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Semantic analysis Recently, the Bayesian network has been appliedeomastic analysis for
High-definition Soccer video soccer video games. Although existing works areitie to yield adequate
MPEG-2 results, they lack of scalability and robustnesssMof these works are
Shot mainly to extract features in pixel-domain by usihgage processing

methods. However, their systems are limited to ldwfinition video games
as a direct consequence of slow computing speed. jidper introduces a
flexible and scalable scheme to structure Highridin soccer videos by
using the parameters embedded in MPEG codec, ardldime highlight

scene detection system with Bayesian networks.

Bayesiannetwork (BN)
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1. INTRODUCTION

Sports videos have been broadcasted to large aadidor their daily life entertainment. A flexitdad
scalable way to manage the sports video is demaridednstance, automatic and real time sports wide
summarization. Obviously, the main gap between Ilpvel media features and high-level concepts nézds
be bridged.

There exist a number of related works in this redeareaRelated works mainly lie in sports video
analysis including soccer and various other gamwed,general video segmentation. For soccer vigeas,
works have focused on shot classification [2], videconstruction [4] and rule-based semantic diaasion
[5]. Some other methods based on Bayesian networks (B6ls) have been also applied for semantic
analysis. In [7], Suret al. used BNs for scoring event detection in soccerosdeased on six different low-
level features including gate, face, audio, texturaption and text. Shikt al. [8] developed so-called
multilevel semantic network (MSN) to interpret thigghlights in baseball game video. Another highligh
detection method [9] exploits visual cues estimditeth video streams, the currently framed playefizbne,
player’s positions, and the colors of players’ amifis. [10] proposed an effective algorithm for socc
videos, which detects the plays and breaks in sg@mmes by motion and color features.

In this paper, we present new algorithms for soaddeo structure analysis. By our structure, we are
primarily concerned with a temporal sequence of lifgh-level concepts, namely three kinds of events:
replay scene, goal scemaedevent scendn themiddle-levellayer, seven kinds of meaningful content shots
are classifiedln thelow-levellayer, some effective features are arranged. Gaveideo in specific domain,
we aim to extract théow-level features and interpret the input video in termsigh-levelconcepts Our
final goal is to extract and present the meaningfuhformation for viewers.

As shown in Figure 1, our system consists of twmgonents; the training stage and the testing stage.
the training stage, to aim at video structure asigJythe shot change detection was carried out,tlaewl
seven kinds of shots are classified by extractongesfeatures embedded in MPEG video codec. Atahees
time, three kinds of scenes are definegplay scenggoal sceneand event sceneOur method exposes
hierarchical structure of soccer videos, and soeitkyo was abstracted into three levels, from héyel to
low-level: theScene layerthe Shot layerand theEvidence layerMain gaps between low-level features and
high-level concepts are bridged by BNs.
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Figure 1. System flowchart

Based on the posteriori probabilities of all thenaepts, given that some evidences detected out; a
particular highlight scene can be estimated. Giveideo in MPEG-2[13] domain, we aim to extracting the
low-level features and interpret the input videaeémnms of high-level concept. This approach isimdisive
from existing works, most of which focus on the ed¢ibn features in pixel domain by purely image
processing method and inaccurate boundary of @etesstenes. The advantages of adapting MPEG-2 codec
data and parsing structures separately from eveteiction are as follows; (1) by extracting and ngamg
needed data from MPEG codec directly, computingetisr decreased when extracting features for each
frame, and thus, our scheme provides a real-tingd lainalysis speed for high-definition (1440x1080
resolution) soccer video , and (2) specific shatssification is carried out after accurate shotngea
detection, which is powerful for the semantic asayf highlight scene.

2. BAYESIAN NETWORK

Bayesian probability theory is a powerful tool foonstructing models of phenomena involving
uncertainty. Probabilities express degrees of fidditg or likelihood on a scale ranging from certgy
through impossibility.

A Bayesian network [11]for variables Z is a pair@, where G is a directed acyclic graph (DAG) over
variables Z, called the network structure, @hds a set of CPTs(Conditional Probability Tablem)e for
each variable in Z, called the network parametéidma Given a directed graph (V, E), whose nodes V
represent the random variable X=;{x;....xy} and edges E represent the conditional independent
probabilities between the nodes.

To complete BNs for our soccer video program, wednéo define two sets of parameters: (1)
Observation probabilit? (v, | that specifies dependency of observation nodesrdety to other nodes in
the same staténitial probability P &), that brings the priori probability distribution the beginning of the
process.

