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ABSTRACT

A robust learning-based TV commercial detectionrapph is
proposed in this paper. Firstly a set of basiduies that
facilitate distinguishing commercials from genepabgram are
analyzed. Then, a series of context-based featwieish are
more effective for identifying commercials, are ided from
these basic features. Next, each shot is cladsaecommercial
or general program based on these features by -&rgimed
SVM classifier. And last, the detection result® durther
refined by scene grouping and some heuristic rutegeriments
on around 10-hour TV recordings of various gentesasthat
the proposed scheme is able to identify commeldadks with
relatively high detection accuracy.

1. INTRODUCTION

TV commercials have great influence upon our litlesugh

sometimes they are not liked by most of the audierithere are
many objectives for automatic TV commercial detatti For

example, companies who make advertisements on Tiérghy

charge other companies to verify that their TV carorals are
actually broadcasted as contracted. Some compamagsalso

want to automatically observe what their compeditare doing
[1]. Companies who design advertisements would fix do

research on all currently broadcasted commerciats tay to

accomplish more influential ones. On the consusige, one
may want to record TV programs using digital videoorder but
they may not want to record commercials. Howepeesently

we have to assign people to watch the TV prograntder to

achieve the above goals. It is desirable to tearthiis task to a
computer system, which is able to automatically ediet
commercials in the broadcasted TV signal.

Some efforts have been made for automatic TV comialer
detection. Previous approaches on this topic @alassified
into three categories. The first category is h#ésed methods,
which use a set of features and rules to distitgo@mmercials
from general programs (non-commercials) [1][2]. eT¥econd
category is logo-based algorithms, which identiomenercials
only by the existence of TV station logos [3][4The third one
is recognition-based methods, which can
known/registered commercials by video signaturgfs]1

However, for rule-based algorithms, a number oégholds
are required to be fine-tuned. The system mayednsitve to
some thresholds and thus difficult to find unifotimmesholds for
all kinds of programs. And, currently many TV gias do not
always hide the logos when broadcasting commercihlss
logo-based methods may fail in this case. Furtbegmpresent
TV station logos are becoming more and more compled

only detect

sometimes they are even semi-transparent and admatich

make it very difficult to be detected. For recogmitbased
schemes, we can only detect previously known agistered

commercials and thus we need a relatively largatdese to store
the signatures for all known commercials. For evesw

commercial, we are required to manually label it add its

signature into the database. These shortcomingg the

applications of these kinds of detecting methods.

Except for the above problems, previous researeles
mainly focused on detecting commercials from spddiads of
program, such as news or films [1]. The featuhey tselected
for representing commercials sometimes are notesttough,
since many of them vary with different TV statiomsdifferent
countries. It's difficult to find a uniform detésy system by
these features. Furthermore, many methods highbert on
black frames or monochrome frames, whether witbimmercial
block or at the boundaries of commercial blocks.owever,
black frames can be easily removed by TV statiamsi other
programs like movies may also contain many blaekngs. In
addition, audio features are not sufficiently agli in the above
three kinds of methods. Many methods do not us@dadtures
[11[3][4]1[5], while others only use a very few diem [2].

In this paper, we try to deal with the above issuedl
propose a robust learning-based TV commercial tetec
scheme. This scheme is different from the abovetiomed
three categories of methods. In the proposed aphrahe TV
video is firstly segmented into shots. Six basgual features
and five basic audio features are then extractech fihe shots.
Next a set of context-based features are derived these basic
features, which are more stable for identifying owercials. A
SVM classifier is then applied to classify each tslas a
commercial shot or a general program shot. Ant tasmake
our scheme more robust, a couple of post-procegsingedures
are employed to refine the classification resuisperimental
results show our scheme is quite robust and aectdioatmany
types of TV programs.

The paper is structured as follows. Section 2 thioes the
features we used. The learning-based detection nechis
described in Section 3. Experimental results andclesion
remarks are presented in Section 4 and Secticgspectively.

2. FEATURE ANALYSIS

Six basic visual features and five basic audiouiest are applied
in our scheme. However, these basic features doalmays

work well for distinguishing the characteristics @immercials
from those of programs. So a set of context-bdsatlires are
derived from them.



