amount of archived sport video
material, and by the broadcasters needs of a detailed annota-
tion of video contents to select relevant excerpts to be edited
for summaries or magazines. Up to now, this logging task
is performed manually by librarians.

Most of the existing works in the domain of sports video
analysis are related to specific events detection. A com-
mon approach in event detection consists in combining the
extraction of low-level features with heuristic rules to in-
fer predetermined highlights [1, 2]. Recent approaches use
Hidden Markov Models (HMMs) for the event classification
in soccer [3] and baseball [4]. Nevertheless, these works

attempt to detect specific events, but the reconstruction of
higher-level temporal structure is not addressed.

Inside the category of sport videos, a distinction should
be made between time-constrained sports such as soccer,
and score-constrained sports such as tennis or baseball. Time-
constrained sports have a relatively loose structure. The
game can be decomposed into equal periods. During a pe-
riod, the content flow is quite unpredictable. As a result,
structure analysis of a soccer video is restricted to ”play”/”out-
of-play” segmentation [5].

In score-constrained sports, the content presents a strong
hierarchical structure. For example, a tennis match can be
broken down into sets, games and points. A previous work
on tennis and baseball [6] studies the detection of basic
units, such as serve in tennis or pitch in baseball, however,
the well-defined structure of these sports is not taken into
account to recover the whole hierarchical structure.

In this paper, we address the problem of recovering sport
video structure, through the example of tennis which presents
a strong structure. Video structure parsing consists in ex-
tracting logical story units from the considered video. The
structure to be estimated relies on the nature of the video.
For instance, a news video can be considered as a sequence
of units which starts with an image frame presenting an
anchor person followed by a variety of news and commer-
cials [7].

Producing a table of contents implies to perform a tem-
poral segmentation of the video into shots. Such a task has
been widely studied and generally relies on the detection of
discontinuities into low-level visual features such as color
or motion [8]. The critical step is to automatically group
shots into ”scenes”, or “story units” that are defined as a
coherent group of shots that is meaningful for the end-user.

Recent efforts have been made on fusing information
provided by different streams. It seems reasonable to think
that integrating several media improve the performance of
the analysis. This is confirmed by some existing works re-
ported in [9, 10]. Multimodal approaches have been inves-



tigated for different areas of content-based analysis, such as
scene boundary detection [11], structure analysis of news [12],
and genre classification [13]. However, fusing multimodal
features is not a trivial task. We can highlight two problems
among many others.

• a synchronization and time scale problem: sampling
rate to compute and analyse low-level features is not
the same for the different medias;

• a decision problem: what should be the final decision
when the different medias provide opposite informa-
tion ?

Multimodal fusion can be performed at two levels: fea-
ture and decision levels. At the feature level, low-level au-
dio and visual features are combined into a single audio-
visual feature vector before the classification. The multi-
modal features have to be synchronized [12]. This early in-
tegration strategy is computationally costly due to the size
of typical feature spaces. At the decision level, a com-
mon approach consists in classifying separately according
to each modality before integrating the classification results.
However, some dependencies among features from different
modalities are not taken into account in this late integration
scheme.

But usually theses approaches rely on a successive use
of visual and audio classification [14, 15]. For example
in [15], visual features are first used to identify the court
views of a tennis video. Then ball hits, silence, applause,
and speech are detected in these shots. The analysis of the
sound transition pattern finally allows to refine the model,
and identify specific events like scores, reserves, aces, serves
and returns.

In this work, an intermediate strategy is used which con-
sists in extracting separately shot-based “high level” audio
and visual cues. The classification is then made using the
audio and visual cues simultaneously (Figure 2). In other
words, we choose a transitional level between decision and
feature levels. Before analyzing shots from raw image in-
tensity and audio data, some preliminary decisions can be
made using the features of the data (e.g. representation of
audio features in terms of classes like music, noise, silence,
speech, and applause). In this way, after making some basic
decisions, the feature space size is reduced and each modal-
ity can be combined more easily.

