TV advertising commercials are a critical
marketing tool for many companies.
Their interspersion within regular broad-
cast television programming can be enter-
taining, informing, annoying or a sales
goldmine depending on one’s viewpoint.

As a result, there are two major rea-
sons for being able to detect commer-
cial segments within television broad-
casts. Interestingly, these two applica-
tions’ goals—at least indirectly—are at
odds with each other. One application
seeks to identify and track when specif-
ic commercials are broadcast.
Advertisers, in particular, like to verify
that their contracts with broadcasters
are fulfilled as promised. (The price of
a commercial depends primarily on the
popularity of the show it interrupts. The
more people who are the product’s
demographics watching that program
the better and usually the higher the
cost, e.g. the Super Bowl. Thus, the
advertiser wants to ensure that the com-
mercial ran during the Super Bowl and
not on a “That Girl” rerun at 4 am.)

The other group wants to detect
commercials for the purpose of elimi-
nating them from their recordings. This
group is viewers who want to watch
their recorded television shows without
the annoyance of commercials. Video
database maintainers would also appre-
ciate the ability to automatically edit out
commercials in stored shows and there-
by decrease storage requirements. Of
course, advertisers are strongly opposed
to such devices because that defeats the
purpose of the commercials. This article
will discuss several algorithms that have
been experimentally used to detect
commercials, as well as devices that are
currently available for this purpose.

Characteristics of commercials

The problem of detecting commer-
cials within television broadcasts is relat-
ed to several—more general—problems
in video processing. These issues
include scene break detection, video
segmentation, and video indexing and
retrieval. However, commercial seg-
ments have certain characteristics that
make them easier to identify than gener-
al video segments. These characteristics
make it possible to use detection algo-
rithms unsuitable for feature extraction
from a general video database.

First, commercials are almost always
grouped into blocks, typically consisting
of four to 10 commercials each. As
shown in Fig. 1, at the beginning and
end of each commercial block and
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between each commercial in the block,
several frames of monochrome black
are displayed. On many stations, the
observation has been that the last two to
three commercials of a block are com-
mercials promoting upcoming shows.
Also, some countries (e.g. Germany)
have laws requiring that every commer-
cial block begin

product in the viewer’s mind, the last
few seconds of many ads consist of

“still” shots of the product or slogan.
Other characteristics beyond the
visual information are often present as
well. The most noticeable characteristic,
and the one most irritating to viewers,
is the tendency of broadcasters to
increase the

with a standard
“commercial block
introduction”
sequence according
to Lienhart et al.
Many television stations also have
a practice of displaying a network
logo in the corner of the screen dur-
ing regular programming and then
removing this logo during commer-
cial breaks. Within a given television
series, all episodes generally have
commercial breaks scheduled at
approximately the same time in the
episode. Also, many commercials are
repeated on a frequent basis, particu-
larly for a
given station.
Several
other charac-
teristics relate
to the individ-
ual commer-
cials. The dura-
tion of individ-
ual commer-
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Another
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to the pres-
ence of
commercials
is that the
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cials is short,

delimiting

almost always

less than ninety seconds, and typically
it is an integer multiple of fifteen sec-
onds. To capture viewers’ attention in
the small amount of time available to
convey a4 message, commercials tend to
be high in “action,” typified by a high
number of cuts between frames among
other things. (Lienhart et al noted that
the average “hard” cut rate in a sample
of 200 commercials from German televi-
sion was 20.9 cuts per minute, while
the rate in the accompanying movie
clips was only 3.7 cuts per minute.)
There are usually a large number of
frames with text containing the product
or company’s name. Also, to leave the

Show

Commercial Intro?

0278-6648/04/$20.00 © 2004 IEEE

|Ad1 |Ad2| Ad n

Fig. 1 Structure of typical commercial block

black frames
at the beginning and end of commer-
cials are accompanied by silence in the
audio track. Also, the dialogue on the
audio track generally contains the prod-
uct or company’s name. Finally, when
closed captioning is available for a tele-
vision show, it is generally discontinued
during commercial breaks.

No currently proposed detection
algorithm utilizes all of these clues.
Most algorithms, however, detect vari-
ous combinations of them in order to
improve detection rates.

Detection schemes
There are two main categories of

Show

Station Promo?