2.1 Basic Visual Features

Four of the six basic visual features are shotdésatures.
That is, we firstly segment the video into shotd #men extract
these four features from each shot. These fouurfest listed as
below, are based on the observation that typictily visual
content within commercial shots change much momdha
compared with typical program shots.

O Average of Edge Change Ratio (A-ECR)

O Variance of Edge Change Ratio (V-ECR)

O Average of Frame Difference (A-FD)

O Variance of Frame Difference (V-FD)
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Figure 2. Feature curves of another sample video.

2.2 Basic Audio Features

Audio information also provides useful informatitor TV
commercials detections. In the previous researotksy audio

Edge Change Ratio represents the amplitude of edgefeatures are not utilized sufficiently (only a fga called

changes between two consecutive frames [6], wisictefined as

in out
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m
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where g _is the number of edge pixels in framg x" and

m-1

xou are the number @nteringandexitingedge pixels in frame

m andm-1, respectively. A-ECR and V-ECR of shotare then
defined by
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whereF is the number of frames in the shot.
Frame Difference (FD) is defined by

— 1 & m m-1
m—EiZ(;‘Fi -F ()]

where P is the pixel number in one video frange? is the

FD

intensity value of pixel in framem. And A-FD and V-FD are
obtained as the same way as A-ECR and V-ECR.

The other two basic visual features are time-bésatlires.
One is Shot Frequency (SF), i.e., the number ofssher second;
the other is Black Frame Ratio (BFR), i.e., the hamof black

“silencé was applied). More audio features are adoptedun
implementation includinquudio breakand audio types These
audio features are extracted with a constant titep $0.5
second). Audio break frequency and the confideontdise four
audio types are taken as the five basic audio fesitu

(1) Audio Break Detection

There are always audio transitions between comaieanid
other programs or between different commercialsidié break
detection is based on our previous work on speakange
detection [7]. The audio stream is first equalljidked into sub-
segments of 3 seconds with 2.5s overlapping. Eabksegment
is further divided into non-overlapping 25ms-lomgries. Mel-
frequency Cepstral Coefficient (MFCC) and shortetienergy
are extracted from each frame. K-L distance isliagpto
measure the dissimilarity of MFCC and energy betweeery
two sub-segments.

Let D(i, j) denote the distance between ik andj-th
audiosub-segments. Thus, an audio transition breaktiscted
between i-th and {+1)-th subsegments if the following
conditions are satisfied:

D(,i+1)>D(i +1i+2),D(,i +1)>D(i -1i),D(,i +1) >Th; (5)

The first two conditions guarantee that a locakididarity
peak exists, and the last condition prevents kelbtilow peaks

frames per secondrigure 1 shows an example of these six basic from being detectedTh is a threshold, which is automatically

features and the corresponding commercial/progracungl-
truth. In the figure, A-ECR, V-ECR, A-FD and V-F&re the
corresponding values of each shot, while BFR anda&¥of
each second. This figure shows these featuredistiact from
each other for commercials and programs.
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Figure 1. Feature curves of a sample video.

However, sometimes these features sometimes arsmot
capable of distinguishing commercialSigure 2 shows another
example. Here, we cannot clearly distinguish consrabs and
general programs only by these basic features. i$hatison that
we introduce a set of context related features dleaitved from
these basic features, as to be presented latectos 2.3.

set according to the previobksuccessive distances. That is,

Th :aﬂl—iD(i—n—l i—n) (6)
N n=o

whereq is a predefined coefficient (working as an ampljfie

(2) Audio Type Discrimination

Silencehas been used in previous work [2], however, more
audio types are more helpful for commercials deiact For
example, in general, there is more background mumsigdV
commercials than other programs. In the propogstés, four
audio types are applied: speech, music, silencebaciground
sound. The classification method is based on o@vipus
research works [8][9]. The confidence of each autjjme is
taken as feature in our system, thus totally weehavfour-
dimensional feature representing audio type.

2.3 Derived Context-Based Features

As well-known, if we only watch a few seconds of But do not
know any contextual information, it is even difficfor human
being to identify whether it is a commercial blook general



program. While after watching for some more secomwds
minutes, we can then recognize it. This phenomedightens
us to use contextual information to automaticallgtidguish
commercials from general programs.