Our aim is to exploit multimodal information and tem-
poral relations between shots in order to identify the global
structure. The proposed method simultaneously performs a
scene classification and segmentation using HMMs. HMMs
provide an efficient way to integrate features from different
media [13], and to represent the hierarchical structure of a
tennis match. At the first level, several consecutive shots
of a tennis video are classified within one of the following

Fig. 1. Structure of Tennis Game

four predefined tennis units : missed first serve, rally, re-
play, and break. At the higher level, the classified segments
are grouped and assigned to their corresponding label in the
structure hierarchy, described in terms of point, game, and
set (see Figure 1).

This paper is organized as follows. Section 2 provides
elements on tennis video syntax. Section 3 gives an overview
of the system and briefly describes the audio-visual features
exploited. Section 4 introduces the structure analysis mech-
anism. Experimental results are presented and discussed in
section 5.

2. TENNIS SYNTAX

Sport video production is characterized by the use of a lim-
ited number of cameras at almost fixed positions. The dif-
ferent types of views present in a tennis video can be di-
vided into four principal classes: global, medium, close-up,
and audience. In a tennis video production, global views
contain much of the pertinent information. The remaining
information relies on the presence or the absence of non
global views but is independent of the type of these views.

Considering a given instant, the point of view giving the
most relevant information is selected by the producer, and
broadcast. Therefore sports are composed of a restricted
number of typical scenes producing a repetitive pattern. For
example, during a rally in a tennis video, the content pro-
vided by the camera filming the whole court is selected
(global view). After the end of the rally, the player who
has just carried out an action of interest is captured with a
close-up. As close-up views never appear during a rally but
right after or before it, global views are generally significant
of a rally. Another example consists in replays that are noti-
fied to the viewers by inserting special transitions. Because
of the presence of typical scenes and the finite number of
views, the tennis video has a predictable temporal syntax.
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Fig. 2. Structure analysis system overview

We identify here four typical pattern in tennis videos,
called tennis units, that are: missed first serve, rally, replay,
and break. A break is characterized by an important suc-
cession of scenes unrelated to games, such as commercials
or close-ups. It appears when players change ends, gener-
ally every two games. We also take advantage of the well-
defined and strong structure of tennis broadcast to break it
down into sets, games and points.

3. SYSTEM OVERVIEW

In this section, we give an overview of the system (Figure 2)
and briefly describe the extraction of visual features. First,
the video stream is automatically segmented into shots by
detecting cuts and dissolve transitions [16]. For each shot,
shot features are computed and one keyframe is extracted
from the beginning of the shot along with its image fea-
tures. The segmented video results in an observation se-
quence which is parsed by a HMM process.

3.1. Visual Features

The features we currently use are shot length, a visual simi-
larity based on dominant colors desciptor, and relative player
position.

Shot length l: the shot length is given by the shot seg-
mentation process. It is the number of frames within the
shot.

Visual similarity v: we used visual features to identify
the global views within all the extracted keyframes. The
process can be divided into two steps. First, a keyframe
Kref representative of a global view is selected automati-
cally without making any assumption about the playing area
color. Our approach tries to avoid the use of predefined field
color as the game field color can largely vary from one video
to another. Once Kref has been found, each keyframe Kt

is characterized by a similarity distance to Kref. The visual
similarity measure v(Kt, Kref) is defined as a weighted func-
tion of the spatial coherency, the distance function between
the dominant color vectors, and the activity (average camera
motion during a shot):

v(Kt, Kref ) = (1)

w1 |Ct − Cref | + w1 d(Ft, Fref ) + w3 |At − Aref |

where w1, w2, and w3 are the weights.
Player position d: the player position is given by the

gravity center of a raw segmentation of the player (also
named blob). As it is a time-consuming process, this fea-
ture extraction is only performed on potential global view
keyframes. It uses domain-knowledge on the tennis court
model and associated potential player positions. Only the
player on the bottom of the court is considered to ensure
a more reliable detection. The blob corresponding to this
player is given by an image filtering and segmentation pro-
cess based on dominant colors. Tennis court lines are also
detected by a Hough-transform and the half-court line, i.e.
the line separating the left and right halves of the court, is
identified. The distance d between the detected blob and the
half-court line is computed. If the extraction process fails,
this feature is not taken into account for the considered shot.