ODIGITALVISION



methods used to detect commercials.
Feature-based detection relies on gener-
al characteristics of commercials to detect
their presence. Any of the commercial
characteristics mentioned earlier could be
used to indicate the (possible) presence
of a commercial. Recognition-based
detection attempts to identify individual
commercials in the broadcast as match-
ing commercials it has already learned.

Black frames and silences

The most common characteristics
used in commercial detection are the
delimiting black frames and silences. In
locating black frames, the simplest

>= 6 black
frames

<= 90 sec

>=3 distinct
commercials

Fig. 2 Commercial block definition
(adapted from [Sadlier 2002])

method is to look at the average inten-
sity value of the pixels in the image.
The average intensity is determined eas-
ily in the analog domain [Hurst] and is
the basis for most current commercial
applications. The determination that a
given frame is “black” is based on the
average being below a pre-determined
threshold value. Improved black frame
detection can be accomplished by
requiring that the standard deviation of
the intensity values also be below a
threshold according to Lienhart et al.
Some work has also been done by
Sadlier et al regarding a method to
detect black frames in an MPEG-encod-
ed bit stream, without the computation-
al cost of decoding.

Silent audio frames may similarly be
detected by examining the average vol-
ume level on the audio track. Most
applications couple these two functions
to decrease the likelihood of a false
detection of a black frame or the detec-
tion of an irrelevant black frame within
a program. By this rule, a black frame is
only detected if it is accompanied by a
silence. To further reduce the chance of
a random black frame detection, most
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algorithms require that a certain num-
ber of consecutive black frames be
detected together, usually five or six.

Once black frames can be reliably
detected, the timing aspects of the com-
mercial breaks can be exploited. Two
black frame series detections may indi-
cate a commercial segment is between
them. Most algorithms establish a maxi-
mum time between black frame
sequences for a segment to be consid-
ered a possible commercial. If the time
between black frame sequences is
greater than this, the segment is consid-
ered to be part of the program. The
algorithm proposed by Sadlier et al sets
this maximum commercial length at
ninety seconds (2250 frames at 25
frames per second). This algorithm also
looks at how many consecutive com-
mercial segments occur to determine if
the candidate commercial is in fact part
of a commercial block. It requires that
if a potential block does not contain at
least three individual commercials, then
it must be part of the program. (That is,
if at least four black frame sequences
occur with a maximum separation
between each of ninety seconds, it is
classified as a commercial break.)

Using 10 broadcast clips, Sadlier et al
evaluated the algorithm (Fig. 2). The
total amount of time was 315 minutes
and included various genres such as
sports, news and talk shows. The 10
broadcast clips contained a total of 11
commercial breaks as determined by
human inspection. The algorithm detect-
ed all 11 commercial breaks, and none
of the programming content was missed.

However, the algorithm did fail to
detect parts of the last commercial in
some of the blocks, incorrectly includ-
ing them with the programming instead.
Still, the algorithm performed reason-
ably well. Calculation of a performance
measure called “recall,” which is the
percentage of commercial time correctly
identified as such, showed that only
one of the 11 clips had a recall rate
below 85%. Eight of the clips had a
recall rate greater than 98%.

High cut rate and action

Another characteristic used in feature-
based detection is the high cut rate typi-
cally observed in commercials. The
problem of determining the cut rate of a
video segment is basically the same as
the problem of determining shot
changes (where the video switches from
one shot to another). Once shot changes
have been located, determining the cut

rate is merely a matter of counting.

A number of methods have been
proposed to locate shot changes, most
use statistics on differences in the color
histogram from one frame to the next.
Another method proposed by Wen et al
uses a wavelet-based distance metric to
quantify the difference between two
frames and identify cuts.

One algorithm for using the cut rate
in commercial detection, proposed by
Lienhart et al, had two basic rules: 1) a
candidate sequence must have a cut
rate above five cuts per minute for its
entirety, and 2) the cut rate must go
above 30 cuts per minute at some
point. This algorithm had a recall rate
of 93.43% and a false detection rate of
0.09%, confirming the suitability of
using strong hard cuts as a pre-filter for
commercial blocks.

Some algorithms incorporate other
editing techniques used frequently in
commercials, such as fades and dis-
solves, to indicate the possible presence
of commercials. Lienhart’s group uses
two additional metrics related to the
high level of action in commercials.
First, the “edge change ratio” describes
the number of edge pixels (as found by
an edge detection algorithm) entering
and leaving a frame. The second metric,
called motion vector length, describes
the motion of objects in the image. It is
similar to the motion vectors calculated
in MPEG encoding. Detection methods
based on these two metrics both had
recall rates around 96% when used on
their test database.