In section 3, shot change detection is discussedvideo structure, and further on for BNs
constructions. In section 4, we introduce our frgjnmethod to build the BNs for each kind of highili
scene.

3. VIDEO STRUCTURE

To realize highlight scene detection in soccer gantiee precise boundary of one scene should be
identified in advance. Also, shot change detedahe basic step for high-level concept recognijtguch as
goal detection. Last, the Shot change detectitimisundamental task in content-based analysisrateking
of videos, as it helps us to provide a hierarchétalcture of video and enables the extraction eammgful
highlights from such a structure. Under the preahet change detection and shot classificationeoid
structure can be precisely classified into thrgers:Scene layer, Shot layandEvidence layer
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3.1. Shot change detection

In general; shot change is defined to be an imagéeat change between two consecutive frames. We
apply standard GOP (Group Of Picture) structurefb3pur research. One GOP consists of three kifds o
frame types: | frame, B frame and P frame. The oofiframe types in a standard GOP is as follov& 8 P
B BPBBPBBP B B. Moreover, MB (Macro BlockHtan be divided into four types; Intra predictidn
mode) MB, Forward prediction (F mode) MB, Backwastkdiction (B mode) MB, and Bidirectional
prediction (Bl mode) MB. These prediction methods explained in [13]. For the sake of high compmtin
speed of further video structure, MBT method [3piapted for shot change detection in our papee. Th
proportion of each MB type in one frame is diffdreghat has relationships with shot changes.

B B I Bi+1 P

Bi
ttrr
(@ (d) (b) (e)(c)
Figure 2. Shot change position

3.1.1. Patter ns of Macro-block (MB) typesin abrupt transition

In this paper, we classify abrupt transition ineefsituations (shown in Figure 2), and take MBetyp
information in two consecutive B framesi(Bi+1) into consideration. We mainly focus on abruphsitions
detections. Five types of abrupt transition aregifeed as: (a) scene change occurs befofeaBe, (b) scene
change occurs between Bi andBframe, (¢) scene change occurs aften Bame, (d) scene change occurs
at Bi frame and (e) scene change occurs-atfBame.

3.1.2. Processing method

Due to abrupt transition happening in each kindposition discussed above, the MB prediction
directions are varied. Therefore, the MB types a@meir proportions in two consecutive B frames are
different. Our processing method for detection pbtransition is as follows:

First, considering condition of macro-block typeR frame or B frame, we classify the frames into
seven types, labeled from 0 to 6 (as shown in T3blEhen, according to patterns of MB types in gbru
transitions, we obtain a conclusion. For two consige B frames (B Bi+1), if the frame types of them
belong to a certain type, a shot change occurs.

Table 1. Decision rules of frat

Frametype Conditions
0 Number of (B mode +I
Number of F mode)MB <450
1 mode MB is | 450<Number of (B mode +I
the largest in mode)MB<1150
5 frame 1150<Number of (B mode I
mode)MB
3 Number of (F mode +I
Number of B mode)MB<450
4 mode MB is | 450<Number of (F mode +I
the largest in mode)MB<1150
5 frame Number of (F mode +I
mode)MB>1150
6 Number of | mode MB is the largest in B|
frame

3.2. Main features extraction

Most of the semantic analysis methods rely on tivelevel evidence in the scene. Here, we briefly
describe the methods to identify the probabilitytef existence of the low-level evidence includli§g8 size
prediction MB Field line slope and Score board. The feature etitna process provides low-level evidences
based on different media components of soccer gatle®s. These low-level evidences are essentiahfor
BN. Here some main features extracting are intredws follows:

A. 16*8 size M acr o-block

To avoid the time-consuming overhead of image msiog frame-by-frame, MPEG-2 codec data was
used directly for Up/Long shots localization. In B® video codec, a practical and widely-used metbfod
motion compensation is to compensate for the mowemikrectangular sections or ‘blocks’ of the cuire
frame. In MPEG-2 video compression standards, 6t8NIBs frequently occur especially when the camera
view close up to a player and an active motion ncEigure 2 shows the 16*8 size MB occursLiong
Shofthe left) andUp Shofthe right), labeled red block is 16*8 size MBs. 3 clearly see that, in the right

Copyright © 2013 ISICO



486 |Software Engineering and Design Track

picture, large number of 16*8 size MBs occur beeanfsthe sharp movement of players. On the othedha
only a few 16*8 size MBs appear liong Shot(shown in the left picture of Figure 3) because ttotion in
Long Shotis almost by the camerawork movement. By using8léize MBs embedded in MPEG-2 coded,
Up/Long shotcan be detected rapidly from HD video without aimgage processing approach.

