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ABSTRACT

This paper explores a psychological attention approach for
sports highlight detection. A multiresolution autoregressive
algorithm is proposed to fuse misaligned audio-visual time
sequences and estimate an unified attention curve. Game
highlights are found by ranking attention intensity, content-
based events are filtered out by allocating local attention
peaks. The test bed includes six complete football games
from World Cup 2002, 2006 and Champion League 2006,
and two content suppliers, BBC and ITV. Two evaluations are
presented, the comparison on average attention and event at-
tention, and the ranking of goal events. Experiments show
this fusion framework is robust on different data collections.

1. INTRODUCTION

As a combination of audio-visual stimulus, video conveys
various emotion stories, i.e. happy and sad. Affective
analysis deals with these affect aspects and helps the
content mining in the domain of sports videos and story
films. Endowing a system with the capability of affective
understanding has introduced many interesting applications,
e.g. comedy and action film discrimination [19], sports
structure analysis [6], event detection [11], sports highlight
detection [15] [3], and audio emotion indexing [16]. The
advantage of affective approaches comes from psychological
observations. In the neural situation, people’s feeling is
mostly similar against a given stimulus [12]. A large set
of affective features have been discovered in the literature
of computing psychology and classified by their qualitative
effects (Table 1). Moreover, interesting video contents
always attract attention and incur strong emotion variation.
To some extent, video highlights co-occurs with attention
peaks at a high probability [3] [4]. Affective analysis offers
a reliable generic highlight identification method, while
concerning few content details.

Current works in the literature of affective analysis
focus on the projection from modality features into psycho-
logical spaces. Ma et al. [10] isolated feature influences
on perception by a series of independent feature-attention
models, i.e. motion attention model, static attention model,
and audio salient model. These feature-based attention
curves are linearly combined to calculate the intensity of
so-called “viewer attention” in generic videos. But the
isolation of feature modalities makes the later fusion fragile.
Hanjalic et al. [3] selected a small feature set, including
block motion vector, shot cut density and audio energy. They
assume the possibility of highlights by counting the peak
number of feature-attention curves in a floating window.
This fusion method relies on the signal noise ratio (SNR).
An 1-minute low-pass Kaiser window filter is used to smooth

feature-attention (emotion) curves. Later, an adaptive filter
is proposed in [4] to enhance curve peaks. However, many
questions still remain. These approaches focus on the filter-
ing of attention signals from background noise, but discard
the nature of modalities and the content of videos. The
duration of content events vary with modality. For example,
an excited shout of “goal” in a football game will cost
several minutes of video to iterate the same content. A single
temporal resolution over all modalities can hardly afford this
difference. Moreover, the video content is usually regarded
as a Markov process on graph. But the local maximum
detection is just an application of the second order Markov
chain. There is a complexity gap. Nevertheless, though
feature affective models are supported by psychological
observations, how to combine multiple affective models is
unsure in psychology till now. Decision from different affec-
tive models may conflict with each other, but human cannot
be in two affective states, i.e. sad and happy, at the same time.

In this paper, we present an optimised algorithm for
misaligned affective feature fusion in the application of
sports video highlight detection. A multiresolution autore-
gressive model(MAR) is proposed to combine and distribute
modality information from different modalities and multiple
resolutions. The MAR is equivalent to a Markov model on
graph [21]. Then affective features are ranked according
to their standard deviations, in which the top 3 are com-
bined to assume the overall attention. The rest of paper is
organised as follows. Section 2 introduces some background
knowledge in psychology and the computing of affective
features. Section 3 is devoted to the MAR fusion model. The
experiment results and conclusion will be found in Section 4
and Section 5, respectively.

2. ATTENTION COMPUTING

Attention is a fundamental concept in psychology, which has
been studied from the dawn of modern psychology. Attention
is regarded as the gateway for cognition processes, such as
decision making, memory and emotion. A widely accepted
hypothesis is that the sum of attention keeps constant. The
perception is to distribute attention onto different stimulus
and the ratio of attention reflects the observer’s interest or re-
action intensity towards stimulus. In [8], a set of differential
attention-interest equations is developed to describe the rela-
tionship among interest, attention, and human activity before
stimulus in an unknown environment. It is possible to find a
solution to attention intensity in a given context. Generally,
attention is proportional to the strength of stimulus or the
amount of pan-out information as far as information theory
concerns. In sports videos, attention is roughly proportional
to the interest of contents, where the stimulus comes from.
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Table 1: Director-based Attention Feature, + stands for the
positive qualitative relation between feature and attention,
while — is for negative and * for unsure. If the feature in-
duces increase of attention intensity, it will be defined as pos-
itive feature, and the negative otherwise. If the feature can
bring both positive and negative affection in different con-
texts, it will be titled as qualitative unsure.