Naturally, feature-based detection is
most effective when multiple character-
istics are considered together. Lienhart
et al created a combined system that
has two steps. First, the black frame
sequence detector and the cut-rate
detector are used to find candidate
commercial segments. Then those can-
didate segments are passed to the
action detectors (edge change ratio and
motion vector length) to find the exact
commercial block limits. The advantage
of this two-step system is that the more
computationally expensive operations
can be reserved for the second step.

Recognition-based methods
Recognition-based detection methods
are specialized video database systems
that maintain a database of known com-
mercials. To determine if the current
segment of a television broadcast is a
commercial, the segment is compared to
known commercials using a query-by-
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example type operation. If a match is
found, then the segment is almost cer-
tainly a commercial (depending on the
precision of the matching algorithm).

Because of the computational
expense involved in searching through
a video database, most recognition-
based algorithms use at least a simple
feature-based detector—as a pre-selec-
tor—to determine candidate video seg-
ments, i.e. a shot segmentation algo-
rithm or a black frame sequence detec-
tor. Their purpose is to determine the
start point for the video segment to be
sent to the database. Since the black
frames or cuts are already being located
for that purpose, it is convenient to
look at their timing to perform a fea-
ture-based pre-selection.

Recognition-based systems are sus-
ceptible to problems in matching a seg-
ment from a broadcast to the same one
in the database because of the variations
caused by irregularities in the broadcast.
Color levels of the same commercial can
vary from station to station. Also, com-
mercials are sometimes edited to short-
en their length, which make them some-
what more difficult to match. Thus, any
recognition-based system must be flexi-
ble enough in its search algorithm to
allow for such variations. There is some
evidence that, because of broadcasting
variations, the color histogram tech-
niques that are prevalent in video data-
base indexing may not be ideally suited
for recognizing commercials. The
wavelet-based approach of Wen et al
and the gradient method of Hampapur
and Bolle are examples of algorithms
that use non-color based indices to
overcome this problem.

The recognition-based algorithm
proposed by Lienhart et al uses a data-
base-matching scheme that can match
subsequences within video segments.
This ability makes it possible to recog-
nize edited commercials. This algorithm
searches the database in two steps. The
algorithm uses an index of color coher-
ence vectors (CCV). These vectors are
like color histograms but give some
spatial information by indicating how
many pixels are contained in “mono-
chromatic” regions in the image.

As shown in Fig. 3, Lienhart et al
used a sliding window to indicate the
segment of the current broadcast to
send to the database for a possible
match. In the first step, a window of L
seconds is compared to the first L+S
seconds of the commercials in the data-
base. If a potential match is found in
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the database, the
comparison win-
dow is expanded to
the full length of

scene breaks
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step in this algo-
rithm is markedly
shorter than a
search using the
entire commercial.
This first step
weeds out enough
non-matches to
provide a net
decrease in computation time even
though two searches are required to
detect a  single commercial.
Experimentally, this algorithm correctly
identified all 125 commercials in three
hours of video when given a 200 com-
mercial database in which to search. On
average, the beginning and end frames
of the commercials were detected to
within 5 frames of the actual.

Recognition-based systems face the
drawback that commercials must be
known (and indexed in the database)
before they can be recognized in a
broadcast. There are three possible
modes of operation that have been pro-
posed to accomplish this necessary
commercial “learning.” First, the user
could indicate to the algorithm when a
new commercial is encountered. The
system would then store that new com-
mercial in the database. Second, com-
panies could compile databases of the
most frequently aired commercials and
sell such databases to users. The third,
most useful, option is for the system to
automatically learn new commercials as
it encounters them.

Lienhart et al proposes a system for
such automated commercial learning. Tt
assumes that most commercials are
already known. New commercials are
entered into the database if they are
surrounded by two previously known
commercials (and are less than ninety
seconds). Of course, this method will
tend to miss ads such as station promos
that generally appear at the end of
commercial blocks.

One interesting area of possible future
research—suggested by Del Bimbo and
Colombo—is trying to use a recognition-
based approach that recognizes not only
pre-indexed commercials, but also com-
mercials that have some semantic con-

stored commercial 2

stored commercial n

<L +Ssec—>

Fig. 3 First step of recognition-based algorithm proposed by
Lienhart et al. (adapted from [Lienhart 1997])

nection to previously learned commer-
cials. Obviously, this area will benefit
greatly from the ongoing research in the
area of video databases.