-

Figure 5.Extracted field-line

Figure 3.The 16*8 MB in Figure 4.Extracted touch-line
Up/Long shot and half-way line

B. Field Line Slope

The appearance of field lines in a Long shot view be used to indicate the occurrence of the goal
gate. In other words, the appearance of gate aidllfnes is highly co-related. The gate is visibleen the
players appear close to or within one of the pgriadtxes. This information of parallel lines indicet the
penalty box is very useful fagate detection. The information of the field liree more reliable than the
information of the gate post from the video scesiece the gate post detection may fail due to thtered
background pixels.

From the | frame the luminance (Y) of ground anel lihe, chrominance (Cb, Cr) and AC component
(AC qt) of the luminance (Y) are calculated to agtrthe MB of the field line by setting the threlsho

65< Y<235 and 98Cb<129
and 105Cr<130 and 4ACqt<20

For Long Shot, in most situation, a camera is shgdtom the stand area. As a result, the touch-tin
half-way line which are only in vertical directig®hown in Figure4). On the other hand, the Goad tin
Penalty line appears in the scene when the carmmestaobting the corner or near the goal area. Duhiage
situations discussed above, these lines are aihrécal or oblique. By means of a method propdsdd?],
binary images are transformed directly from the MBPEcompressed images, and then field line is eteda
by using the Hough transform. See Figure5 showsitiery image and detected field line.

By extracting the field line of the ground, thepocan be computed. During one shot, the slopkeof t
field line in the first GOP and Last 3 GOP are usedlassify the Long shot into five kinds: Firsb& Long
shot, Last Goal Long shot, First and Last Goal lorghot and Center long shot.

Figure 6. Score board disappeared during Replay

Scene
e

Figure 8.Extracted ground region
C. Score Board

In broadcast sports videos, a superimposed scartheaised to display game status such as team
names, score etc. to increase the audiences’ uaddisg of the game progression. During soccer gathe
time or the score board always appears, but thegpgear during a Replay scene (shown in Figure6).
Therefore, by detecting the score board locaticoh the duration of its disappearing time, it is plolesto
contribute the detection of Replay scene.

Our method utilizes the DCT coefficients and MotMector extracted from MPEG-2 codec. The area
in one frame with non-motion vector and the absohalue of DCT coefficients which added up over a
thresholds, which is recognized as candidate dooaed area. Then, the score board candidate atehewi
landed to the candidate list when the situatiorabetve is satisfied over several consecutive frafieslly,
the candidate list is labeled with color as detsigore board area (shown in Figure 7).

D. Average Ground Color MB number

For extracting the ground region, some featurecarsidered by extracting the code data from MPEG-
2, the DC component of chrominance (Cb, Cr) andcd@ponent of Cr are utilized. By setting a proper
color thresholds, the ground area can be extraotedwhich includes some ground color MB defined
(Shows in Figure 8, the white blocks are the grocwidr MB).
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In the Up Shot, especially when camera shootsdatidience, the camera work motion is very small.
As a result, the 16*8 MB information as the onlgtigre to detect the Up shot here is always invéitdhis
time, average ground color MB number can be utllizedetect this kind of Up shot.

3.3. Shot Classification

After the shot change detection, some key feataresrranged for shot classification as follows:

CO0:The average ground color MB number in one shot.

C1: The average field line slope in | frames offir& one GOP in one shot.

C2: The average field line slope in | frames ofldst three GOPs in one shot.

C3: The average field line slope in | frames offing and last three GOPs in one shot.

C4: The count of shot changes in a shot withoutesboard.

C5: The average macro block number of ground aréaames of the last three GOPs in one shot.
C6: The duration of one shot.

C7: The average 16*8 size MB number in one shot.

C8: Non-score board.

Based on the shot change detection and main fasa¢xteaction, seven kinds of shot are classifigy: (
Center Shot, (2) Up Shot, (3) Non-Score Board St#)tFirst Goal Long shot, (5) Last Goal Long sH69,
First and Last Goal long shot and (7) Event shot.