2.1 Attention and Markov

The video content is a Markov process. If we regard game
events as states, the content process is an experience of state
transitions, in which game contents have changed from the
state it was in the moment before. The sports video is a
record of this Markov; the audio and visual stream are obser-
vation sequences from different sensors. The extracted tem-
poral sequence of modality attention is a discrete temporal
sequence with Markov character. However, though the game
content is a Markov, the semantic uncertainty and the con-
text complexity decide that the content process can hardly be
described by any Markov model with given states. There is
a trade-off between the number of Markov states and model
generality. More states will increase detection precision at
the cost of model extensibility. Considering artefacts in video
production, a Markov model with too many states will be
fragile. Additionally, traditional Markov Chain Monte Carlo
(MCMC) techniques will be troubled by the strong tempo-
ral correlation among hidden states in sports videos. Nev-

ertheless, audio and visual sensors are with different reso-
lution and sampling rate. Multiple resolution and asynchro-
nism are essential aspects of the content-based audio-visual
fusion process. For example, audio is a generally brief me-
dia style; visual stream carries rich but sometimes helpless
details. A loud shout ”goal” from commentator costs several
minutes of visual data to reiterate the same story. All these
mismatches from resolution, date sampling and media align-
ments, hint that the multi-modality fusion has to be carried
out on a coarse temporal resolution. To some extent, audio
and visual stream are only synchronous on semantic events.
In short, Markov states in the audio and visual stream are
asynchronous in most cases except the semantic level.

2.2 Attention Features

Temporal variation, spatial contrast and stimuli strength, i.e.
pure red colour, are major facts attracting attention [9][17].
However, a sports video is not a plain stimulus-reaction ex-
periment, but a content understanding with plenty of domain
knowledge. The semantics of video object is an important
issue in the affection assumption. For example, the ball is
always a focus in football games [2] and the goalpost will
predict a possible shot event [5]. Their appearance attracts
great attention in the context of football games.

Six visual features are selected, including visual har-
mony, shot frequency, shot type, play field ratio, the mean
amplitude of motion vector, and uniform size. Visual
harmony is proposed for the measurement of static spatial
contrast. Given the block-based approach in commercial
encoder standards, i.e. MPEG-1(8 x 8 blocks), block mean
hue (Eq.1) and block hue covariance (Eq.2) for n x n image
block with the centre at (i, j),
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where C is the pixel colour. We use an 256-bin histogram
to count the block covariance distribution. Then the visual
harmony of a frame is,

N
Vh= argm}\a}xr;)(—Pnlog(Pn)) )

where P, is the portion of bin n over all histogram. The
visual harmony V' is the block covariance value at the
bin N. The uniform size is assumed by a FST detector
on pyramid [13]. In sports videos, most shot transitions
are of the cut type. Shot boundaries are identified by the
two-threshold algorithm in [18]. We classified visual shots
into four categories, field-away, close-up, replay and field
view by algorithms in [13]. The play field ratio is the play
field area over the whole image, which is detected by the
Gaussian mixed model of grass hue [13].

The audio in sports videos is mixed by comments and
noise from spectators. In [20], speech pitch and cross-zero-
ratio are used to detect excited commentators, while the



excitement of spectators is assumed by base band audio
energy [7]. The audio salient feature bag includes base band
energy, spectral centroid, spectral flux and octave energy.

2.3 Entropy Measurement

Instead of the widely accepted normalisation [3] [4] [19], we
propose an self information measure to estimate the inten-
sity of attention and alleviate the dependency on data collec-
tion. As far as cognition psychology concerns, attention is
the ability of information consuming. In a neutral situation
in which people keep neutral or feel interested or uninter-
ested in all active information sources, the pan-out speed of
message will decide the distribution of attention. This hy-
pothesis bring two helpful conclusions. First, it is intuitive
to introduce self-information (Eq.4), which is defined as the
amount of information that knowledge about a certain event,
adds to overall knowledge.

Entropy = —log,(P;) )

where P; is the appearance probability of a feature at the
given value i. The self-information can be robustly computed
by the histogram estimation of feature distribution. Second,
the unified attention state can be regard as,

Lustention = Xﬁ (5)

where A is the vector of attention ratio over modalities; E is
the modality contribution, which stands for the information
supplied by a given modality. This equation (Eq.5) hints a
Kalman filter like technique to estimate the unified attention
intensity with the temporal smooth constraint. However, A
is unknown in most cases of perception processes.

3. AUDIO-VISUAL FUSION MODEL

Multi-resolution autoregressive model(MAR) is a multi-
scale recursive linear dynamic model [1], which simulates a
random process by a serial of AR models on multiple scales.
It combines heterogeneous data in different spectral bands
and at different resolution following given criteria, such as
fractal smoothness. A general algorithm for MAR parameter
estimation is proposed in [21]. Here we specialise this
algorithm and extend a later feature ranking step to assume
the unified attention curve at different temporal resolutions.