Applications

As noted, there are two major areas
of application for commercial detection
algorithms: “commercial trackers” and
“commercial killers.” Commercial track-
ers are designed to automatically audit
the broadcast of commercials so adver-
tisers can verify fulfillment of their “air
play” contracts. Clearly, this application
must use recognition-based methods
because specific commercials are being
sought out. If feature-based indicators
are used within such recognition-based
devices, it is desirable to adjust any
threshold values to minimize false nega-
tives. This way the chance of missing
commercials will be minimal. (The cor-
responding increase in false positives—
i.e. missed program time—will be coun-
teracted with the recognition-based por-
tion of the algorithm.)

Commercial killers try to remove
commercials from the recordings so that
viewers do not have to watch them on
playback. Devices for this purpose start-
ed showing up in the mid-90s. Today,
most major VCR brands offer an option,
generally called “Commercial Advance,”
to do this. All the major brands rely on
the same technology, which was devel-
oped by Iggulden in 1994. The algo-
rithm is a simple one based on detect-
ing black frame sequences and analyz-
ing the timing between them. As a
broadcast is recorded on the VCR, it
keeps track of when the black frames
occur. When the recording stops, it per-
forms the necessary computations to
determine where the commercial blocks
are. This information is then encoded
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on the videotape. When the tape is sub-
sequently viewed, the VCR automatical-
ly fast-forwards past commercial blocks.

The digital video recorder (DVR)
made by ReplayTV uses a similar algo-
rithm. According to their statistics, the
algorithm has been observed to elimi-
nate 96% of commercials under con-
trolled test. They acknowledge that in
real world use the success rate can be
significantly lower, between 70% and
90%. Most DVR systems produced by
other manufacturers offer a simple
“Skip Forward” option that fast forwards
by a fixed amount of time—generally
set at 30 seconds—to allow the user to
skip past commercials without actually
having an automated system to detect
them. This controversial feature has
recently caused friction between DVR
users and media companies’ executives
according to USA Today.

The use of a Commercial Advance
option on DVRs is much more natural
than on VCRs. First, DVRs have much
more functionality than VCRs. Also, the
digital nature of DVRs means the fast
forwarding is instantaneous.

Limitations

We see the research efforts reported
in this article as early experimental
works. A significant amount of addition-
al effort will be required before they
turn into robust commercial solutions.
There are two main types of limitations:

e Legal/commercial, since develop-
ments in this field—particularly in the
“commercial killers” category—will
potentially aggravate the ongoing bat-
tles between content providers and
consumers/viewers.

e Technical, since many of the pro-
posed algorithms need to be enhanced
and tested against much bigger and
more diverse databases before being
fully deployed and used on a large scale.

Advertisers and broadcasters have
been pushed to change their methods—
especially after the popularization of
DVRs such as TiVo and their “skip com-
mercials” capabilities—and have reacted
in many different ways. Some TV execu-
tives threaten to raise cable and satellite
costs as much as an additional $250
(USD) per year (see http://www.techtv.
com/news/computing/story/0,24195,3391
766,00.html) to make up for revenues lost
to skipped ads. Others may be looking at
how they can learn from studies on view-
ers’ habits in terms of which ads they skip
and which they don’t. For example, the
recent TiVo Commercial Viewing Report
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shows that users tend to skip commer-
cials in comedies and general drama pro-
grams. But they will watch ads in reality
TV, news and event programs. (see
http://www.pcworld.com/news/arti-
cle/0,aid,111015,00.asp). Yet, others claim
that ads should be embedded in the main
program itself (in a banner-like format).
Developments in this arena may lead
to interesting, additional work in video
analysis (e.g., automatic detection of pro-
gram genre to activate/deactivate com-
mercial skipping features, or automatic
techniques for detection and removal of
banner ads). With the switch to digital
television devices, it should be much eas-
ier to implement the commercial detec-
tion algorithms discussed here in cost-
efficient devices for home use. These
devices also should perform much better.
Of course, advertisers need their com-
mercials to be seen. Thus, broadcasters
will want to make any possible program-
ming changes to defeat such devices. So
the end line on detection algorithms
research keeps getting pushed forward.
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