To realize highlight detections in soccer gamegh#ével semantic information embedded in the video
is needed. Therefore, three kinds of semantic fagee defined as follows: High-level layer: GoakSe,
Replay Scene and Event Scene. Middle-level layent& Shot, Up Shot, Non-Score Board Shi#Bshot),
First Goal Long shotHGL shot), Last Goal Long shoLGL shot), First and Last Goal long shé&lGL
shot).Low-level layer: Average 16*8MB number, AvgeaGround MB number, Field line slope, Score board
information, GOP number in one shot, etc.

4. SEMANTIC ANALYSISUSING BN
4.1. Training
A training can be categorized into two kinds: thalgative (structural) training and the quantitati

(parameter) training. The qualitative training cems the network structure of the model and thentpadive
training determines the specific conditional pralitds.

(1) The gualitative training: Previous shot chadggection and shot classification were preparedHter
structure training. One kind of highlight scene@nsists of two or three kinds of consecutive slisi®wn
in Figure 9 (a)). These shot patterns were obseirvehis step, for example, the shot patte+» 3 (two
consecutive shots, the former number is shot tyghelatter is shot type 3)were observed for the Replay
Scene. Each kind of shots has certain main featdies example, the shot type 2 (Up shot) boasts the
features: C7 and CO. The shot type 3 (Non-Score Board Shogl&ed to the features: C4and C8.

(2)The quantitative training: In the quantitativaining, some dependence between the nodes and the
occurrence possibility of each node in the netwaeilkbe calculated. The training procedure can héded
into two steps as follows:

Stepl: In this step, we compute all the conditiqrababilities between high-level nodes and middle-
level. If the joint appearances of two nodes happémgle appearance of the high-level node shoeld b
counted. For example, the conditional probabilifyUp Shot, given the Replay Scene happen, can be
calculated:

P(Up Shot =True | Replay Scene =True)
=P(Replay Scene=True ,Up Shot=True)/P(Replay Ss&nge).
Step2: In this step, the condition probability bEtexisting link between the features and shots lval
calculated. It is carried for each pair betweenriddle-level and low-level nodes. If joint appeares of
two nodes happen, the single appearance of theledielkl node should be counted. For example, the
conditional probability of feature C7, given the UBhot happen, can be calculated as:
P(C7=True | Up Shot =True)
= P(Up Shot =True , C7 =True)/ P(Up Shot =True).
In the training step, we have used 16 hours offeardings of soccer videos for training. Trainiigeo
data is used to construct DAGs and compute priobatuilities of each highlight scene BN. Some kioéls
BNs for each highlight scene are shown in Figure 9.
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(a) Replay scene: (b) Goal scene:

Replay Scen
(A)
T o SENED
(B) Shot(D) : /
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(c) Event scene 1: Event scene 2 Event scene 3

5T 5B someh coboE

Figure 9. BNs for each highlight scene

4.2, Computing posterior probanility

The inference can be performed using various alyos such as expectation maximization, variational
algorithms [11], belief propagation, Markov ChairoMe Carlo, particle filter, etc. In this paper, have
customized the application for soccer video segeerand used Variable Elimination algorithm [11] for
inference. We present here one of the simplestanf® algorithms for answering these types of gseri
which is based on the principle of variable eliniima. Our goal here is restricted to computing the
probability marginal distributions under the asstiolp that some evidences are given in advanced.
4.2.1. Factors

Before we discuss the method of variable elimimaiio our BN, we first need to discuss its central
component: a factor.

A factor fis a function over a set of variables, mapping eaxdtantiation x of these variables X to
a non-negative number, denoféd) [11]. For example, in Fig.9 (a),

f(A)=P(A),
f(A,B,D)= P(BJA)P(DJ|A)P(A).

Most of the computations we perform on factors stiért with factors that represent conditional
probabilities and end up with factors that représesrginal probabilities.
4.2.2. Elimination asa basisfor inference

The Variable Elimination algorithm provides pseucdode for computing the marginal over some
variables Q in a Bayesian network based on theique\elimination method. The algorithm takes asitrg
Bayesian network N, variables Q, some instantiatierand an elimination orderover remaining variables,
herexn(1) is the first variable in the ordet(2) is the second variable, and so on. The algoriterates over
each variable(i) in the order, identifying all factors that contain variable(i), multiplying them to yield

factor f, summing out variabbg(i) from f, and finally replacing factors by fac@m_)f . When all variables in

5@

the orderr are eliminated, we end up with a set of factorsrosariables Q. Multiplying these factors gives
the answer to our query, that is the joint margiPglQ, €).The method of variable elimination[11hdae
extended to compute joint marginal if we start Byaing out those rows in the joint probability distition
that are inconsistent with instantiations e.