3.2. Audio Features

As mentioned previously, the video stream is segmented
into a sequence of shots. Since shot boundaries are more
suitable for a structure analysis based on production rules
than boundaries extracted from the soundtrack, the shot is
considered as the base entity, and features describing the
audio content for each shot are used to provide additional
information.

For each shot, a binary vector at describing which audio
events, among speech, applause, ball hits, noise and music,
are present in the shot is extracted from an automatic seg-
mentation of the audio stream.

The soundtrack is first segmented into spectrally homo-
geneous chunks. For each chunk, tests are performed inde-
pendently for each of the audio events considered in order
to determine which events are present. More details can
be found in [17]. Using this approach, the frame correct
classification rate obtained is 77.83% while the total frame
classification error rate is 34.41% due to insertions. The
confusion matrix shows that ball hits, speech and applause
are well classified while noise is often misclassified as ball
hits, probably due to the fact that ball hits is a mix of ball
hits and court noises. ball hits class is often inserted, and
music class is often deleted.

Finally, the shot audio vectors at are created by looking
out the audio events that occur within the shot boundary
according to the audio segmentation.

4. STRUCTURE ANALYSIS

We integrate a priori information by deriving syntactical
basic elements from the tennis video syntax. We define



Fig. 3. Content hierarchy of broadcast tennis video

four basic structural units: two of them are related to game
phases (missed first serves and rallies), the two others deal
with video segments where no play occurs (breaks and re-
plays). Each of these units is modelled by a HMM. The
HMMs rely on the temporal relationships between shots.

Each state of the HMMs models either a single shot or
a dissolve transition between shots. For a shot t, the ob-
servation ot consists of the similarity measure vt, the shot
duration lt, the audio description vector at, and the relative
player position dt, if it exists. The relative player position to
the half-court line is used as a cue to determine if the server
has changed or not. The probability of an observation ot to
be in state j at t is then given by:

bj(ot) = p(vt|j) p(lt|j) p(st|j) P [at|j] (2)

where the probability distributions p(vt|j), p(dt|j) and P [at|j]
are estimated by a learning step. p(vt|j) and p(dt|j) are
modelled by smoothed histograms, and P [at|j] is the prod-
uct over each sound class k of the discrete probability P [at(k)|j].
p(st|j) is the probability that the server changed given by:

p(st|j) =
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if state j corresponds
to a change of server

1 −
||dt|−|dp||

Norm
if state j doesn’t correspond
to a change of server

0, 5 if dt has not been extracted
whatever the state

where Norm is a normalization factor that is taken as the
half width of the court baseline, and dp is the previous ex-
isting distance extracted. In addition, for each state repre-
senting a global view, the player position at the left or right
side of the half-court line is considered.

Segmentation and classification of the whole observed
sequence into the different structural elements are performed
simultaneously using a Viterbi algorithm.

ŝ = arg max
s

ln p(s) +
∑

t

ln bst
(ot) (3)

To take into account the long-term structure of a ten-
nis game, the four HMMs are connected to a hierarchical
HMM, as represented in Figure 3. This higher level reflects
the structure of a tennis game in terms of sets, games, and
points. The search space can be described as a huge network
where the best state transition path has to be found. The
search is performed at different levels. Transition probabil-
ities between states of the hierarchical HMM result entirely
from a priori information, while transition probabilities for
the sub-HMMs result from a learning process.

Several comments about the hierarchical HMM are in
order. The point is the basic scoring unit. It corresponds
to a winner rally, that is to say almost all rallies except first
missed serves. A break happen at the end of at least ten
consecutive points. Boundaries detection between games,
and consequently game composition in terms of points, relie
essentially on the player position detection, which indicate
if the server has changed.