The contexts of a shot can be represented by #terés on
its neighborhoods. As shown by Figure 3, in ourlengentation,
we consider left and right neighborhoods of a steparately
instead of regard them as one neighborhood. Theihad can
eliminateboundary effectsvhen extracting features, which may
lead classification errors for the shots on the ridawies of
commercial and non-commercial blocks. The finakdiee set is
then extracted based on this contextual informai®follows.

1 Shot boundar (O currentshc (O Left neighbor ...
Figure 3. Neighborhood of current shot.

" Right neighbor

Let [s , e ]denote the start and end frame numbesufent
shotC. For convenient[sl 19.] also represents the start and end

time (in seconds) of the shot (for the time-basedfiures we
count them by time). The i{21) neighborhoods (including left
n neighborhoods, right neighborhoods and itself) 6 are then

defined as

[min(e +ok,0),e] k<O
=[n: N =1ls ] k=0 (7)
[s,min(s +ak,L)] k>0

whereL is the duration or total frame number of the T\ggram,
andez,\k\ <n, B is the time step of the neighborhoods. In

our experiments, we set= 6,andg =5.

LetS* represent the set of shots that are partiallytally
included inN*, that is

s“={c*:0sj<M*}={c :C, n N¥ 2 B} ®)

where M ¥ is the number of shots B.

The derived context-feature set is the averagesvalpasic
features ons* (for shot based features) o (for time based
features). For example, A-ECR o8 and BFR onN* are
obtained by

AECR, =+ MZkfl(ejk - s*)aECRCY) ©
lef-si) =
BFR.« :W Z BFR(J) (10)

stk

where e st is the start and end frame number of sbcjat.
BFRj) is the black frame ratio i), [+1] (counted by second).

Thus, from the 11 basic features and the abovevatem
procedure, we can getix (2n + 1) context-based features. In our

experiments, it will be a 143-dimensional feature.

3. COMMERCIAL DETECTION SCHEME
3.1 SVM-Based Classification

In Section 2, we have gatix (2n+1) dimensional feature for

each shot. To detect commercials, Support Vectochihe
(SVM) [8] is applied to classify every shot.

First a SVM classification model is trained frompee-
labeled training dataset. We then use this modeticdoshot
classification. For a shdi;, we denote the SVM classification

output a€lg(Cj), andCls(Cj)>0 indicateC; is a commercial shot.

Generally commercial shots appear in groups in the
broadcasting timeline, so as program shots. Amuneercial
and program blocks/groups appear alternately. dBasethese
observations, two post-processing rules are appligéfine the
detection results, as to be explained.

3.2 Post-processing

A series of commercial blocks and non-commerciatks can
be formed by merging consecutive commercial shatd a
consecutive non-commercial shots. However, sonwdsshre
misclassified and therefore the merged (non)comialebdocks
sometimes are not correct. As mentioned aboverneonial and
program shots appear in groups, tlaegne groupingcan be
applied to improve the classification accuracy.

It is observed that there is a big difference betwgeneral
program blocks and commercial blocks in color. Tlvoor-
based scene grouping is applied to recover therseiro the
classification procedure. That is to say, in daierscene, most
likely all shots are commercial shots or all ar@+commercial
shots. Let

Shot={C,,C,,---,C,_}, N :numberof all shots

Scene={S,.S,,"» Sy_1}» M :numberof all scenes
M-1
s ={cé.cr ek L} YN =N
k=0
represent all shots of the TV program, and the esggouping
results. The scene grouping algorithm used hesaridar to the
one in [11], while anchor person detection is esebll

The post-processing procedure by scene grouping ithe
described as follows.

(11)

(1) Scene Classification Classify each scene using the
following rule

Cls(s, SIgr{ZSlgf‘(C'S C} )] (12)

wheresign(x) is a sign function which returns 1 when

x=0and -1 whenx< 0. This rule indicates that if the
number of commercial shots & is not less than half &,

we regard this scene as commercial scene, andnasieeiit

is classified as non-commercial scene.