Table2. Result of detect shot change

Video | CC CDC | ADC | Recall | Precision
Videol | 427 411 445 96.3% 92.4%
Video2 | 300 | 294 | 306 98.0% 96.1%
Video3 | 676 602 620 89.1% 97.1%
0
0

Video4 | 208 | 182 | 206 87.5% 88.3%
Sum 1611| 1489 1577 924 94.4%

Copyright © 2013 ISICO



Software Engineering and Design Track4B¢

Table3. Results of Event Scene detection
Video | CS | CDS | ADS | NDS | FDS | Recall | Precision
Videol| 89 67 81 22 14 75.2% 82.79
Video2 | 57 45 48 12 3 78.9% 93.89
0
0

Video3 | 120| 78 84 42 6 65.09 92.99
Video4 | 42 29 31 13 3 69.09 93.59
Sum 308] 219| 244 89 2 71106  89.8%

5. RESULTSAND ANALYSIS

In the training phase, 5 video games (450min) aexlio generate our BNs for each kind of highlight
scene. In the testing experiments, we have testesl620 min video sequences from four soccer progr
The proposed algorithm is evaluated by using 4 MPESaccer videos. The video resolution is 1440x1080
resolution and played back in 29.97 frames per rmbkcoFor each detection evaluation,
(1) Shot change detection accuracy

Two metrics are defined to describe the detedimuracy; the recall and precision. The recal
defined to be the ratio of the number of corret¢édigons and missed detections, and the precisidefined
to be the ratio of the number of correct detectiorisoth correct detection to both correct detectind false
detection. That is, the Recall and the Precisiengaren by:

Precisi —CDC 100 E QJJ—CDC 100
EElEan—HDCTX g ecall= oC = Ua

Here, CDC denotes the number of correct detec@@denotes the number of existing shot changes,
and ADC denotes the number of all detection.

The Table 2 shows that it is suitable to use MRBetiygormation to detect shot change, which is bienef
for the shot classification and video structuretfer head, and strongly contribute to our BN cartiion.

Table4. Result of Goal Scene detection Table5.Results of Replay Scene detection

S| FDS] Recall|Precision | Video | CS | CDS |ADS|NDS]|FDS|RecallPrecisiof
75.0% 75.0% Videol| 32 29 32 3 3| 90.6%90.6%
100% 1009% Video2 38 35 36 3 1| 92.1%97.2%
100.0%66.7% Video3| 34 30 30 4 0| 88.2%100%
75.0% 100.0% Video4 | 43 39 43 4 41 91.0%91.0%
83.3% 83.3% Sum 147 133 141 14 3 90.1%4.3%

Video | CS|CDS|ADS |N
Videol] 4 | 3 4
Video2| 2 2 2
Video3 2 2 3
Video4] 4 | 3 3
Sum | 12| 10 | 12

(2) Scene detection accuracy

Some other metrics are defined to describe theesdetection accuracy. They are Correct Scene,
Correct Detected Scene, All Detected Scene, No¢dded Scene, and False Detected Scene. For sityplici
we denote CS the number of already known sceneS, t8® number of all correct detection, and ADShas t
number of all detection, NDS the number of misgdin and FDS the number of false detection. Taple
and 5 show the result of recall and precision feerE Scene, Goal Scene detection and Replay Scene.

The performances of scene annotation are showmaldeT3, 4 and 5. We observed a high 90.1% recall
and 94.3% precision for Replay Scene (shown in&&blin Table 3, we observed 71.1% recall and 89.8%
precision for Event Scene. For Goal Scenes, werebdeaverage 83.3% and 83.3% recall and precision,
respectively. The performance of goal scene issndtigh due to the limit training samples of gaadre in
the whole training data, and the BN of goal scénmikl be modified further in our future work.

N [o|lo[—|O

N|O|FR|O|F

6. CONCLUSION

In this paper, we have presented a highlight saection system based on structured video and
Bayesian networks. The proposed framework analymetow-level features mainly extracted from MPEG-2
codec video directly and high-level semantic cot&ePur results demonstrate that the video stredtur
scheme, especially the shot change detection and sleots classifications we proposed, is verypfigland
meaningful to BNs construction and semantic anslysileanwhile, by extracting the main features
embedded in MPEG-2 codec without complex imagegssing, the computing time is decreased, so that ou
system has the capability to analysis high-debnitj1440x1080 resolution) soccer videos in reagtim
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