5. EXPERIMENTAL RESULTS

In this section, we describe the experimental results of the
audiovisual tennis video segmentation by HMMs. Experi-
mental data are composed of 8 videos, representing about 5
hours of manually labelled tennis video. The videos are dis-
tributed among 3 different tournaments, implying different
production styles and playing fields. 3 sequences are used
to train the HMM while the remaining part is reserved for
the tests. One tournament is completely exluded from the
training set.

Several experiments are conducted using visual features
only, audio features only and the combined audiovisual ap-
proach. The segmentation results are compared with the
manually annotated ground truth. Classification rates of
typical tennis scenes are given in Table 1.

Considering visual features only, the main source of mis-
match is when a rally is identified as a missed first serve. In
this case the similarity measure is well computed but the
player detection or the analysis of the interleaving of shots
failed. Replay detection relies essentially on dissolve tran-
sition detection. Our dissolve detection algorithm gives a
lot of false detections, that leads to a small precision rate
(48%). We check that correcting the temporal segmentation
improve the replay detection rates up to 100%.

Using only audio features, the precision and recall rates
for rallies and first missed serve suggests that audio features
are effective to describe rally scenes. Indeed, a rally is es-
sentially characterized by the presence of ball hits sounds
and applause which happen at the end of the exchange,



although a missed first serve is only characterized by the
presence of ball hits. On the contrary, replays are not char-
acterized by a representative audio content, and almost all
replays are missed. The correct detections are more due to
the characteristic shot durations of dissolve transitions that
are very short. For the same reasons, replay shots can also
be confused with commercials that are non-global views of
short duration. Break is the only state characterized by the
presence of music. That means music is a relevant event for
break detection and particularly for commercials.

Fusing the audio and visual cues enhanced the perfor-
mance, when audio features are good. Comparing with re-
sults using visual features only, there are two significant im-
provements: the recall and precision rates for rallies, and
missed first serve. Introducing audio cues increases the cor-
rect detection rate thanks to ball hit sounds and applause.

Recovering the global structure is more interesting to
reach a higher-level in the structure analysis (see Table 2).
The point boundaries detection is highly correlated with the
correct detection of typical tennis scenes. However, the
change of server detection is of high relevance for the struc-
ture parsing process. Without any information about the
end of a game, the Viterbi process falls in local minima
when searching the best state transition path, because of the
equiprobable transitions between games. The game bound-
aries detection is then very sensitive to the player extraction,
and requires this process to be robust. All misplaced game
boundaries are due to errors or ambiguities in player posi-
tion. Another way to deal with this problem should be to
analyze the score displays on superimposed captions.

Hierarchical segmentation accuracy
Point boundaries 93%
Game boundaries 72%

Table 2. Hierarchical structure identification

6. CONCLUSION

In this paper, we presented a system based on HMMs that
uses simultaneously visual and audio cues for tennis video
structure parsing. Tennis structure is modelled by an HMM
that integrates a priori information about tennis content and
editing rules. The tennis video is simultaneously classi-
fied and segmented into typical scene, and each segment
is matched to one level of abstraction in the hierarchy that
describes the structure in term of point, game, and set. The
structure parsing allows the building of a ”table-of-contents”
for efficient browsing and summarization.

The multimodal integration strategy proposed is inter-
mediate between a coarse low-level fusion and a late de-
cision fusion. The audio features describe which classes,

among speech, applause, ball hits, noise and music, are
present in the shot. The video features correspond to vi-
sual similarity between the shot keyframe and a global view
model, and the shot duration.

The results have been validated on a large and various
database. They show an encouraging improvement in clas-
sification when both audio and visual cues are combined.
However, the automatic audio segmentation has to be im-
proved since the errors from the classification spread over
the further structuration process. Another solution to avoid
this problem is to extend this fusion scheme so that no par-
tial decisions (such as presence or absence of an audio class)
is taken before the fusion stage.
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