Since the attention ratio distribution A is unknown,
the direct modality combination is unrealistic. However,
audio and visual stream are two independent observations on
the same message production process, i.e. a football video.
We can employ one media attention curve as a measurement
to the other. In another word, audio and visual attention
curves are independent but rough observations; a better
estimation can be drawn by a MAR tree. Denote the set
of resolution by R = {1,...,R}, with r = R being the finest
resolution. Since extracted visual salient features are of
different resolutions, for example, the shot frequency is
meaningless if the width of an observation window is less
than the shot length, we set the finest combination resolution
as 1.4 times of the longest shot duration. Additionally,
the window in experiments is about 50 sec, very close to
Hanjalic’s 1-minute window [3]. The node N at scale r is

= {1:2"} in the bitree. Let x(s) be the observation

vector of visual attention at a node s, y(s) for the audio, the
discrete-time process can be described by a linear stochastic
difference equation,

y(s) = %Hx(s) +v(s) 6)

We assume the contribution of visual salient features are of
the same importance. H is a vector of {1,...,1} and N is the
normalisation parameter. v(s) is a Gaussian noise on the tree.
For simplicity, we use the binary tree in the MAR model, the
projection from finer resolution to coarse resolution will be
x(s) = [0.5,0.5] x(s|s—) +w(s) @)

where x(s|s—) is the sub-tree under node (s), w(s) is the
Gaussian noise. The Rauch-Tung-Striebel (RTS) smoother
can produce the best estimation of this temporal process. The
three-step algorithm is presented in the following sections.
3.1 Fine-to-coarse Sweep

In the fine-to-coarse sweep, £(s|s) the optimal estimate of
x(s) at each node s, is computed by data in the sub-tree rooted
at node s, together with P(s|s), the error covariance in the
estimation.

3.1.1 Initialisation

Initialise at the finest resolution. For each finest scale leaf
node s, the estimation of £(s|s—) and the covariance P(s|s—)
from the sub-tree are

sls—=) = 0 8)
P(sls—) = P(s) )
3.1.2 Measure Updating

The measurement updating is identical to the analogous
equations in Kalman filter.

x(s]s) = x(s|s—) + K(s)v(s) (10)
where v(s) is the measurement innovations,
v(s) = y(s) — HE(s|s—) 11
which is zero-mean with covariance,

V(s) = HP(s|s—)H" (12)
and where the gain K(s) and the updated error covariance
P(s|s) are given by,

K(s) =
(sls) =
3.1.3 Sub-tree fusion

The second step is the fusion of estimates from immediate
children at node s. Specifically, let £(s|sq;) be the optimal
estimate at one of children sa; of node s and vy, the sub-
tree rooted at sa;, and P(s|sa;) for the corresponding error
covariance, the fusion step is,

P(s|s—)HTV1(s) (13)
[[—K(s)H]P(s|s—) (14)

i(sls—) = (s|sa;)x(s|sa;) (15)

Pil(s|s—) (s|sa;) — ;l(s)](16)
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3.1.4 Fine-to-Coarse Prediction

To estimate £(s|sa;) and the error covariance for each child
of s, an one-step prediction step is proposed similar with
Kalman filter.

X(s|sa;) F(sa;)X(sai|sa;) (17

P(s|sa;) = F(sa;)P(sa;|sa;)FT (sa;)+U(sa;) (18)
where

F(s) = P(sr)AT(s)P7(s) (19)

U(s) P.(s7) — F(s)A(s)P,(sF) (20)

3.2 Coarse-to-Fine Sweep

When the fine-to-coarse sweep reaches the root, the covari-
ance and estimation at all nodes are ready. Note that the fine-
to-coarse step experiences all possible time delay. If the tem-
poral resolution is coarse enough, attention from different
modalities, i.e. audio and visual, are synchronous, because
they observe the same content movement. In particular, the
coarse-to-fine step fuses a node s with the optimal smoothed
estimates and covariance at its parent s7.

£(s) = x(s]s)+J(s)[&(s7) — 2(s]s)] 1)
B(s) = P(s|s) +J(s)[P.(s7) — P(s7|5)] (22)

where
J(s) = P(s|s)FT (s)P~ ! (s7|s) (23)

3.3 Unified Attention Estimation

In the prior two steps, the knowledge from the audio stream
is distributed into visual attention sequences. If a salient fea-
ture element is coherent with the unified attention process,
the covariance of that feature will be small. At each node,
we rank all features according the value of their covariance
and estimate unified attention as a mean of top three visual
attention (Eq.24). The algorithm for highlight allocation is a
tree search process and is carried out at multi-scales.