Merging Merge consecutive non-commercial scenes and
consecutive commercial scenes.

After applying the above rules, we obtain the abiti
(non)commercial blocks. For convenient, we stdime these
blocks commercial scenes and non-commercial scanesever,
the scene grouping result is not always corre@mesheuristic
rules are employed to further correct obvious erroffotally
there are four rules applied in our system.

)



(1) Remove Short Scenl a scene is too short, we merge it
into the shorter scene of its two neighbor scenes.

Check Long Commercial Scer@nce commercials will not
last a long period, a long (detected) commerciahecmay
possibly include a non-commercial segment. Andrntte
merged boundaries most likely lie in the boundastneen
two shotsC; and C,; if the following two constraints are
satisfied at the same tim§ {s a predefined threshold),

cls(c,)icis(c,,) <0
Cis(C,)-Cis(Ci.u) > T,
Then the scene is split at this kind of locations.
Separate Long Commercial Part in Non-Commerciah&ce
Sometimes there are several consecutive commedo@s
in a non-commercial scene. To separate them, theesis
split at the beginning and end of this long comiadngart,

if the number of the consecutive commercial shetsiger
than a threshold. (Figure 4).

)

(13)
(14)
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Figure 4. Separate Long Commercial Part in Non-Commefiaine.
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(4) Refine BoundariesThis is a user biased rule. If the user

trends to keep all non-commercial/commercial shuts,
need to check several shots in the beginning amdaén
each commercial/non-commercial scene. If a €hatf this

kind is toolong/shortand CIS(C;)) is smaller/biggerthan a
threshold, it is transferred to its closest non-cwmrtial/
commercial scene. In our experiments, we choodesép
non-commercials.

There will be some split operations on scenes énathove
processing. Please note after every split, we s&pas
commercial properties for the affected scenes maton (12),
followed by a merging operation mentioned aboveeréhare a
few thresholds in the above rules. However, expenis have
shown that the algorithm is not sensitive to them.

4. EXPERIMENTAL RESULTS

We evaluate our method on 10.57 hours of TV prognahich
includes 6.57 hours of NBC, 2 hours of ESPN2 artb@rs of
CNN. The types of the programs include news, spontvie,
entertainment and some integrated program. 1/4sgbfoeach
videos are selected for training (2.34 hours iraljotAnd we
then test our algorithm on the remaining shots3&aurs). The
evaluation results with or without post-processarg listed in
Table 1 and Table 2.

In our experiments, we suppose the application igit&
Video Recorder for home users, which prefer to ka#phe
general programs while filter out commercials te thmost. We
use recall and precision to evaluate the performaoic the
algorithm, as showed in Table 1 and Table 2.

Table 1. Evaluation results of commercials

Post-processing Total | Detect | False | Recall | Precision
Without 2.06 | 1.82 | 0.22 |88.219% 89.39%
With 2.06 | 1.89 | 0.17 [91.779% 91.65%

Table 2. Evaluation results of non-commercials

Post-processing Total |[Detect| FA | Recall | Precision
Without 6.17 | 5.95 | 0.24 |96.60% 96.08%
With 6.17 | 6.00 | 0.17 [97.729% 97.25%

From the above two tables, it can be seen thall rend
precision are very high whether for commercials rmn-
commercials. It is up to about 92% and 97%, respsy.
Table 3 shows the classification accuracy for both commésc
and non-commercials: 94% before post-processing @6ib
after it.

Table 3. Evaluation results of all TV programs

Post-processing | All Program | Correct | Accuracy
Without 8.23 7.77 94.42%
With 8.23 7.89 95.84%

5. CONCLUSION

In this paper, we have proposed a robust TV comialerc
detection approach based on learning from conteféadures.
In the scheme, each shot is firstly classified irgither
commercial or general program, and then commebdiaiks are
merged based on scene grouping and some heurigés. r
Performance evaluation on about 10.6 hours of sladaved that
our algorithm performs quite well for different kis of programs.

As future work, text information and color satusatican be
applied to enhance the accuracy of classificati®CA can be
employed to reduce the feature dimension. Morieiefft post-
processing procedures may also be adopted.
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