Ai (S) = lI‘I,')Ci (S)

N (24)

where x;(s) is the visual attention vector at the resolution i. H
is a vector of {1,...,1} and N is the normalisation parameter.

4. EXPERIMENT

The experiment data set is selected from game collections
of FIFA World Cup 2002, World Cup 2006, and Champions
League 2006. Six games are included, three from World
Cup 2002, Brazil vs German(final), Brazil vs Turkey(semi
final), and German vs Korea(semi final); one from World
Cup 2006, Italy vs France(final); and two from Champions
League 2006, Arsenal vs Barcelona, and AC Milan vs
Barcelona. These videos are recorded from BBC and ITV in
MPEG-1 PAL format with the visual resolution at 352 x 288
while audio at 224kbit/s. To set up ground truth, we collect
game records from the FIFA official website to define the list
of content-based game events, while the highlight collection
comes from BBC Sports website and FIFA highlight videos.
Note that the temporal resolution of official game records is
of minute, and there is a start point misalignment between

broadcasting and real games. A 30 sec allowance is set
to match official records and experiment results. Each of
games are divided into halves, e.g. Brazil-German I for the
first half of the final game in World Cup 2002 and II for the
second half, to remove interview clips in the middle break.

We manually labelled all content-based events in the
second half of the final game in World Cup 2002, according
to the FIFA game record. Table 2 compares the difference
between event attention and average attention intensity under
multiple resolutions. Note that the maximum of average
event attention appears at the temporal resolution of 76 sec,
while the maximum of signal noise ratio at the resolution of
5 min(304sec). The fact shows that the observation window
with 5 min width is the best choice for event detection
and we should employ the 1min wide window for event
segmentation. It is interesting that the result meets some
facts in the statistics of game and video production: an
effective shot takes place about every 5 minutes and the
replay duration is about 1 minute.

Resolution 1.2 38 76 152 304 600
event mean* | 6.628 | 6.628 | 6.807 | 6.743 | 6.671 | 6.563
event mean | 6.832 | 6.874 | 7.522 | 7.271 | 7.113 | 7.110
average 4.020 | 3.974 | 4.122 | 3.532 | 3.432 | 3.342

Table 2: Attention intensity under different resolution in 2"
half in Brazil vs German, World Cup 2002(* without visual
feature rank)

The precision of goal detection is a popular evaluation
of highlight detection. Table 3 concludes the number of goal
events found in the top five of the attention list and their rank.
The average attention value of goal events is show in Table 4.

Goal Detected Rank
Number | Goal Events

Ger-Bra | 0 - -
Ger-Bra II 2 2 1,2,3,4,5*
Bra-Tur I 0 - -
Bra-Tur II 1 1 1,2%
Ger-Kor I 0 - -
Ger-Kor 11 1 1 1
Mil-Bar I 0 - -
Mil-Bar 11 1 1 2
Ars-Bar I 1 1 1
Ars-Bar 11 2 2 1,3

Ita-Fra I 2 2 1,2,4%*
Ita-Fra II 0 - -

Table 3: Performance of Goal Detection (*goal events are
replayed for several times)

5. CONCLUSION AND DISCUSSION

In the paper, we present an affective fusion algorithm for
sports highlight detection. The system offers an attention
credit as a prior for content-based game event filtering and
identification. Our major contribution is the introduction



Appearance | Mean Attention @ 1 min
Number Goal Events All
Ger-Bra II 5 8.827 4.122
Bra-Tur II 2 9.277 4.132
Ger-Kor 11 1 8.679 5.211
Mil-Bar II 1 9.506 4.270
Ars-Bar I 1 9.148 4783
Ars-Bar II 2 8.374 4.833
Ita-Fra I 2 8.970 5.409

Table 4: Goal and general contents attention

of the multi-resolution fusion algorithm, which solves the
problem of modality asynchronism and offers an estimation
of the best temporal resolution for multiple applications, e.g.
event segmentation. The performance of self-information
measurement is interesting. In experiments, the overall
information gain of different videos are similar, though
the gain distribution varies. This fact indicates a possible
statistics model for affect-content analysis in the domain of
sports videos. However, different from the popular normal-
isation operator[10][19], self-information sometimes offers
a high credit to the low intensity of stimulus. For example,
silent clips in audio come with a highlight self-information
value, because they are rare in videos, which is against the
psychobiological assumption on attention. But, in some
cases, this character is welcome, e.g. replay, when the
director will switch off audio input.

The regression of attention over content-based events
is a statistics pathway for event-based video analysis. It
discovers interesting clips and then guess their contents.
This approach is similar to the text retrieval, where document
information is concluded firstly from the statistics of text
terms and then from the content and semantics. Furthermore,
we will try to build an attention model for content-based
video analysis with more labelled data.
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